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Abstract

Industrial steel property prediction is often constrained by limited labelled data, reduc-
ing the effectiveness of conventional machine learning models. This study investigated
whether metallurgy-informed feature engineering enhances predictive performance under
small-data conditions. A representative set of 300 samples from an industrial low-carbon
hot-rolled steel strip dataset (C: 0.02-0.06 wt%; Mn: 0.17-0.38 wt%) was used to derive
five physically meaningful descriptors: carbon equivalent (CE), nitrogen-to-aluminum
ratio (N/Al), microalloying efficiency index (MEI), thermal processing parameter (TPP),
and solid solution strengthening index (SSSI). These descriptors were combined with the
original 17 compositional and processing variables to create a 22-feature dataset. Random
Forest (RF) and Extreme Gradient Boosting (XGBoost) models were evaluated on an inde-
pendent 60-sample test set using 5-fold cross-validation. Feature engineering improved
the prediction accuracy, with the greatest gain observed for elongation. For XGBoost, the
mean percentage error decreased from 3.23% to 3.05%, whereas the test-set R? increased
from 0.4935 to 0.5444, representing a 10.3% improvement in the explained variance. For the
yield strength, the Random Forest method increased the R? from 0.4744 to 0.4861. Permuta-
tion importance and partial dependence analyses identified MEI and TPP as the six most
influential predictors across all targets, confirming that the engineered descriptors provide
complementary metallurgical information. Learning curve analysis showed slightly higher
cross-validation R? values at intermediate training sizes (n = 125-175), indicating modestly
improved sample efficiency. These findings establish domain-informed feature engineering
as an interpretable and practical strategy for improving machine learning in data-limited
steel manufacturing processes.

Keywords: random forest; extreme gradient boosting; permutation importance; partial
dependence plots; physics-informed descriptors; industrial dataset

1. Introduction

Predicting the mechanical properties of hot-rolled steel strips based on their chemical
composition and thermomechanical processing parameters remains a challenge in steel-
making [1,2]. Low-carbon hot-rolled steel strips are widely used in automotive body and
structural components, general construction, pipe manufacturing, and consumer goods
applications, highlighting the industrial value of accurate and interpretable property pre-
diction [1]. Machine learning (ML) has emerged as a powerful approach for this task, with
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feedforward neural networks [1], gradient-boosted trees [3], support vector regression [4],
and, more recently, interpretable ensemble models combined with explainable-Al meth-
ods [5] achieving practically useful prediction errors below 5% for yield strength (YS),
ultimate tensile strength (UTS), and elongation (EL) in industrial datasets of moderate size.
A critical yet underexplored challenge in this field is the limited dataset sizes. Industrial
steel property databases are expensive to generate because each sample requires a full
production trial, chemical analysis of numerous alloying elements, and standardized me-
chanical testing performed as part of the mill’s routine industrial quality-control procedure.
Consequently, many industrial datasets contain fewer than 300-400 labelled samples [1,6,7].
Under these conditions, high-dimensional feature spaces, particularly those comprising 17
or more raw compositional variables, increase the risk of overfitting and model instability
while reducing the performance advantage of more complex learning algorithms [8,9].
Two established strategies can mitigate the small-data problem: (i) regularization and
cross-validation during model development and (ii) feature engineering, which reduces
the effective dimensionality while preserving physically meaningful information. The
latter approach, adopted in this study, offers the additional benefit of generating inter-
pretable composite descriptors with direct metallurgical significance, thereby improving
communication between data scientists and process engineers [10,11].

Feature engineering has long been used in empirical physical metallurgy. The carbon
equivalent (CE), originally developed to estimate hardenability and weldability, condenses
compositional information into a physically meaningful scalar [12]. Similarly, the strength-
ening indices derived from Pickering’s solid-solution model [13] combine the contributions
of multiple substitutional alloying elements into a single descriptor, representing their
collective strengthening effect. The nitrogen-to-aluminum ratio reflects the tendency for
AIN precipitation, which influences austenite grain boundary pinning [14]. Although
these descriptors are widely used in metallurgical analyses, they have rarely been ex-
plicitly incorporated as input features alongside the original compositional variables in
machine-learning models.

This study aims to address this issue. Using 300 representative samples selected
from the industrial low-carbon hot-rolled steel database originally described by Tiwari
et al. [1], we (i) constructed five physically motivated composite descriptors; (ii) evaluated
whether augmenting the original 17-feature set improved the Random Forest (RF) and
Extreme Gradient Boosting (XGBoost) predictions of YS, UTS, and EL using an independent
60-sample test set; (iii) assessed sample efficiency through learning curve analysis; and
(iv) interpreted the contribution of engineered descriptors using permutation importance
and partial dependence plots (PDPs). Three hundred representative samples were deliber-
ately selected rather than using the full 435-sample database to represent the practically
common scenario of limited industrial data, making the findings directly relevant to steel
plants in the early stages of data collection. Although the industrial database used in this
study originates from a previously reported study [1], which employed a feedforward
neural network on the complete 435-sample dataset to optimize the network architecture
and predict mechanical properties, the present investigation focuses on physics-informed
feature engineering and interpretable machine learning under data-limited conditions—
topics not addressed in the earlier work. Using 300 representative samples, we investigated
whether metallurgically derived composite descriptors could improve predictive accu-
racy, sample efficiency, and model interpretability. Therefore, the objective is descriptor
discovery and validation of physics-informed feature engineering rather than neural net-
work architecture optimization, with the emphasis shifting from algorithm comparison to
descriptor design.
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2. Materials and Methods

This section describes the industrial dataset, construction of the five physically moti-
vated engineered descriptors, and machine learning models and evaluation procedures
used to assess their impact on predictive performance.

2.1. Dataset

The full dataset originates from an industrial-academic collaboration with Tata Steel,
Jamshedpur, India, and comprises 435 observations of low-carbon hot-rolled steel strips
with 17 input variables (15 alloying elements together with finish rolling temperature (FRT)
and coiling temperature (CTT)) and three target mechanical properties (YS, UTS, and EL) [1].
In this study, 300 representative samples were drawn using stratified random selection
(random seed = 99) to simulate a realistic, limited-data industrial scenario. This selected
dataset preserved the statistical characteristics of the full database, with mean values of
290.3 MPa versus 290 MPa for YS, 357.7 MPa versus 357 MPa for UTS, and 40.0% versus 40%
for EL, confirming that the stratified selection did not introduce a systematic bias relative to
the complete 435-sample database. The mechanical properties of all samples were obtained
by standardized tensile testing of coil samples as part of the mill’s industrial quality-
control procedure, and the steel grade considered here is representative of low-carbon
hot-rolled strips used in automotive, structural, and general engineering applications. The
300 samples were then split into 240 for training and 60 for testing (80/20 ratio) using a
second independent fixed random seed (seed = 42) to ensure that the split was exactly
reproducible. Table 1 lists the original 17 input features.

Table 1. Original input features (17) and output properties of the 300-sample dataset. The values
were reproduced from Tiwari et al. Adapt form Ref. [1].

Parameter Min Max Mean Std
Al (Wt%) 0.021 0.065 0.043 0.011
AIS (Wt%) 0.020 0.063 0.041 0.010
C (wt%) 0.020 0.060 0.040 0.008
Cr (wt%) 0.014 0.039 0.026 0.006
Cu (wt%) 0.005 0.012 0.008 0.002
Mn (wt%) 0.170 0.380 0.275 0.052
Mo (wt%) 0.001 0.003 0.002 0.001
N (ppm) 26 58 42 8
Nb (wt%) 0.000 0.004 0.002 0.001
Ni (wt%) 0.008 0.018 0.013 0.002
P (wt%) 0.007 0.024 0.015 0.004
S (Wt%) 0.003 0.020 0.011 0.004
Si (wWt%) 0.004 0.028 0.016 0.006
Ti (Wt%) 0.000 0.003 0.001 0.001
V (wt%) 0.001 0.002 0.001 0.0004
FRT (°C) 850.23 901.14 875.68 12.73
CTT (°Q) 570 650 610 20.41
YS (MPa) 242 338 290 24.12
UTS (MPa) 317 397 357 20.15
EL (%) 34 46 40 3.02

2.2. Engineered Feature Construction

Five composite features were constructed from the original inputs based on established
physical metallurgy relationships. Each descriptor is physically motivated, dimensionally
consistent, and computed from features already present in the dataset, requiring no addi-
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tional experimental measurements. The equations, physical basis, dataset, and ranges for
all engineered descriptors are summarized in Table S1 (Supplementary Materials).

2.2.1. Carbon Equivalent (CE)

The carbon equivalent was computed using the International Institute of Welding (IIW)
formula adapted for low-alloy steels: CE =C + Mn/6 + (Cr + Mo + V)/5 + (Ni + Cu) /15 [12].
CE provides a single-valued summary of the combined hardenability contribution of all
substitutional strengthening elements, normalized to the equivalent carbon-strengthening
effect. For the present low-carbon steel family, the CE content ranged from 0.062 to
0.125 wt% (mean = 0.094 wt%). CE is widely used in welding codes and structural standards
because it captures the synergistic composition-hardening relationship that individual
elemental features encode separately. The CE was originally developed for weldability and
hardenability assessment; here, it is used as an empirical, composition-based descriptor for
the machine learning models rather than as a direct predictor of weldability.

2.2.2. Nitrogen-to-Aluminum Ratio (N /Al Ratio)

The molar ratio of dissolved nitrogen to total aluminum was computed as N (ppm)/ (Al
(wt%) x 10,000), where the denominator converts Al to an equivalent ppm. This ratio
governs the tendency of AIN precipitation during hot rolling and subsequent cooling.
When N/Al > approximately 0.045 (stoichiometric ratio), excess nitrogen is more likely to
remain in the solid solution, where it can act as a solid-solution strengthener. When N/ Al
< 0.045, aluminum is in excess and tends to bind nitrogen as AIN dispersoids. Aluminum
is added to these steels as a deoxidizer and grain refiner and has a strong affinity for
nitrogen; under Al-rich conditions, fine AIN particles can precipitate and pin austenite and
ferrite grain boundaries (Zener pinning), promoting grain refinement and contributing
to strength through the Hall-Petch relationship while reducing the nitrogen available
for solid-solution strengthening [14]. Therefore, the N /Al ratio reflects the competition
between grain boundary pinning and interstitial strengthening mechanisms, both of which
contribute to the YS.

2.2.3. Microalloying Efficiency Index (MEI)

Niobium, titanium, and vanadium are microalloying elements that strengthen through
precipitation and recrystallization retardation, but with substantially different efficiencies
per unit weight. Based on the published strengthening coefficients for low-carbon ferritic
steels [15], the MEI was defined as follows: MEI = 3000 x Nb + 1500 x V + 1000 x Ti
(MPa); here, the coefficients represent the approximate YS contributions per wt% within
the relevant compositional range. The MEI is an empirical, composition-based index
used to combine the microalloying variables into a single physically motivated descriptor
for the machine learning models, rather than a direct measurement of their individual
strengthening contributions. The MEI ranged from 2.08 to 16.94 MPa across the dataset
(mean = 8.64 MPa), capturing the combined microalloying potential as a single descriptor
of the MEL

2.2.4. Thermal Processing Parameter (TPP)

A single thermal severity index was defined to capture the combined effect of the finish
rolling temperature and coiling temperature on grain coarsening and strength reduction:
TPP = 0.5 x (FRT — 850) + 0.3 x (CTT — 570). The coefficients 0.5 and 0.3 reflect the
relative sensitivity of the ferritic grain size to the FRT and CTT, respectively, estimated from
published parametric studies on similar steels [1,16-18]. TPP is an empirical index that
combines the FRT and CTT using these coefficients. It is intended as a compact descriptor of
relative thermal severity for use as a model input, rather than a direct physical measurement
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of thermal exposure or grain coarsening severity. Higher TPP values correspond to greater
total thermal exposure and are expected to correlate negatively with YS through Hall-
Petch grain coarsening. The TPP ranged from 0.38 to 45.75 (mean = 25.5), with a Pearson
correlation of —0.348 with the YS.

2.2.5. Solid Solution Strengthening Index (SSSI)

Based on Pickering’s empirical strengthening model for low-carbon ferritic steels [13],
the SSSI was computed as SSSI = 5500 x N (wt%) + 37 x Mn + 83 x 5i+ 39 x Cu+31 x C,
where N is converted from ppm to wt% (N (wt%) = N (ppm)/1,000,000). The coefficients
represent the published solid-solution strengthening contributions (MPa per wt%) for each
element in the body-centered cubic iron matrix. The SSSI is an empirical, composition-based
index used as a physically motivated descriptor of solid-solution strengthening potential
rather than a direct measurement of strengthening. The SSSI ranged from 8.25 to 17.26 MPa
(mean = 12.98 MPa).

2.3. Machine Learning Modelling and Evaluation

Two tree-based ensemble algorithms, Random Forest (RF) and Extreme Gradient
Boosting (XGBoost), were selected because of their strong performance on structured tabu-
lar regression problems, particularly under small-to-medium dataset conditions [8,19]. RF
was trained using 300 estimators with max_features = sqrt, whereas XGBoost employed
400 estimators, max_depth = 4, a learning rate of 0.05, subsample = 0.8, and colsam-
ple_bytree = 0.8. Separate models were developed for each mechanical property (YS, UTS,
and EL) using both the original 17-feature and expanded 22-feature datasets, resulting in
12 different model configurations. Feature scaling was not applied because both algorithms
were insensitive to the monotonic feature transformations.

The model performance was evaluated using a fixed 240/60 train—test split, corre-
sponding to the commonly adopted 80/20 ratio for small data sets. The test set performance
was quantified using the mean percentage error (MPE), root-mean-square error (RMSE),
coefficient of determination (R?), and mean absolute error (MAE). The generalization capa-
bility was assessed using 5-fold cross-validation for all 300 samples. To evaluate the sample
efficiency, learning curves were generated by progressively increasing the training size
from 15% to 100% of the training set while recording both the training and cross-validation
R?. The interpretability of the model was investigated using permutation importance and
partial dependence plots (PDPs). Permutation importance was calculated on the test set
using 30 random permutations per feature, with feature importance measured as the mean
decrease in R?. PDPs were generated for the six most influential predictors identified
by permutation importance for each target, chosen to keep the interpretability analysis
focused and readable, as most of the remaining features in the 22-feature set showed
near-zero importance. Using the training dataset, the PDPs provide a visual representation
of the marginal effect of each feature on the predicted yield strength while averaging the
remaining variables [20].

3. Results

This section reports the test set performance of the original and engineered feature sets,
followed by learning curve, permutation-importance, partial-dependence, cross-validation,
and correlation analyses to characterize the contribution of the engineered descriptors to
model performance and interpretability. Exact numerical results are reported in tables for re-
producibility and cross-study comparison, followed by figures showing the corresponding
visual results of the study.
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3.1. Test-Set Performance of Original and Engineered Feature Sets

Table 2 reports the predictive performance of Random Forest (RF) and Extreme Gradi-
ent Boosting (XGBoost) using the original 17-feature and engineered 22-feature datasets
for yield strength (YS), ultimate tensile strength (UTS), and elongation (EL). All models
achieved mean percentage errors (MPEs) below 3.5%, demonstrating robust predictive accu-
racy despite the limited dataset size used for training the models. XGBoost with the original
feature set provided the highest accuracy for UTS (MPE = 2.15%, R? = 0.4051), whereas
RF with the engineered feature set provided the best performance for YS (MPE = 2.54%,
R? = 0.4861). Feature engineering had the greatest impact on elongation prediction. For
XGBoost, the MPE rate decreased from 3.23% to 3.05%, whereas the test-set R? increased
from 0.4935 to 0.5444, corresponding to a 10.3% improvement in explained variance. RF
also showed improved EL prediction, with R? increasing from 0.4167 to 0.4620. For YS, engi-
neered features produced a modest improvement for RF (R?: 0.4744 to 0.4861), whereas the
performance of XGBoost remained essentially unchanged. In contrast, the UTS predictions
showed only minor differences between the original and engineered feature sets, indicating
that the original compositional variables captured most of the information governing the
tensile strength.

Table 2. Test-set performance metrics (60 samples) for RF and XGBoost using the original (17 features)
and engineered (22 features) datasets.

Model Features Target MPE (%) RMSE R? MAE
Random Forest Original (17) YS 2.573 9.476 04744 7.414
Random Forest Original (17) UTS 2.199 9.430 0.3396 7.948
Random Forest Original (17) EL 3.410 1.666 0.4167 1377

XGBoost Original (17) YS 2.649 9.202 0.5044 7.632
XGBoost Original (17) UTS 2.151 8.950 0.4051 7.767
XGBoost Original (17) EL 3.233 1.552 0.4935 1.305
Random Forest  Engineered (22) YS 2.539 9.370 0.4861 7.298
Random Forest  Engineered (22) UTS 2.186 9.209 0.3701  7.899
Random Forest  Engineered (22) EL 3.291 1.600 0.4620 1.328
XGBoost Engineered (22) YS 2.582 9.238 0.5005 7.428
XGBoost Engineered (22) uTs 2.168 9.373 0.3476  7.827
XGBoost Engineered (22) EL 3.049 1.472 0.5444 1.227

The best value for each target property is highlighted in bold. For comparison, the source study [1]
reported MPE values of 4.44%, 3.54%, and 4.84% for YS, UTS, and EL, respectively, using the complete
435-sample dataset.

In Figure 1, we compare the predicted and measured mechanical properties of the
XGBoost model trained using the engineered feature set. Predictions for all three properties
were closely distributed around the line of perfect agreement, with most samples lying
within the £5% error band. The relatively tight clustering is consistent with the quantitative
performance metrics presented in Table 2. The model evaluation metrics are listed in
Table S2 (Supplementary Materials).

In Figure 2, we compare the test set R? values obtained using the original and engi-
neered feature sets. The engineered descriptors consistently improved the RF performance
across all three properties, with the largest increase observed for EL (+0.045). For XGBoost,
the principal benefit was also obtained for EL (+0.051), whereas the changes in YS (—0.004)
and UTS (—0.058) were comparatively small. These results indicate that the engineered
descriptors provide the greatest benefit for properties governed by multiple interacting
strengthening mechanisms, particularly in terms of elongation.
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Figure 1. Predicted versus measured mechanical properties for the XGBoost model using the en-
gineered 22-feature dataset on the 60-sample test set: (a) yield strength (YS), (b) ultimate tensile
strength (UTS), and (c) elongation (EL). The red dashed line represents perfect agreement, and the
orange shaded bands indicate a 5% prediction error.
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Figure 2. Test-set R? comparison between the original (17 features) and engineered (22 features)
datasets for RF and XGBoost across (a) YS, (b) UTS, and (c) EL. AR? values above each bar pair
indicate the effect of feature engineering; green indicates improved performance, whereas red

indicates reduced performance.

3.2. Learning Curve Analysis

A learning curve analysis was performed to evaluate model generalization and sample
efficiency as the training set size increased. In Figure 3, we compare the learning curves
of XGBoost trained using the original and engineered feature sets for yield strength (YS),
showing the training R? and 5-fold cross-validation (CV) R? as functions of the training set
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size. Both feature sets exhibited the characteristic behavior of small-data learning: training
R? remained close to 1.0 across all training sizes, reflecting the high fitting capacity of
XGBoost, whereas CV R? increased rapidly at small training sizes before approaching a
stable plateau as more samples were incorporated.

(a) Learning Curve — XGBoost (b) Learning Curve — XGBoost
Original (17 feat.) Engineered (22 feat.)

1.0 1.0

0.8 1 0.81

0.6 0.6
o o
- L
] ]
o O
] ]
% 0.4 % 0.4

0.2 0.2

0.01 —e— Training R? 0.0] —e— Training R?

’ —=— CV R2 (5-fold) ’ —=— CVRZ (5-fold)
50 75 100 125 150 175 200 225 250 50 75 100 125 150 175 200 225 250
Training Set Size Training Set Size

Figure 3. Learning curves for XGBoost prediction of yield strength (YS) using (a) the original 17-
feature dataset and (b) the engineered 22-feature dataset. The solid lines represent the training R?,
the dashed lines represent the 5-fold cross-validation (CV) R?, and the shaded regions indicate 41
standard deviation across the CV folds. The engineered feature set achieved a marginally higher
CV R? at intermediate training sizes (n = 125-175), with both feature sets converging to comparable
plateau values beyond n = 175.

For the original 17-feature set (Figure 3a), CV R? increased from approximately 0.13
at n = 36 to approximately 0.35-0.40 between n = 75 and n = 125, before stabilizing at
approximately 0.42-0.44 from n = 175 onwards. The engineered 22-feature set (Figure 3b)
followed a similar trend, beginning at a slightly higher CV R? (approximately 0.16 at
n = 36), reaching approximately 0.45 at n = 150, and converging to a comparable plateau of
approximately 0.42-0.44 beyond n = 175. Both feature representations achieved a similar
asymptotic CV R?, indicating that the engineered descriptors did not substantially alter
the predictive limit imposed by available data. However, the engineered feature set
consistently attained slightly higher cross-validation R? values at intermediate training
sizes (n = 125-175), suggesting a modest improvement in sample efficiency within the
most practically relevant data-limited regime. The persistent gap between the training R?
(~1.0) and CV R? (~0.42-0.44) highlights the importance of cross-validation in assessing
generalization performance when training data are limited.

3.3. Permutation Feature Importance

Permutation importance analysis was performed for the XGBoost model using the
engineered 22-feature dataset to quantify the contribution of each predictor to the model
performance (Figure 4). Feature importance was measured as the mean decrease in R? over
30 random permutations, with error bars representing +1 standard deviation. The results
revealed a consistent importance hierarchy across the three target properties, highlighting
the target-specific contributions of engineered descriptors. Nitrogen was expected to rank
highly because it contributes through direct interstitial solid-solution strengthening and
AIN precipitation/grain-boundary pinning (Section 2.2.2). Despite its low concentration
(26-58 ppm), nitrogen can have a strong strengthening effect because interstitial solutes
interact strongly with the dislocations. For YS (Figure 4a), nitrogen was the dominant
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predictor, with a mean decrease in R? of approximately 0.35, more than four times that of
the second-ranked feature.

(a) Permutation Importance — YS (b) Permutation Importance — UTS (c) Permutation Importance — EL
N (ppm) A N (ppm) 1 A N pem) 1 I
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Figure 4. Permutation importance for the XGBoost model using the engineered 22-feature dataset for
(a) yield strength (YS), (b) ultimate tensile strength (UTS), and (c) elongation (EL) prediction. Feature
importance was expressed as the mean decrease in R? over 30 permutations.

Nb ranked second, followed by the engineered thermal processing parameter (TPP),
finish rolling temperature (FRT), microalloying efficiency index (MEI), and carbon equiva-
lent (CE). The presence of TPP, MEI, and CE among the highest-ranked predictors demon-
strates that these engineered descriptors provide complementary information beyond the
original variables of the study. In contrast, AlS exhibited a slightly negative permutation
importance, indicating that it contributed little independent information owing to its strong
collinearity with Al. For UTS (Figure 4b), N again ranked as the most influential predictor
(approximately 0.33), followed by CE (approximately 0.09), confirming that the carbon
equivalent is the most important engineered descriptor for tensile strength prediction. Car-
bon (C), TPP, CTT, and FRT also made positive contributions. In contrast, Nb ranks among
the least important features, whereas both MEI and the N/ Al ratio exhibit slightly nega-
tive permutation importance, suggesting that these descriptors provide limited additional
information once the dominant compositional and processing variables are considered.
For EL (Figure 4c), N remained the dominant predictor, with the highest importance ob-
served for all target properties (approximately 0.50). TPP (approximately 0.10) and CE
(approximately 0.08) were the next most influential predictors, followed by C and CTT.
Silicon (Si) and the N/Al ratio also contributed positively, whereas the MEI and solid
solution strengthening index (SSSI) exhibited negligible or slightly negative importance,
indicating limited independent contributions to the elongation prediction. First, nitrogen
was consistently the most influential predictor of YS, UTS, and EL, with mean decreases
in R? of approximately 0.35, 0.33, and 0.50, respectively, highlighting its dominant role in
determining the mechanical behavior of this family of steels. Second, CE and TPP rank
among the five most influential predictors of multiple target properties, establishing them
as the most broadly useful, engineered descriptors. Third, the comparatively large error
bars associated with nitrogen, particularly for EL, indicate greater variability in model
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(a) PDP — N (ppm)

sensitivity across permutation repeats, reflecting the heterogeneous distribution of nitrogen
within the industrial dataset.

3.4. Partial Dependence Plots

Partial dependence plots (PDPs) were used to examine the marginal effect of the six
most influential features on the XGBoost predictions of the yield strength (YS) (Figure 5).
Computed from the 240-sample training set, the PDPs complemented the permutation
importance analysis by illustrating how changes in individual features influenced the
predicted YS while averaging the remaining variables. Nitrogen (Figure 5a) exhibited
a stepwise positive relationship, with the predicted YS increasing from approximately
281 MPa at N = 28 ppm to 297.5 MPa at N = 57 ppm, with distinct upward transitions
near 35 and 44 ppm. The overall increase of approximately 16 MPa represented the
largest PDP range among all features, consistent with nitrogen being the most influential
predictor identified in the permutation importance analysis. The staircase pattern likely
reflects discrete compositional clusters within the industrial dataset and is consistent with
the combined effects of interstitial solid-solution strengthening and AIN grain boundary
pinning [14]. Niobium (Figure 5b) exhibited a threshold-type response. The predicted YS
remained nearly constant below approximately 0.0015 wt% Nb, increased rapidly between
0.0015 and 0.0025 wt%, and reached a plateau above 0.0025 wt%, corresponding to an
overall strengthening increment of approximately 7 MPa. This behavior is consistent with
the increasing contribution of Nb microalloying through precipitation strengthening and
recrystallization retardation when sufficient Nb is available [15].

(b) PDP — Nb (wt%) —_— (c) PDP — FRT (deg C)
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Figure 5. Partial dependence plots (PDPs) for the six most influential features affecting yield
strength (YS): (a) nitrogen (N), (b) niobium (Nb), (c) finish rolling temperature (FRT), (d) carbon (C),
(e) microalloying efficiency index (MEI), and (f) thermal processing parameter (TPP). PDPs show
the marginal effect of each feature on the predicted YS while averaging the distribution of the other
features. The engineered descriptors (MEI and TPP) are indicated in purple.
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The PDP for the finish rolling temperature (FRT) (Figure 5c) revealed a negative
relationship with the YS. The predicted YS decreased from approximately 292.7 MPa to
290.5 MPa between 855 °C and 870 °C, after which the curve became nearly constant at
approximately 289-290 MPa. This trend suggests that the greatest sensitivity of YS to
the finish rolling temperature occurs within the lower portion of the processing window.
Carbon (Figure 5d) exhibited a gradual positive relationship, increasing from approximately
287 MPa at 0.027 wt% to approximately 292 MPa at 0.055 wt%. The nearly monotonic
trend, interrupted only by minor local fluctuations, is consistent with the progressive
solid-solution strengthening throughout the investigated low-carbon composition range.
The engineered descriptors provide additional insights into the combined effects of the
composition and processing. The microalloying efficiency index (MEI) (Figure 5e) remained
nearly constant below MEI ~ 8, increased steadily when MEI = 8-13, and approached
a plateau above 13, corresponding to an overall strengthening effect of approximately
4 MPa. Similarly, the thermal processing parameter (TPP) (Figure 5f) exhibited a negative
stepwise relationship, decreasing from approximately 293294 MPa at low TPP values
to approximately 288-289 MPa at higher values, representing an overall reduction of
approximately 5-6 MPa. The staircase behavior of both engineered descriptors likely reflects
discrete combinations of composition and processing conditions within the industrial
dataset rather than continuous physical transitions.

Their clear monotonic trends and substantial PDP ranges demonstrate that these
engineered features capture meaningful metallurgical information complementary to the
original variables. Notably, TPP ranked higher than CTT in the permutation importance
analysis (Figure 4a), indicating that the combined thermal descriptor provides a more
informative representation of the processing effects than either temperature parameter
alone. Opverall, the PDPs are consistent with the permutation-importance results and
demonstrate that the engineered descriptors are not only among the most influential
predictors but also exhibit physically interpretable relationships with yield strength. In
particular, the positive influence of MEI and the negative influence of TPP support their
effectiveness as domain-informed composite features for improving model interpretability.

3.5. Cross-Validation Robustness

Five-fold cross-validation was used to evaluate the robustness and generalization of
the machine learning models for the three target properties (Figure 6). The box plots in
Figure 6 show the distribution of the cross-validation R? values for Random Forest (RF)
and XGBoost using the original and engineered feature sets. For YS (Figure 6a), RF with
the engineered feature set achieved the highest median cross-validation R? (0.47), followed
by RF with the original features (0.43), XGBoost with the engineered features (0.39), and
XGBoost with the original features (0.36). The consistently higher median performance of
RF suggests that the bagging-based ensemble provides more stable generalization than
gradient boosting for this relatively small dataset. For UTS (Figure 6b), RF with engineered
features again produced the highest median cross-validation R? (0.40). XGBoost trained
on the original feature set exhibited the widest interquartile range, with several folds
producing negative R? values, indicating greater sensitivity to the composition of the
training data.

Although the engineered feature set did not improve the median XGBoost perfor-
mance for the UTS, it reduced the variability across the folds, suggesting enhanced model
stability. For EL (Figure 6¢), RF with engineered features achieved the highest median
cross-validation R? (0.49) and the narrowest distribution among all model configurations,
indicating the most consistent predictive performance for the ductility. The improvement
in both the median performance and distribution width provides further evidence that
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the engineered descriptors enhance the robustness of the model for elongation prediction.
Overall, RF combined with the engineered 22-feature dataset consistently achieved the
highest or joint-highest median cross-validation R? values for the three mechanical prop-
erties. These results indicate that the engineered descriptors improve the model stability
and generalization, with the greatest benefit observed for the Random Forest under limited
data conditions.

(a) CV Robustness — YS (b) CV Robustness — UTS (c) CV Robustness — EL
0.8 0.8 0.8
0.6 0.6 0.6
L
~ 0.43 ~
% % | ok O % 1
> 04 0.36 > 04 > 04
O o 031 O
-/ 3 =
o ° °
% 3 -
n n n
0.2 0.2 0.2
0.0 0.0 0.0
-0.2 -0.2 -0.2
RF RF XGB XGB RF RF XGB XGB RF RF XGB XGB
Orig Eng Orig Eng Orig Eng Orig Eng Orig Eng Orig Eng

Figure 6. Five-fold cross-validation R? distributions for Random Forest (RF) and XGBoost using the
original (17 features) and engineered (22 features) datasets for (a) yield strength (YS), (b) ultimate
tensile strength (UTS), and (c) elongation (EL). RF-Orig = Random Forest with the original feature
set; RF-Eng = Random Forest with the engineered feature set; XGB-Orig = XGBoost with the original
feature set; XGB-Eng = XGBoost with the engineered feature set. The median R? values are indicated
above each box.

3.6. Correlation of Engineered Features with Mechanical Properties

The linear relationships between the engineered descriptors and mechanical properties
are shown in Figure 7. Pearson correlation analysis provides an initial assessment of the pre-
dictive relevance of each engineered feature before considering the nonlinear relationships
captured by machine learning models. The carbon equivalent (CE) (Figure 7a) exhibited a
modest positive correlation with YS (r = 0.241), indicating that an increase in the combined
hardenability generally contributes to a higher strength, although the considerable scatter
suggests that the relationship is not entirely linear. The microalloying efficiency index (MEI)
(Figure 7b) showed the strongest positive correlation with YS (r = 0.340), consistent with
the contributions of Nb, Ti, and V to precipitation strengthening. In contrast, the thermal
processing parameter (TPP) (Figure 7c) displayed the strongest overall correlation with YS
(r =-0.348), indicating that an increase in thermal exposure during processing is associated
with a reduced yield strength.

The N/Al ratio (Figure 7d) also showed a moderate positive correlation with YS
(r = 0.305), reflecting the combined influence of dissolved nitrogen and AIN precipitation.
For the remaining properties, the solid solution strengthening index (SSSI) exhibited a
modest positive correlation with UTS (r = 0.223), supporting its role as a secondary strength-
ening descriptor (Figure 7e). In contrast, MEI showed only a weak linear correlation with
elongation (r = 0.058) (Figure 7f), indicating that its influence on ductility is limited when
assessed using a linear relationship. Overall, the correlation analysis indicated that the
engineered descriptors captured meaningful trends with the mechanical properties while
remaining only moderately correlated with the target. This observation is consistent with
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the improved performance of the nonlinear machine learning models, which can exploit in-
teractions among these descriptors beyond the information contained in linear correlations.
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Figure 7. Scatter plots showing the relationships between engineered descriptors and their most
strongly correlated mechanical properties: (a) carbon equivalent (CE) versus yield strength (YS),
(b) microalloying efficiency index (MEI) versus YS, (c) thermal processing parameter (TPP) versus
YS, (d) N/ Al ratio versus YS, (e) solid solution strengthening index (SSSI) versus ultimate tensile
strength (UTS), and (f) MEI versus elongation (EL). The red lines represent linear regression fits, and
the Pearson correlation coefficients (r) are shown in each panel of the figure.

4. Discussion
4.1. Value of Feature Engineering on Small Datasets

The results demonstrate that domain-knowledge-driven feature engineering provides
consistent, albeit modest, improvements in model performance when the training data are
limited to 300 samples. The most pronounced gains occurred for elongation prediction,
where the XGBoost test-set R? increased by 10.3% (from 0.4935 to 0.5444) after adding the
five engineered descriptors. This improvement is physically meaningful because elongation
is governed by a complex interplay of strengthening mechanisms, microstructural homo-
geneity, and work-hardening behavior, which is less directly represented by individual
elemental concentrations than by physically derived composite descriptors such as the
microalloying efficiency index (MEI) and the thermal processing parameter (TPP). By com-
bining the individual contributions of Nb, V, and Ti into a single metallurgically weighted
descriptor, the MEI enables the model to recognize precipitation strengthening effects more
effectively under limited data conditions. The learning curve analysis provides supporting
evidence for improved sample efficiency in data-limited regimes. While both feature sets
converge to similar plateau cross-validation R? values (approximately 0.42-0.44) at the

https://doi.org/10.3390 /met16080933


https://doi.org/10.3390/met16080933

Metals 2026, 16, 933

14 of 17

largest training sizes, the engineered feature set achieves a slightly higher cross-validation
R? of approximately 0.45 at intermediate training sizes (n = 125-175), compared with ap-
proximately 0.43 for the original feature set in the same range. Although the improvement
is modest, it is practically relevant for steel plants operating with limited labelled datasets,
where generating additional experimental data is often expensive and time-consuming.
Notably, R? varies more across model-feature configurations than the MPE (Table 2), which
remains between 2.5% and 3.5% in all cases. With only 60 test samples and a relatively
narrow target range (Table 1), R? can be more sensitive to sampling variations than MPE.
Therefore, we consider MPE as the primary indicator of practical predictive accuracy, while
R? and the 5-fold cross-validation results (Figure 6) provide complementary information
on model robustness and generalization. This interpretation is consistent with the learning
curve analysis (Section 3.2), where the cross-validation R? plateaus at 0.42-0.44, while
the MPE remains low and stable. For reference, our earlier feedforward neural network
study using the complete 435-sample dataset [1] reported MPE values of 4.44%, 3.54%, and
4.84% for YS, UTS, and EL, respectively, whereas the tree-based models developed here
achieved lower MPE values (2.5-3.3%) despite using a smaller training set. Although YS
and UTS are physically related in this steel family, feature engineering improved the YS
prediction more than the UTS prediction (Random Forest: R? 0.4744 — 0.4861 for YS versus
0.3396 — 0.3701 for UTS). This difference may be related to the additional influence of the
work-hardening behavior on UTS, which is not directly represented by the composition-
and processing-based descriptors used here.

4.2. Physical Interpretation of Engineered Feature Importance

The appearance of the microalloying efficiency index (MEI) and thermal processing
parameter (TPP) among the six most important predictors for all three target proper-
ties confirmed that these engineered descriptors encoded complementary metallurgical
information beyond the original elemental and processing variables of the alloys. The
MEI combines the precipitation and recrystallization retardation contributions of Nb,
V, and Ti using physically grounded weighting coefficients (3000, 1500, and 1000 MPa
per wt%, respectively), based on published strengthening data for low-carbon ferritic
steels [15]. The PDP for MEI shows a threshold-type positive response: the predicted YS
remains near 289 MPa for MEI < 8, then increases to approximately 292-293 MPa between
MEI = 8 and 13, before plateauing above 13. This threshold is consistent with the combined
microalloying level at which NbC precipitation becomes sufficiently dense to produce
measurable strengthening, in agreement with the published precipitation-strengthening
estimates of 10-20 MPa per 0.001 wt% Nb at the optimum precipitate size for this composi-
tion range [15]. The TPP combines the effects of the finish rolling temperature (FRT) and
coiling temperature (CTT) into a single descriptor using physically motivated weighting
(FRT coefficient = 0.5; CTT coefficient = 0.3), reflecting the greater sensitivity of the ferrite
grain size to the finish rolling temperature within the investigated processing window [16].
The PDP for TPP exhibited a stepwise negative response, with the steepest reduction in the
predicted YS occurring between TPP values of 20 and 30, which is consistent with acceler-
ated ferrite grain coarsening as both thermal processing parameters increased toward their
upper bounds. The higher permutation importance of TPP relative to CTT further suggests
that combining the two processing variables provides a more informative representation of
the thermal history than either parameter. The stepwise negative PDP response for TPP
(Figure 5f) is consistent with increased ferrite grain coarsening at higher combined thermal
exposures, which can reduce the yield strength through the Hall-Petch relationship.
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4.3. Practical Implications, Limitations, and Future Perspectives

The findings of this study have several practical implications for developing machine
learning models for industrial steel property prediction under limited data conditions.
First, the five engineered descriptors (CE, N/Al ratio, MEI, TPP, and SSSI) can be incorpo-
rated into the original compositional and processing variables without requiring additional
experimental measurements or incurring significant computational costs. Their inclusion
consistently improved the predictive performance while preserving model interpretability.
Second, the results indicate that Random Forest combined with the engineered feature set
provides the most robust prediction of yield strength, whereas XGBoost with engineered
features achieves the greatest improvement in elongation prediction. These observations
suggest that algorithm selection should consider the target property rather than relying
on a single model for all prediction tasks. Third, when fewer than 200 labelled samples
are available, the engineered feature set is particularly valuable for training the model.
The learning curve analysis indicates that at training sizes of n = 125-175, XGBoost with
engineered features achieves cross-validation R? values approximately 0.02-0.05 higher
than those obtained using the original feature set, representing a modest but consistent
improvement in the most practically relevant data-limited regime. Furthermore, permuta-
tion importance analysis is a useful diagnostic tool for assessing whether the engineered
descriptors capture meaningful metallurgical information from new datasets.

Although the proposed descriptors were developed from established physical metal-
lurgy principles, their weighting coefficients were selected for low-carbon hot-rolled steels
and may require recalibration for alloys with substantially different compositions, pro-
cessing routes, or strengthening mechanisms. Similarly, this study considered two widely
used tree-based ensemble algorithms. Future studies could evaluate the transferability of
the proposed descriptors to other steel grades, larger industrial datasets, and alternative
machine learning approaches that incorporate predictive uncertainty, such as Gaussian
process regression and Bayesian learning methods. Further experimental characterization,
including strain-hardening and microstructural data, could help clarify the differences
between the YS and UTS predictions and support the recalibration of the engineered de-
scriptor coefficients for other steel grades. Such studies would help establish the broader
applicability of physics-informed feature engineering in various metallurgical systems.

5. Conclusions

This study demonstrated that domain-knowledge-driven feature engineering can im-
prove the machine learning prediction of the mechanical properties of low-carbon hot-rolled
steel under limited data conditions. Five physically motivated composite descriptors were
incorporated into tree-based machine learning models, resulting in improved predictive
performance while preserving model interpretability. The main conclusions are as follows.

(1) Five physically meaningful composite descriptors, namely, carbon equivalent (CE),
nitrogen-to-aluminum ratio (N/Al), microalloying efficiency index (MEI), thermal
processing parameter (TPP), and solid-solution strengthening index (SSSI), were
derived from the original 17 compositional and processing variables. These descrip-
tors incorporate established metallurgical knowledge without requiring additional
experimental measurements.

(2) The engineered 22-feature dataset produced the greatest improvement in the elon-
gation prediction. For XGBoost, the mean percentage error decreased from 3.23% to
3.05%, whereas the test-set R? increased from 0.4935 to 0.5444, representing a 10.3%
increase in explained variance. For the yield strength, Random Forest achieved the
largest improvement (R?: 0.4744 to 0.4861), whereas only marginal changes were
observed for the ultimate tensile strength.
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(3) Learning curve analysis showed that the engineered feature set achieved a slightly
higher cross-validation R? at intermediate training sizes (n = 125-175), suggesting
a modest improvement in sample efficiency in the most data-limited regime. Both
feature sets converged to comparable plateau cross-validation R? values at larger
training sizes.

(4) Permutation importance analysis identified MEI and TPP as two of the six most
influential predictors across all three mechanical properties, confirming that these
engineered descriptors provide metallurgical information complementary to that
provided by the original variables. Partial dependence plots showed physically con-
sistent responses, including a threshold-type increase in the predicted yield strength
above MEI ~ 8, consistent with the onset of precipitation strengthening, and a step-
wise decrease with increasing TPP, reflecting the influence of the combined thermal
processing on the coarsening of ferrite grains.

(5) All models achieved mean percentage errors below 3.5% for yield strength, ultimate
tensile strength, and elongation, demonstrating that accurate and interpretable ma-
chine learning models can be developed for industrial steel property prediction using
relatively small datasets when physics-informed feature engineering is applied.

Future work should investigate the adaptive calibration of the engineered descriptor
coefficients for different steel grades, evaluate their transferability to larger industrial
datasets and alternative alloy systems, and explore their integration with uncertainty-
aware and physics-informed machine-learning frameworks.
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