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Feature screening methods of high entropy alloy

A comprehensive dataset of high-entropy alloys was constructed by extracting
composition and phase structure information from relevant literature!3'-3. To
minimize the influence of heat treatment on phase formation, only data from alloys
with as-cast microstructure obtained through arc melting were selected. The final
dataset comprises 765 entries, including 4 ternary alloys, 106 quaternary alloys, 368
quinary alloys, 217 senary alloys and 70 alloys with seven or more components,
encompassing 15 different elements. Alloy data with BCC, FCC, or FCC+BCC phase
structures were labeled as "1", representing solid solution (SS) phases, while those
with other phase structures were labeled as "-1", denoting non-solid solution (non-SS)
phases. The dataset was subsequently divided into training and testing sets in an

80%:20% ratio for model training and predictive accuracy evaluation.

A comprehensive set of 22 elemental features was collected from the Pearson
Handbook!®# and literature!>, including atomic number, electrochemical parameters,
thermodynamic properties and size descriptors, as summarized in Supplementary
Table 1. Based on the elemental composition and concentration data of each alloy
sample, the mean value and standard deviation of these physicochemical features
were calculated to represent the central tendency and variability of feature distribution

across constituent elements. These statistical measures are defined as follows:

n n

fmean= ﬁxai / a; (Sl)
i=1 i=1

.f;d= (fl""fmean)z Xa; / a; (Sz)

i=1 i=1
where f; refers to the physicochemical feature of an element, i is the element index in

the alloy, and @; represents its atomic percentage content.

Furthermore, several empirical parameters relevant to high-entropy alloy phase
classification were incorporated, including the ideal mixing entropy (4Swmix), total

configurational entropy (487), mixing enthalpy (4Humix), standard deviation of mixing
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enthalpy (64 Huix), absolute mixing enthalpy (4|H|mix), valence electron concentration
(VEC), entropy-enthalpy ratio parameters (£2, 2u04), entropy-enthalpy difference (¢),
atomic packing parameter (y), geometric parameter (A), modulus mismatch (#), and
potential energy quantification parameters (X., Xc—totaling 14 empirical features.
Subsequently, a three-step feature selection methodology®S7! was employed to
identify the most critical features influencing high-entropy alloy phase classification,

as illustrated in Supplementary Figure 1.
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Supplementary Figure 1. Feature selection results. (A) Pearson correlation screening;

(B) Recursive elimination; (C) Exhaustive filtering; (D) The entire feature selection

process.
Supplementary Table 1. Features used for high entropy alloys.
Feature Definition Feature Definition
PN Periodic number VE Vacancies enthalpy
QN Quantum number CE Cohesive energy
AW Atomic weight YM Young modulus
M tt ti
MAC .ass attentuation RM Rigidity modulus
coefficient
El ivi
EP lectronegativity BM Bulk modulus
(Pauling)
El ivi
ABE ectronegativity MN Mendeleev number
absolute
FIE trst fonization MR Metal radius
energy
ENC Effective nuclear VED . Valence electron
charge distance
EA Electron affinity AV Atomic volume
MT Melting temperature LC Lattice constants
Atomizati
AE tomization AR Atomic radius
enthalpy
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Evaluation indicators

The accuracy (Acc) is used to evaluate classification problems.

e TPHIN 3
“C TP+FN+FP+TN

Where, TP, TN, FP and FN represent True Positive, True Negative, False Positive and
False Negative.
The average absolute percentage error (MAPE) and root mean square error

(RMSE) are used to calculate the model prediction error:

n

MAPE=1/n |ytrue i'ypredil /ytrueiXIOO% (S4)
i=1

RMSE-= J (X (Vtruei-Yorea /] (S5)

Where, yprea i and yaue i represent the predicted value and actual value of alloy i

respectively, and n represents the number of alloys in the subset.

Experimental procedures

Refractory high-entropy alloys were synthesized by vacuum arc melting in a
water-cooled copper crucible using high-purity (>99.99%) elements: V, Nb, Ti, W, Zr,
Mo, Hf, and Ta. To achieve composition homogeneity, the melting process was
repeated eight times. Phase characterization was conducted by X-ray diffraction

(XRD) with a 26 range of 20° to100° and a scanning speed of 4° min".

The design space for copper alloys is presented in Supplementary Table 2. Guided by
prior knowledgelS¢l, the content of Ni, Co, and Si in Cu-Ni-Si and Cu-Ni-Co-Si alloys
was constrained to maintain the (Ni+Co)/Si ratio (in wt%) between 4 and 5, thereby

effectively narrowing down the alloy composition candidate space.
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Supplementary Table 2. Alloying elements content ranges.

Elements Cu Ni Si Co Mg P Zr Zn

Content (wt.%) Bal. 0-9 0-1.5 0-1.5 0-03 0-0.1 0-03 0-0.3

The copper alloys were prepared using medium-frequency vacuum induction melting.
The resulting ingots were homogenized at 900 °C for 4 h, hot-rolled at 850 °C with a
90% reduction, followed by solution treatment at 975 °C for 2 h and subsequent aging.
Aging treatments were conducted at temperatures of 450 °C, 500 °C and 550 °C, each
for durations of 1, 2, 3, 4, 5, 6 and 8 h. Vickers hardness was measured using an
HXD-1000T hardness tester under a load of 100 gf with a dwell time of 15s; each
sample was tested five times and the average value was recorded as the hardness.
Electrical resistivity at peak hardness was determined at room temperature with an
Applent AT-510Pro DC resistance tester. The variation of alloy hardness with aging

time is shown in Supplementary Figure 2.
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Supplementary Figure 2. Variation curve of alloy hardness and aging time.

For refractory high-entropy alloys, prepare cylindrical specimens of ®4x5 dimensions.
The tested microhardness was assessed on polished cross-sections under a 0.5N force
for 30s. The Vickers hardness experiments were repeated five times for each
examined sample to get the average values. Conduct compression tests on the

prepared specimens using an MTS-SANS CMT5000 series microcomputer-controlled
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electronic universal testing machine. The compression temperature is set at 25°C, and
the compression rate is maintained at 103-s™! until fracture occurs, in order to test the
room temperature yield strength of the alloy. The corresponding stress-strain curves

and room temperature mechanical properties are provided in Supplementary Figure 3.
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Supplementary Figure 3. (A) Stress-strain curves of RHEAs; (B). Room temperature

mechanical properties of RHEAS.

Algorithm-Agnostic Nature of the 2D-SFG Framework

To verify the algorithm-agnostic nature of the 2D-SFG method, we constructed
machine learning models based on different algorithms using both 'original features'
and '2D-SFG-generated features' on the same datasets, and compared their predictive
capabilities. The training and prediction results for all models are presented in
Supplementary Figures 4 to 8, while the cross-validation performance metrics are
summarized in Supplementary Table 3. Across both classification and regression tasks,
it is evident that regardless of whether SVM, RF, or XGBoost was employed, the
models utilizing 2D-SFG-generated physical features achieved significantly improved
predictive performance compared to those built on original features. These findings
demonstrate that the 2D-SFG method is indeed algorithm-agnostic; the features it
generates encode richer physical information, thereby universally enhancing the

performance of various mainstream machine learning algorithms.
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Original features - SVM Original features - RF Original features - XGBoost

Training set Measured values Training set Measured values Training set Measured values
Accuracy Accuracy Accuracy
86_4% Positive Negative 83_3% Positive Negative 90_9% Positive Negative
Positive 73 8 Positive 71 10 Positive 75 4
Predicted Predicted Predicted
I I I
vees Negative 10 41 v Negative 12 39 velues Negative 8 45
TESti ng set Measured values TeSti ng set Measured values TESti ng set Measured values
Accuracy E— Accuracy E— Accuracy —
80.0% Positive Negative 72_5% Positive Negative 62_5% Positive Negative
Positive 24 3 Positive 21 3 Positive 20 6
Predicted Predicted Predicted
I Il I
e Negative 5 8 f Negative 8 8 = Negative 9 5

Features generated by 2D-SFG- SVM Features generated by 2D-SFG- RF  Features generated by 2D-SFG- XGBoost

Training set Measured values Training set Measured values Training set Measured values
Accuracy Accuracy Accuracy
97.7% Positive Negative 92 .4% Positive Negative 97.7% Positive Negative
Positive 8 1 '] Positive 77 4 Positive 8 1 1
Predicted Predicted Predicted
values values values
Negative 2 48 Negative 6 45 Negative 2 48
Testing set Measured values Testing set Measured values Testing set Measured values
Accuracy Accuracy Accuracy
92.5% Positive Negative 90.0% Positive Negative 70'0% Positive Negative
i Positive 27 1 _ Positive 27 2 _ Positive 21 4
Predicted Predicted Predicted
values values values
Negative 2 10 Negative 2 9 Negative 8 7

Supplementary Figure 4. Confusion matrix of different models in perovskite

classification task.

Original features - SVM Original features - RF Original features - XGBoost
Tl'aining set Measured values Training set Measured values Tl'ail‘lil‘lg set Measured values
Accuracy Accuracy Accuracy
88'6% Positive Negative 85'9% Positive Negative 91 '7% Positive Negative
Positive 286 27 Positive 277 33 Positive 296 20
Predicted Predicted Predicted
values i 36 206 values Negati 45 200 values Negati 26 213
Negative legative legative
TESting set Measured values TeSting set Measured values TeSting set Measured values
Accurac Accurac Accurac
y y y
86.6% Positive Negative 78‘1 % Positive Negative 73‘3% Positive Negative
Positive 99 13 Positive 88 20 Positive 84 26
Predicted Predicted Predicted
values values values
Negative 15 83 Negative 26 76 Negative 30 70
Features generated by 2D-SFG- SVM Features generated by 2D-SFG- RF  Features generated by 2D-SFG- XGBoost
Trai“ing set Measured values Tl'aining set Measured values Training set Measured values
Accuracy Accuracy Accuracy
91 .9% Positive Negative 89'4% Positive Negative 94.8% Positive Negative
) Positive 297 20 . Positive 289 26 . Positive 303 1 0
Predicted Predicted Predicted
values ) o5 213 values o 33 207 values Noaath 19 223
Negative legative egative
TeStil‘lg set Measured values TeSting set Measured values TESting set Measured values
Accuracy Accuracy Accuracy
91 .4% Positive Negative 82.9% Positive Negative 71 .9% Positive Negative
Positive 1 04 8 Positive 94 1 6 Positive 77 22
Predicted Predicted Predicted
values values values
Negative 1 O 88 Negative 20 80 Negative 37 74

Supplementary Figure 5. Confusion matrix of different models in high entropy alloy

classification task.
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Supplementary Figure 6. Predictive performance of different models in the shape

memory alloy regression task.
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Supplementary Figure 7. Predictive performance of different models in the copper

alloy hardness regression task.
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Supplementary Figure 8. Predictive performance of different models in the copper

alloy hardness regression task.

Supplementary Table 3. The predictive performance of different algorithms and

features.
Methods PerovskitesHigh-entropy l;ry l;::::ils Hardness c(ﬂ(elflt::ic\zlty
A 1l A MAPE
(ACC) alloys (ACO) ~ prisEy ) (MAPE)
OF-SVR 85.6% 84.5% 2.9K 5.9% 9.7%
SFG-SVR 94.2% 88.4% 1.1IK 3.7% 6.2%
OF-RF 83.2% 80.5% 2.7K 9.6% 12.4%
SFG-RF 90.7% 83.9% 2.3K 5.3% 7.5%
OF-XGBoost  88.1% 81.7% 1.7K 4.4% 11.2%
SFG-XGBoost  90.1% 83.3% 1.3K 3.1% 6.9%

Note: OF - original features, SFG - features generated by 2D-SFG. The data in the

table represents the 10-fold cross-validation accuracy/error of the model.
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Overfitting risk and model stability assessment

To comprehensively evaluate the risk of overfitting and model stability, we
constructed models using varying sizes of training sets and generated learning curves
for the representative task of high-entropy alloy phase classification. As shown in
Supplementary Figure 9, both training and validation accuracies exhibit an upward
trend and gradually converge as the training sample size increases. Crucially, the gap
between the two metrics remains consistently small throughout, indicating that the
model is well-fitted and does not suffer from significant overfitting.

Furthermore, we conducted 100 repetitions of stratified random splitting. The results
demonstrate stable predictive performance, with a training accuracy of 92.1% + 0.7%
and a test accuracy of 91.3% + 0.9%. These findings confirm that the model’s

performance is insensitive to the randomness of data partitioning, exhibiting high

robustness.
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Supplementary Figure 9. Learning curves for phase classification tasks.

Considering the high computational cost associated with symbolic regression, we
employed 5 repetitions of stratified sampling. We analyzed the symbolic features
generated across these five independent runs, with results detailed in Supplementary
Table 4. Although the exact mathematical expressions were not identical in every run,
key features and specific combination forms (e.g., SMRX3AV and 6AV/6CE) recurred
consistently in the vast majority of trials. This demonstrates that the physical laws
uncovered by the 2D-SFG method possess intrinsic consistency and are not artifacts

of random noise.
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Supplementary Table 4. Results of S independent symbol feature generations.

The top 5 features that appear
No. symbol feature most frequently in 100

iterations

EA
X3 = OMR*0AV% <2><MA Cx L—C+RM+(SAV

1 OMR, RM, 6CE, MN, AV
oAV MN
Xy = MN-Xet =+
X3 = SOMRXSAV+RM
2 SAV  MAC OMR, RM, 6CE, MAC, 6AV
Xcs = 5AV+E+LC><XC
MN
Xey = OMR*3AV+——
3 B4 EA OMR, RM, CE, MN,EA
Xcs = PO MN o CE
X3 = OMRXx(MACXEA-LC)
4 SAV OMR, RM, CE, MN, oAV
Xea = MN*S0E
OAV
5 Xz = SMRXOAV-——+RM OMR, RM, 6CE, MN, EA

Sensitivity Analysis on Expression Complexity

To determine the optimal constraint on the number of nodes in symbolic regression
trees, a sensitivity analysis using the high-entropy alloy phase classification task as a
representative case was conducted. The maximum node limit was varied across six
values: {5, 10, 13, 17, 21, 25}. To mitigate the impact of the stochastic inherent in
genetic algorithms, five independent runs with distinct random seeds for each setting
was performed and both the cross-validation accuracy and the median number of
nodes in the final generated formula trees were recorded.

As illustrated in Supplementary Figure 10, the model was overly constrained when
maximum node cap was set to 5, yielding a low mean accuracy of 80.2% + 2.9%. As
the node cap increased to 17, the cross-validation accuracy improved significantly,

reaching 88.3% =+ 0.7%. Beyond this point, further increases in the cap resulted in a
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plateau in the accuracy curve, indicating that additional expressive capacity did not
translate into further gains in predictive power. The error bars in the figure represent
the standard deviation of the prediction results across the five independent runs. The
small fluctuations in accuracy across different random seeds confirm the stability of
the performance improvement.

Furthermore, a higher allowed node count led to an increase in the median number of
nodes in the generated formulas. Notably, when the cap exceeded 17, formula
complexity rose sharply, resulting in significantly longer expressions that
compromised model interpretability. Similarly, the error bars for the median node
count (representing the fluctuation range across the five runs) were short. This
demonstrates that, despite the stochasticity of the genetic algorithm, the complexity of
the formulas generated by our 2D symbolic feature method remained highly
consistent across multiple runs, avoiding unstable variations where formula lengths
fluctuate wildly between runs. In summary, 17 is identified as the optimal trade-off

point, balancing predictive performance with formula complexity.
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Supplementary Figure 10. Sensitivity analysis of the maximum node cap. Error bars
indicate the standard deviation / fluctuation range across these runs, demonstrating the

stability of both predictive performance and model complexity.
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