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High-entropy carbide ceramics (HECCs) possess promising properties for extreme high-temperature
applications. Machine learning offers an effective pathway to accelerate the discovery of novel
HECCs, but data imbalance poses challenges for predictive performance. Here, we integrate the
Borderline-SMOTE with machine learning algorithms to address this issue. A dataset containing 251
samples was established from literature, experimental synthesis, and synthetic oversampling. Key
features influencing phase formation were selected via a four-step feature selection strategy. Ten
common machine learning models were trained and optimized, with the random forest (RF) model
identified as the most suitable for predicting HECCs phase formation ability. Eight HECCs
compositions with high uncertainty were experimentally validated, and the results were incorporated
back into thedataset to iteratively improvemodel accuracy. Thiswork provides an efficient strategy for
predicting phase formation in HECCs, particularly for small or imbalanced datasets, facilitating the
accelerated design and reliable prediction of new HECCs.

The concept of “high-entropy” was introduced into the field of ceramics in
2015, when Rost et al.1 first reported a rock-salt-structured high-entropy
oxide ceramic (MgNiCoCuZn)O, marking a pioneering advancement in
high-entropy ceramics.Whereafter, various types of high-entropymaterials
have been developed2,3. In addition to high-entropy oxides, a battery of non-
oxide ceramic systems has also emerged, including high-entropy carbides4,
borides5, nitrides6, and silicides7. Among them, high-entropy carbide cera-
mics (HECCs), developed on the basis of traditional binary ultra-high
temperature ceramics, exhibit advantages over the corresponding binary
carbides, including higher melting points, superior high-temperature
strength, and better high-temperature oxidation and ablation resistance,
which make them promising materials for applications in ultra-high tem-
perature extreme environments8–13.

Although the field of high-entropy ceramics has flourished in recent
years, the vast compositional space and complex atomic structures have
hindered comprehensive exploration14. Traditional new material synthesis
route often relies on extensive “trial and error” experiments, resulting in
long developing periods and huge workloads. It is difficult to efficiently
screen the optimal combination of components and concentrations of
single-phase high-entropy ceramic materials that meet specific demands
through large-scale experiments15. To address this, researchers have sought

to establish criteria for the phase formation ability of high entropy ceramics,
aiming to guide the design of new high-entropy ceramics more reasonably
and efficiently16. Thermodynamic and empirical criteria have played a
crucial role in the early stages of developing novel high-entropy materials.
Based on the classic Hume-Rothery rule17–21, several empirical parameters,
such as atomic size difference (σ), electronegativity (χ), and valence electron
concentration (VEC), have been proposed for phase prediction, but their
predictive accuracy remainsunsatisfactory22.With the rapiddevelopmentof
computational simulations within materials science, high-throughput
density functional theory (DFT)23, molecular dynamics (MD)24 and calcu-
lation of the phase diagram (CALPHAD)25 have also been applied to phase
prediction of high-entropy ceramics. Although descriptors such as entropy
forming ability (EFA) and mixing enthalpy (ΔHmix) can predict the phase
formation ability of HECCs under most conditions, achieving reliable
accuracy typically requires thousands of computationally expensive DFT
calculations for each candidate composition. The high computational cost
significantly limits the applicability of simulation calculations for the
exploration and prediction of novel high-entropy ceramics in a wide range
of composition space15.

In recent years, machine learning (ML) has emerged as a revolutionary
tool in the field ofmaterials science. It not only enhancesmaterial discovery

1Science and Technology on Thermostructural Composite Materials Laboratory, Shaanxi Key Laboratory of Fiber Reinforced Light Composite Materials,
Northwestern Polytechnical University, Xi’an, PR China. 2Technische Universität Darmstadt, Institut für Materialwissenschaft, Darmstadt, Germany. 3School of
Computer Science, Northwestern Polytechnical University, Xi’an, PR China. e-mail: j.sun@nwpu.edu.cn; lihejun@nwpu.edu.cn

npj Computational Materials |           (2026) 12:22 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41524-025-01873-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41524-025-01873-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41524-025-01873-2&domain=pdf
mailto:j.sun@nwpu.edu.cn
mailto:lihejun@nwpu.edu.cn
www.nature.com/npjcompumats


and design strategies but also predicts the performance of unknown
materials, thereby accelerating the development and application of new
materials26–29. In the domain of high entropy ceramics, data drivenmachine
learning has made remarkable advances in accelerating the rapid designing
and high-throughput prediction of novel high-entropy ceramics15. ML
algorithms such as artificial neural networks (ANN)30, support vector
machines (SVM)30, random forests (RF)25, Gaussian naive bayes (GNB)31,
and logistic regression (LOG)32 have been successfully applied to predict the
phase formation ability of HECCs. However, phase prediction of HECCs
remains constrained by the low amount of available data (<100 samples)
and data imbalance, both of which adversely affect the generalization ability
and prediction performance of ML models32. Specifically, most HECCs
reported in the current literature are concentrated in the ⅣB, ⅤB, ⅥB

subgroups, whereas studies onHECCs containing rare-earth elements from
the IIIB subgroup remains limited. Under such context, classifiers often
sacrifice the prediction accuracy of the minority class to prioritize learning
the majority class, which easily leads to the misclassification of minority
samples33.

To address the challenges posed by small and imbalanced datasets in
existing models for predicting the phase formation ability of HECCs,
researchers often overcome this limitation by extensively collecting litera-
ture data and high-throughput experimental synthesis15,32. In general, there
exist two kinds of imbalances, one is the imbalance between classes, and
another is the imbalance within classes34. To address the issue of data
imbalance, researchers havemade significant advancements at both the data
level and the algorithm level35. The former focuses on adjusting the class
ratios within the input dataset to balance class distribution, while the latter
modifies the learning algorithm or classifier specifically with respect to the
minority class, without amending the input data distribution35. Among
data-level methods, data preprocessing techniques, particularly resampling
methods, have beenwidely employed in the field of computer science36. One
of themost popular oversampling techniques is the syntheticminority over-
sampling technique (SMOTE), which generates synthetic samples by
interpolating between existing minority class samples to balance the
majority and minority classes37. However, SMOTE may also bring
new challenges, such as the generation of noisy or irrelevant samples.
To address these shortcomings, a series of advanced oversampling
methods have been developed, including K-means SMOTE38, safe-
level-SMOTE39, Borderline-SMOTE34, and adaptive synthetic sam-
pling (ADASYN)40, etc. In contrast to ADASYN, the Borderline-
SMOTE method pays more attention to the synthetic samples near
difficult-to-distinguish decision boundaries between classes, which
effectively minimizes the creation of noisy samples34. At the algo-
rithm level, common strategies for addressing data imbalance include
cost-sensitive learning and ensemble learning. These methods
enhance the model's discriminative ability and increase its focus on
minority samples by modifying the algorithm or decision threshold35.
Classic ensemble learning methods, such as random forest, bagging,

XGBoost, and AdaBoost, can be further improved by combining
them with oversampling techniques to better handle data
imbalance41.

In this work, we integrate the Borderline-SMOTE method with
machine learning algorithms to address the challenges of small dataset and
the data imbalance, aiming to establish an accurate and effectiveMLmodel
for predicting the phase formation ability of HECCs. First, a dataset com-
prising 171 HECCs was constructed through experimental synthesis and
literature collection. To address the scarcity of HECCs containing the ⅢB

elements (Sc, Y, and La) in the dataset, 80 new HECCs samples containing
Sc, Y, and La elements were generated by the Borderline-SMOTE method,
expanding the dataset to 251 samples. Then, redundant and unimportant
features were removed through a combination of Pearson correlation
coefficient analysis, recursive feature elimination, and exhaustive enu-
meration. As a result, an optimal feature subset containing six features was
screened. Subsequently, ten commonly used ML algorithms were well
trained and their prediction performances were compared to select
the most suitable model. Finally, the optimized ML model was
employed to predict the phase formation ability of HECCs composed
of the ⅢB ⅣB, VB elements. The strong agreement between the
experimental and predicted results demonstrates that the Borderline-
SMOTE assisted ML method is a promising strategy for developing
novel HECCs materials.

Results
Construction of the initial dataset and Borderline-SMOTE
Since the relevant research onHECCs containing rare-earth elements is still
in its infancy, thenumberofHECCs samples containinggroup IIIB elements
(Sc, Y, and La) available in the literature remains very limited, resulting in
severe data imbalance in the dataset. In this case, minority class samples are
often poorly represented and may be treated as meaningless or noisy data,
resulting in overfitting and poor generalization performance of ML
models42,43. Therefore, in addition to the 156HECCs samples collected from
the literature (Table S1), 15 new HECCs samples containing the rare-earth
elements Sc, Y, or La were experimentally synthesized, and their phase
compositions were identified by XRD. The corresponding characterization
results are shown in Fig. S1 and Table S2. Figure 1 illustrates the elemental
distributions of the dataset, which combines samples from both literature
and experimental supplementation. As can be seen from Fig. 1(a), current
studies on HECCs predominantly focus on ultra-high-temperature transi-
tion metal elements from the ⅣB and ⅤB groups. Despite the addition of
15 samples containing rare-earth elements through experimental synthesis,
the representation of the ⅢB group elements remains significantly lower
than that of other groups. Figure 1(b, c) exhibits a detailed breakdown of the
quantities of each element in single-phase and multiple-phase carbides,
respectively. It is evident that the dataset suffers from a severe data imbal-
ance issue,which couldnegatively impact thepredictionperformanceofML
models33.

Fig. 1 | Element distribution of the initial dataset. a All element distribution, b element distribution of single-phase HECCs, c element distribution of multiple-phase
carbides.
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The Borderline-SMOTE method is applied to address data imbalance
in the dataset. Unlike traditional SMOTE method that randomly selects
minority samples, Borderline-SMOTE pays close attention to boundary
samples that are more prone to misclassification by the classifier (i.e., those
minority samples that are closer to the majority samples). Figure 2 exhibits
the dataset structure after applying Borderline-SMOTE. As shown in Fig.
2(a), the number of samples containing rare-earth elements (Sc, Y, and La)
increased significantly from 18 to 98 after Borderline-SMOTE. Figure 2(b)
compares the data distribution of the original dataset (red dots) with the
synthetic samples generated by Borderline-SMOTE for HECCs containing
elements Sc, Y, and La (blue dots). The purple dots in Fig. 2(b) represent the
original HECCs samples containing rare-earth elements that are located in
the boundary region between the majority and minority class samples.
Specifically, the red dots in Fig. 2(b) represent all 171 samples in the original
dataset, while the blue dots denote 80 newly generated synthetic HECCs
samples containing Sc, Y, and La elements, produced by Borderline-
SMOTE based on the 18 original HECCs samples containing Sc, Y, and La
elements. Under the superposition of red and blue colors, 16 HECCs
samples containing Sc, Y, and La elements, which are situated in the
boundary area between the majority and minority class samples in the
original dataset are displayed in purple. Comparing the distribution of red
and blue dots in Fig. 2(b), it can be observed that the distribution of HECCs
samples in the dataset shows a certain regularity, that is, similar categories
show a clustered distribution. Specifically, HECCs without rare-earth

elements are mainly distributed on the left side of Fig. 2(b), whereas those
HECCs containing rare-earth elements are more concentrated on the right
side of Fig. 2(b). The Borderline-SMOTE method, emphasizing the
boundary samples, reduces the generation of synthetic samples in the safe
area (regions withminimal impact on classification boundaries) and avoids
the generation of noisy samples. By focusing on the boundary regions,
Borderline-SMOTE improves both the quality and effectiveness of the
synthetic samples, thereby enhancing the accuracy of ML model to classify
the minority class samples34.

Feature selection and model construction
Table 1 presents an overview of the 20 input features used to establish ML
models for predicting the phase formation ability of HECCs. These features
are selected based on the following three considerations44,45. The first cate-
gory pertains to the fundamental thermodynamic properties of HECCs,
such as configurational entropy (ΔSconf). The second category includes
parameters derived from the Hume-Rothery rules of the constituent binary
carbides, such as valence electron concentration (VEC), metallic radius
(rMe), lattice size (l), Pauling electronegativity (χp), Mulliken electro-
negativity (χm), and the geometric parameters (Λ). The third category
encompasses elemental properties of the constituent binary carbides,
including atomic mass (m), density (ρ), first ionization energy (I1), and
effective nuclear charge (Z*). In order to eliminate highly correlated
redundant features and mitigate overfitting in subsequent ML models,

Fig. 2 | Structure of the dataset after Borderline-SMOTE treatment. aData distribution before and after Borderline-SMOTE, b data visualization of the original data and
generated data using t-SNE.

Table 1 | A list of 20 input features used in ML models for predicting HECCs phase formation ability

Features Abbreviations Features Abbreviations

Average valence electron concentration VEC Valence electron concentration difference σVEC

Average Pauling electronegativity �χp Pauling electronegativity difference σχp

Average Mulliken electronegativity �χm Mulliken electronegativity difference σχm

Average density �ρ Density difference σρ

Average mass �m Mass difference σm

Average lattice size �l Lattice size difference σ l

Average metallic radius �rMe Metallic radius difference σ rMe

Average first ionization energy �I1 First ionization energy difference σ I1

Average effective nuclear charge �z� Effective nuclear charge difference σZ�

configurational entropy ΔSconf Geometrical parameter Λ
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Pearson correlation coefficients (PCC) analysis is performed to evaluate the
correlations among different features. Figure 3 shows the PCC values
between all feature pairs. Features with an absolute PCC value greater than
0.90 are considered highly correlated, and only one feature from each cor-
related pair is retained. As summarized in Table S3, six pairs of features
exhibit absolute PCC values exceeding 0.90, which easily lead to overfitting
duringMLmodels training. Therefore, reducing these redundant features is
essential for improving the robustness and prediction accuracy of the ML
models30.

When removing redundant features from the six pairs of highly cor-
related features, about tendistinct feature deletion schemes are generated, as
shown in Table S4. Based on these schemes, a total of 100 ML models are
constructed and trained, corresponding to ten different ML algorithms for
each feature deletion scheme. The AUC values of each model are evaluated
through 5-fold repeated cross-validation to assess the effects of both feature
deletion schemes and ML algorithms on model performance. Figure 4
reveals the AUC values of the 100 individual MLmodels constructed using
ten different ML algorithms across ten feature deletion schemes. As can be
seen from Fig. 4, among the ten feature deletion schemes, scheme 5 exhibits
superior overall performance across the tenML algorithms. Notably, RF
algorithm achieves the highest AUC value of 87.49%, making it the best-

Fig. 3 | Pearson correlation coefficient values of all feature pairs.

Fig. 4 | AUC values of 100 individual ML models built by ten different ML
algorithms for ten feature deletion schemes. The specific representatives of such
ten schemes are shown in detail in Table S4 in supplementary document.
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performing model among all 100ML models. Accordingly, 16 features are
retained as input features for subsequentMLmodeling to predict the phase
formation abilityofHECCs.These features specifically include σVEC , �χp, σχp ,
σχm ,�ρ, σρ, �m, σm,�l, �rMe, σrMe

, σI1 ,
�z�, σZ� ,ΔSconf, andΛ. Among the tenML

algorithms evaluated, RF, XGB, SVM.rbf, SVM.poly, SVM.linear and LOG
algorithms show better model performances than other algorithms. As a
result, these sixML algorithms are employed for further feature engineering

and hyperparameter optimization to search for the optimal feature subset
and model parameters for improving prediction performance.

Recursive feature elimination is a feature selection process that itera-
tively remove the least important features by training an initial model and
ranking feature importance until only themost significant features remain46.
In comparison to recursive feature elimination, exhaustive feature combi-
nation evaluates the performance of each feature subset by traversing all

Fig. 5 | Recursive feature elimination for six ML models. a SVM.rbf, b SVM.linear, c SVM.poly, d RF, e XGB, f LOG.

Fig. 6 | Exhaustive screening for six ML models. a SVM.rbf, b SVM.linear, c SVM.poly, d RF, e XGB, f LOG.
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possible combinations47. To enhance the efficiency of feature screening and
identify a more globally optimal feature subset, both recursive feature
elimination and exhaustive feature combination are employed in this study.
Figures 5 and 6 illustrate the whole process of recursive feature elimination
and exhaustive feature combination applied to sixMLmodels. InFig. 5, each
dot represents the score of an individual fold in the 5-fold repeated cross-
validation for different feature numbers, while the red dots indicate the
highest scores among all folds for the corresponding feature number. The
red stars in Fig. 5 correspond to the average scores of the six ML models,
calculated from 5-fold repeated cross-validation. As shown in Fig. 5(a-f), as
the number of features gradually decreases, the average scores of the sixML
models exhibit a trendof initially increasing and subsequently decreasing. In

the early stages of feature elimination, as the number of features decreases,
removing unimportant features reduces noise and redundancy, thereby
improving model performance. However, when the number of retained
features is further reduced, some important features may be excluded,
preventing the models from fully capturing key information in the dataset.
This leads to a significant decline in model performance. After recursive
feature elimination, the optimal numbers of features with the highest AUC
values corresponding to SVM.rbf, SVM.linear, SVM.poly, RF, XGB and
LOGmodels are 9, 5, 6, 6, 8, and 4, respectively.

Figure 6 presents an exhaustive enumeration of all feature combina-
tions derived from the top ten most important features identified by the
recursive feature elimination results shown in Fig. 5. From Fig. 6(a-f), it can
be seen that all six ML models present a similar trend with respect to
recursive elimination, that is, as the number of features increases, the ML
models performance initially increases and then decreases. Considering the
trade-off between higher predictive performance and fewer input features,
the SVM.rbf, RF and XGB algorithms outperform the SVM.linear,
SVM.poly andLOGalgorithms.Table 2 specifically summarizes theoptimal
numberof features, corresponding feature subsets, andmodelperformances
for six ML algorithms. It can be seen that the optimal feature subsets are
primarily divided into two categories: those screened by SVM-based and
LOG models, and those filtered by RF and XGB models. This distinction
arises from the differing mechanisms used by these algorithms to evaluate
feature importance. Both SVM and LOG evaluate feature importance by
optimizing theweight coefficients of themodels and automatically selecting
key features by regularization method. For RF and XGB models, both of
which rely on decision tree as base learners, determine feature importance
based on the contribution of features within the tree structures28. Owing to
their ensemble and regularization mechanisms, RF and XGB algorithms
effectively mitigate overfitting, resulting in a high degree of overlap in the
selected feature subsets.

Hyperparameter optimization and model evaluation
In order to prevent overfitting or underfitting and improve the general-
ization ability ofMLmodels, hyperparameter optimization is carried out for
the SVM.rbf, RF and XGB models, which show the highest AUC values
during the exhaustive screening process. The hyperparameter search spaces
explored for these models are summarized in the supplementary informa-
tion (Table S5). As shown in Table 3, the optimal hyperparameters iden-
tified for the SVM.rbf, RF, and XGB models are obtained using the
RandomizedSearchCV method. Taking the RF model as an example,

Table 2 | Optimal number of features, corresponding feature
subsets and model performances for six MLmodels obtained
by exhaustive screening

Algorithm Feature
number

Best feature subset Best
AUC value

SVM.rbf 6 σVEC, σχp , ΔSconf, rMe,

σrMe
, z�

88.58%

SVM.linear 8 σχp , σχm , ΔSconf, rMe,

σrMe
, σZ�

84.28%

SVM.poly 6 σVEC, σχp , σχm , ΔSconf,
�l, rMe,

σrMe
, z�

88.46%

RF 5 σVEC, χp, σ I1 , z
�, Λ 90.22%

XGB 6 rMe, Λ, χp, σ I1 , σVEC, z
� 89.92%

LOG 7 σVEC, σχp , σχm , ΔSconf, rMe,

σrMe
, σ I1

83.15%

Table 3 | Best hyperparameters for SVM.rbf, RF, XGB models

Algorithm Best hyperparameter

SVM.rbf C = 1.92, gamma=0.45

RF n_estimators=419, max_depth=19, max_features = ‘log2'

XGB n_estimators=80, max_depth=6, learning_rate=0.3

Fig. 7 | Performance evaluation of three ML models on training and test datasets using metrics AUC, F1-score, Recall, and G-mean. aWithout Borderline-SMOTE;
b with Borderline-SMOTE.
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RandomSearchCV is applied to explore all the combinations of n_estima-
tors in the range of [100, 1000], max_depth in the range of3,20, and max_-
features with options [‘auto’, ‘sqrt’, ‘log2’]. The results indicate that the RF
model achieves the best AUC performance with n_estimators=419,
max_depth=19, and max_features = ‘log2’, respectively.

Figure 7 compares the prediction performance of three ML
models on the training and test dataset, both without and with
Borderline-SMOTE. The evaluation metrics selected include AUC, F1-
score, Recall and G-mean, which are generally used to evaluate the
model performance during data imbalance. Among these evaluation
metrics, F1-score and Recall mainly focus on the prediction perfor-
mance for the positive samples, that is, single-phase HECCs, while
AUC and G-mean reflect a more comprehensively assessment of the
predictive performances for both positive (single-phase HECCs) and
negative (multiple-phase carbides) samples at the same time48. As can
be seen from Fig. 7(a), without Borderline-SMOTE, all three models
perform well on the training dataset. In particular, the Recall value of
the XGB model on the training dataset reaches 100%, which indicates
that the model can correctly identify all single-phase HECCs samples
in the training data. Nevertheless, the performance of the three models
on the test dataset is poor, which demonstrates that data imbalance
exacerbates the overfitting of the model. In Fig. 7(b), after applying
Borderline-SMOTE, all three models show good predictive perfor-
mance on both the training and test datasets. This indicates that the
Borderline-SMOTE-assisted machine learning method contributes to
tackling the overfitting and effectively improves the generalization
ability of the model. A comprehensive comparison of the three models
shows that RF is the most suitable model for predicting the phase
formation ability of HECCs in the current investigation.

Model prediction and experimental validation
The well-trained RF model is employed to predict the phase formation
ability of novel HECCs within the compositional space consisting of Sc, Y,
La, Zr, Ti, Hf, V, Nb, and Ta elements. The detailed prediction results are
summarized in Supplementary information. The classification threshold is
set at 0.5, whereprediction probabilities closer to 0 indicate a higher like-
lihood of forming multiple-phase carbides, and probabilities closer to 1
suggest a higher likelihood of forming single-phase HECCs. Based on the
predicted results, eightHECCs samples with relatively high uncertainty and
ten HECCs samples with low uncertainty are selected for experimental
verification and characterization (Table S6). High uncertainty refers to
samples with predicted probabilities in the range of 0.3 to 0.7, where the
predicted labels of the classifier may be ambiguous and prone to mis-
classification. In contrast, low uncertainty refers to samples with predicted
probabilities in the ranges of 0–0.3 or 0.7–1, which are expected to show
good consistency with experimental results. The phase compositions of
these above 18 HECCs samples were analyzed by XRD, and their XRD
patterns are shown in Fig. 8. Seven samples, including (HfNbScYZr)C,
(HfLaNbScTa)C, (HfLaNbTiZr)C, (HfNbScTaTi)C, (HfLaNbTaZr)C,
(LaNbTaTiZr)C, and (NbTaTiVZr)C, exhibit single-phase with face-
centered cubic structures. The remaining 11 samples including
(NbScTaVZr)C, (LaNbTiVY)C, (HfNbScVY)C, (HfNbTiVZr)C, (HfTi-
VYZr)C, (HfTaTiVZr)C, (HfLaScYZr)C, (LaNbScTaTi)C, (LaNbScVY)C,
(LaNbTaVY)C, and (ScTaVYZr)Care identifiedasmultiple-phase carbides.
Comparing the experimental results withRFmodel predicted results reveals
that, among 18 experimental results, except for (LaNbScTaTi)C, (HfTa-
TiVZr)C, (NbTaTiVZr)C, and (LaNbScVY)C, the experimental results of
the remaining 14 samples are consistent with RF model prediction results,
which implies that the prediction accuracy of the model is 77.78%.

Fig. 8 | XRD patterns of 18 quinary HECCs verified by experiment.
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To further improve the robustness and reliability of the prediction
model, we employed an active learning strategy to intentionally incorporate
additional valuable HECCs samples. Specifically, the above eight HECCs
samples with relatively high uncertainty are sequentially added to the
dataset, and the RF model is retrained and optimized over multiple itera-
tions to further enhance prediction performance. The results of each
iteration are summarized in the supplementary information. It can be seen
that, after five iterations, the prediction accuracy of the optimized RFmodel
tends to be stable, maintaining an experimental validation accuracy of
88.89%. The specific prediction results of the 18 experimental samples after
five iterations are shown in Table 4. Comparing the experimental results in
Fig. 8 and the supplementary information (Figs. S2–S19), except for
(LaNbTaTiZr)C and (HfTaTiVZr)C, the phase formation ability of the
remaining 16 HECCs samples is successfully predicted. This strong agree-
ment betweenmodel predictions and experimental validation demonstrates
the good prediction ability of the proposed ML model.

Based on the above results, two samples with model prediction
deviations, (LaNbTaTiZr)C and (HfTaTiVZr)C, are selected for TEM
characterization. As shown in the dark-field images, high-angle annular
dark-field (HAADF) images, andEDS elementalmapping results in Fig. 9(a,
b, e), (LaNbTaTiZr)C exhibits ideal elemental homogeneity at the nanos-
cale, with no significant elemental segregation detected. Notably, the results
in Fig. 9(f, g, j) confirm the presence of elemental segregation in (HfTa-
TiVZr)C, indicating that the VC phase fails to fully dissolve into the matrix
lattice, leading to the formation of V-rich regions. Further analysis of the
high-resolution transmission electronmicroscopy (HRTEM) images in Fig.
9(c, h, k) reveals that both samples maintain well-ordered periodic lattice
structure ofmetal carbides. Themeasured lattice spacings of (LaNbTaTiZr)
C are 2.50Å, slightly smaller than that of the main phase in the multiphase
(HfTaTiVZr)C, measured at 2.55 Å. This variation in lattice parameters
primarily originates from the atomic size effect and lattice distortion in
HECCs. According to Vegard’s law49, the average atomic radius differences
(Δr) of the (LaNbTaTiZr)C systems is 9.8%, exceeding the critical threshold
for solid solution formation (Δrmax=6.5%), leading to significant lattice
distortion. Additionally, the selected area electron diffraction (SAED) pat-
terns in Fig. 9(d, i, l) confirm that both samples exhibit a typical face-
centered cubic (FCC) structure with space group Fm�3 m. In summary, the
TEM results align well with the XRD results, clearly demonstrating the
effectiveness of incorporatingHECC sampleswith high uncertainty into the
dataset and iteratively improving the model.

Figure 10 illustrates thepredicted single-phase formationprobability of
several HECCs systems, including (HfZrTaScY)C, (HfZrTaScLa)C, and
(HfZrTaYLa)C, within the non-equimolar composition space using the
established RFmodel. By analyzing the relationship between compositional
variations and single-phase formation ability across these three systems, Fig.
10(a-c) highlights the significant impact of element ratios on the formation
of single-phase HECCs. When the content of (HfZrTa)C is less than 0.25,
corresponding to a relatively high concentration of rare-earth elements, all
three systems tend to form single-phase HECCs in a relatively broad con-
centrational range. Conversely, when the (HfZrTa)C content exceeds 0.85,

corresponding to a lower concentration of rare-earth elements, only a small
compositional region in the lower-right corner of the predicted phase dia-
grams exhibits a high likelihood of forming single-phase HECCs. In addi-
tion, comparison of the three systems reveals that the (HfZrTaScLa)C
system possesses fewer regions favorable for single-phase formation com-
pared to the (HfZrTaScY)C and (HfZrTaYLa)C systems. Furthermore, as
the Sc content increases, the formation of single-phase HECCs becomes
progressivelymore challenging. These findings serve as a valuable reference
for experimental efforts aimed at tailoring compositions to achieve the
desired phase stability in the (HfZrTaScY)C, (HfZrTaScLa)C, and
(HfZrTaYLa)C systems. Overall, the predicted phase diagrams provide
critical insights for the rational design of HECCs systems, offering intuitive
guidance for optimizing elemental ratios and exploring potential single-
phase HECCs materials.

Discussion
In this work, we developed a machine learning framework to predict the
phase formation ability of HECCs containing rare-earth elements, addres-
sing the challenge of data imbalance arising from the limited availability of
experimentally reported compositions. To overcome this limitation,
Borderline-SMOTE was employed to expand the dataset of HECCs con-
taining rare-earth elements from 18 samples (3 from literature and 15 from
experimental synthesis) to 98 samples, thereby enabling a more balanced
and representative dataset for model training. This strategy not only alle-
viated the negative effects of data scarcity and imbalance, but also sig-
nificantly improved the reliability of subsequent model training.

Furthermore, a comprehensive four-step feature selection strategy was
employed, integrating Pearson correlation coefficients, recursive feature
elimination, exhaustive feature combinations, and hyperparameter opti-
mization. This systematic approach enabled the identification of key fea-
tures governing phase stability while minimizing redundancy and
overfitting risks. The performance of the machine learning models was
rigorously assessed usingmultiplemetrics, includingAUC, F1-score, Recall,
andG-mean. Among the evaluatedmodels, the RandomForest (RF)model
achieved the best overall balance between accuracy and generalization, with
AUC, F1-score, Recall, and G-mean values of 97.36%, 95.83%, 95.83%, and
91.13% on the test set, respectively.

The well-trained RF model was further applied to predict the phase
formation ability of equimolar HECCs. Eight compositions with relatively
high predictive uncertainty were selected for experimental synthesis and
phase identification, and their outcomes were iteratively incorporated into
the dataset. This feedback loop between prediction and experiment
improvedmodel reliability, ultimately achieving an experimental validation
accuracy of 88.89%. Importantly, the optimized RF model was extended to
explore the broader non-equimolar composition space of the (HfZrTaScY),
(HfZrTaScLa), and (HfZrTaYLa) systems, providing guidance for designing
novel HECCs and laying the foundation for discovering materials with
tailored properties.

While Borderline-SMOTE effectively improves class balance, it
introduces synthetic data that may not fully capture the complexity of real

Table 4 | Comparison of prediction and actual results of RF model

Composition Predicted results Actual results Composition Predicted results Actual results

(HfNbScYZr)C 0.82 Single (HfNbScVY)C 0.21 Multiple

(HfLaNbScTa)C 0.53 Single (HfNbTiVZr)C 0.35 Multiple

(HfLaNbTiZr)C 0.58 Single (HfTiVYZr)C 0.40 Multiple

(HfNbScTaTi)C 0.72 Single (HfTaTiVZr)C 0.86 Multiple

(HfLaNbTaZr)C 0.53 Single (HfLaScYZr)C 0.12 Multiple

(LaNbTaTiZr)C 0.40 Single (LaNbScTaTi)C 0.36 Multiple

(NbTaTiVZr)C 0.55 Single (LaNbScVY)C 0.24 Multiple

(NbScTaVZr)C 0.37 Multiple (LaNbTaVY)C 0.17 Multiple

(LaNbTiVY)C 0.25 Multiple (ScTaVYZr)C 0.36 Multiple
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experimental systems. Future work will focus on further expanding the
dataset through high-throughput synthesis, integrating domain-
knowledge-based features, and exploring advanced machine learning stra-
tegies to further enhancepredictive accuracy and support the rational design
of HECCs with tailored properties.

Methods
Figure 11 shows the flowchart of phase prediction for HECCs based on
Borderline-SMOTE-assisted machine learning. It mainly consists of four
parts: data preparation, feature engineering,MLmodel building, andmodel
evaluation.

Data preparation
To construct a comprehensive dataset, we collected a wide range of HECCs
from relevant literature, spanning ternary to novenary compositions. This
dataset encompasses 84 single-phase HECCs and 72 multiple-phase car-
bides, totaling 156 samples, as summarized in Table S1. These HECCs
samples are composed of elements from group ⅢB (Sc, Y, and La), ⅣB

group (Ti, Zr, and Hf), ⅤB group (V, Nb, and Ta) andⅥB group (Cr, Mo,
and W) in the periodic table. Notably, only three HECCs samples

containing Sc, Y, or La were collected, highlighting a significant data
imbalance in this dataset. For ML model training, HECCs with single-
phases were labeled as “1”, whereas those formingmultiple-phases carbides
were labeled as “0”.

To establish the input features for the ML models, relevant prop-
erties of HECCs and their constituent carbides were collected, resulting
in a total of 20 features (Table 1). These features specifically include
valence electron concentration (VEC), Pauling electronegativity (χp),
Mulliken electronegativity (χm), density (ρ), mass (m), lattice size (l),
metallic radius (rMe), first ionization energy (I1), effective nuclear charge
(Z*), configurational entropy (ΔSconf) and geometric parameters (Λ).
The ΔSconf of HECCs was calculated based on the molar fraction of each
element (Xi) by the formula (1):

ΔSconf ¼ �R
XN
i¼1

XilnðXiÞ ð1Þ

whereN is the number of elements inHECCs, andR represents the ideal gas
constant (R = 8.314 J/(Kmol)). The average ( �prop) and standard deviation
(σprop) values of the relevant properties, includingVEC, χp, χm, ρ,m, l, rMe, I1,

Fig. 9 | TEMresults of two experimentally synthesized (LaNbTaTiZr)C and (HfTaTiVZr)C samples. a,b, f, gHAADF images; c,h, kHRTEM images;d i, l SAEDpatterns;
e, j EDS elemental mapping images.
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and Z*, were calculated by the following formulas:

prop ¼
XN
i¼1

XiðpropÞi ð2Þ

σprop ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

i¼1
Xi 1� propi

�prop

� �2
s

ð3Þ

whereXi is themolar fraction of each element inHECCs, and propi refers to
a certain property of the ith constituent binary carbide of HECCs. The
geometric parameter (Λ) was defined as follows:

Λ ¼ ΔSconf

ðσ lÞ2
ð4Þ

Borderline-SMOTE method
The Borderline-SMOTE method is an oversampling algorithm that devel-
ops on the basis of traditional SMOTE technique, which posits that samples
located near the classification boundary are often crucial for determining
classification results. Borderline-SMOTE adopts a more targeted strategy,
which divides the minority class samples into three non-overlapping

categories: (1) safety samples: minority class samples where the majority of
neighbors also belong to the minority class, indicating they are located well
within the decision region of the minority class samples. (2) noise samples:
minority class samples whose nearest neighbors are entirely composed of
the majority class samples, suggesting they are situated within the decision
region of the majority class samples. (3) danger samples: minority class
samples that have amix ofminority andmajority neighbors,which are often
located near the decision boundary of majority and minority class samples.
After that, Borderline-SMOTE focuses exclusively on the danger samples
and applies the SMOTE technique to generate new synthetic minority class
samples. This selective oversampling strategy ensures that the newly gen-
erated samples are positionednear the decision boundaries that are prone to
misclassification, which is beneficial to improve the prediction performance
of ML models.

Feature engineering
Feature engineering plays a crucial role in determining the ultimate per-
formance ofMLmodels. Since there is a lack of prior knowledge that certain
features are inherently superior to others, it is essential to accumulate as
many potentially relevant features as possible when constructing the initial
dataset44. In this study, 20 features related tophase formationwereutilized as
input features for subsequent ML models. However, it is worth noting that
material features often vary in terms of magnitudes, units and value ranges,

Fig. 11 | Technique flowchart of phase prediction for HECCs based on Borderline-SMOTE-assisted machine learning.

Fig. 10 | Phase formation diagrams of quinary HECCs systems predicted by the well-trained RF model. a (HfZrTaScY)C; b (HfZrTaScLa)C; c (HfZrTaYLa)C.
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which have an enormous impact on the predicted accuracy of ML models.
To address this issue, it is necessary to normalize the initial dataset, ensuring
that all features were unified to the same magnitude level. This normal-
ization process prevents features with smaller magnitudes from being
overlooked and avoids disproportionately assigning greater weights to
features with larger magnitudes50. The normalization function was defined
by formula (5):

Xnorm
i ¼ Xi � Xmin

Xmax � Xmin
ð5Þ

where Xi and Xnorm
i represent the i-th values of the input feature X before

and after normalization, respectively. Xmax and Xmin denote the maximum
and minimum values of the input feature X, respectively. After normal-
ization, the dataset samples were randomly shuffled to eliminate any
potential ordering bias and to ensure robust performance during cross-
validation and model training. This procedure enhances the statistical
representativeness of the training and validation subsets, ultimately
supporting better model generalization.

A four-step feature selection strategy was executed on the shuffled
feature set to eliminate redundant features and screen the optimal feature
subset46,51. The first step involved correlation screening. Pearson correlation
coefficients (PCC) between different features were calculated using formula
(6) as follows:

PCC ¼
PN

i¼1ðFki � FkÞðFli � FlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðFki � FkÞ

2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i¼1ðFli � FlÞ2
q ð6Þ

where N is the total number of samples in the dataset, Fki and Fli are the
values of two different features for the ith sample, Fk and Fl represent their
corresponding average values. Feature pairs with an absolute PCC value
greater than 0.90 was considered to be strongly linear correlated, and one
feature from each such pair was removed. When highly correlated features
were removed, corresponding ML models were then constructed based on
different feature deletion combinations, and the combination yielding
higher prediction accuracy was remained.

The second step was recursive feature elimination. The remaining
features after correlation filtering were subjected to recursive elimination
process, in which the least important feature was successively removed. For
an m-dimensional feature set, each m−1 dimensional feature subset was
separately utilized to train ML models, and the subset with the highest
prediction accuracy was retained for the following recursion. This process
was repeated until only one feature remained. After the whole recursive
elimination, the subset with the highest prediction accuracy was preserved.

The third step involved exhaustive screening. All possible feature
subsets generated from the remaining features after recursive elimination
were evaluated, and then the feature subset with the highest prediction
accuracy of ML models was selected as the optimal feature combination.

The final step was hyperparameter optimization. The Randomi-
zedSearchCV method was employed to optimize the hyperparameters of
ML models, thereby further improving the prediction accuracy52.

Machine learning algorithms
According to the “no free lunch” theorems proposed byWolpert et al., there
is no universally suitable ML algorithm applicable to all materials
problems53. Therefore, it is necessary to select the most suitable ML algo-
rithm for a specific material problem. For predicting the phase formation
ability of HECCs, ten commonly used ML algorithms were applied to the
modeling for comparison, including random forest (RF)54, Xgboost
(XGB)55, K-nearest neighbor (KNN)56, logistic regression (LOG)57, Ada-
Boosting (Adaboost)52, support vector machine using radial basis function,
polynomial kernel, and linear kernel (SVM.rbf, SVM.poly, and
SVM.linear)58, decision tree (DT)59, and naive Bayes (NBayes)60. More
specifically, RF, Adaboost, XGB, andDT are tree-based algorithms that can

capture complex non-linear relationships. KNN is a distance-based algo-
rithm that predicts new data by estimating the proximity to their K nearest
neighbors. LOG is a generalized linear algorithm used for classification
problems, which predicts the probability of data belonging to a certain class
by combining features linearly. SVM is a kernel-based algorithmwhose goal
is to identify the optimal hyperplane in the feature space that separates data
points of different classes while maximizing the classification boundary
margin. NBayes is a classification algorithm based on Bayes’ theorem and
the assumption of conditional independence among features. It calculates
the posterior probability of each category under a given data sample, and
selects the category with the highest posterior probability as the prediction.

During modeling process, the shuffled dataset was randomly divided
into training and test subsets, with 75% allocated for training and 25% for
testing. To evaluate ML model’s performance, 5-fold repeated cross-
validation was adopted, which develops from traditional 5-kold cross-
validation process. Specifically, 5-fold cross-validation typically divides the
dataset into five non-overlapping subsets, each subset has an opportunity to
be used as a test set, while all the remaining subsets serve as the training set.
ML models are trained and tested for each fold, and calculate the average
performance of all folds. On this basis, 5-fold repeated cross-validation is
performed by repeating 5-fold cross-validation. The dataset is randomly
redivided in each repetition, and the mean and standard deviation of the
results across all repetitions are taken to reduce the variance in the eva-
luation results and obtain a more stable and reliable model performance
estimation.

Model evaluation
For imbalanced datasets, traditional evaluationmetrics such as accuracy can
be misleading, as they fail to effectively reflect the model’s performance on
minority class samples. The receiver operating characteristic (ROC) curve is
often used to summarize the classifier performance under a range of trade-
offs between the true positive rate and the false positive rate. The area under
the ROC curve (AUC) is a well-known performance metric of the ROC
curve, which makes AUC often used to evaluate the performance of
imbalanced data37. Moreover, metrics like F1-score, Recall, and G-mean
have been increasingly employed to comprehensively assess theMLmodels’
performance61. These metrics can provide a more integrated assessment,
particularly in scenarios involving imbalanced data. These metrics are
defined as follows:

TPR ¼ TP
TP þ FN

ð7Þ

FPR ¼ FP
FP þ TN

ð8Þ

AUC ¼
Z 1

0
TPR d ðFPRÞ ð9Þ

Precision ¼ TP
TPþ FP

ð10Þ

Recall ¼ TP
TPþ FN

ð11Þ

F1� score ¼ 2 ×
Precision ×Recall
Precisionþ Recall

ð12Þ

G�mean ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

TP
TPþ FN

×
TN

TNþ FP

r
ð13Þ

whereTP,FN,FP, andTNaredefinedbasedon the relationshipbetween the
ML model-predicted results and the real results. In detail, TP, FN, FP, and
TN denote true positive, false negative, false positive, and true negative,
respectively.
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Experiments
HECCs samples for expanding the initial dataset and validating the ML
model were synthesized by carbothermal reduction route. The composi-
tions were randomly selected from elements in theⅢB (Sc, Y, and La),ⅣB

(Ti, Zr, and Hf), ⅤB (V, Nb, and Ta) groups in the periodic table. Com-
mercially available rawmaterials of Sc2O3 (>99.9%, 1–3 µm), Y2O3 (>99.9%,
1–3 µm), La2O3 (>99.9%, 1–3 µm), TiO2 (>99.9%, 1–3 µm), ZrO2 (>99.9%,
1–3 µm),HfO2 (>99.9%, 1–3 µm),V2O5 (>99.9%, 1–3 µm),Nb2O5 (>99.9%,
1–3 µm), Ta2O5 (>99.9%, 1–3 µm) and carbon powder (>99.9%,
300–500 nm) were purchased from Eno Material Development Co. Ltd
(Qinhuangdao, China).

Taking (Hf0.20Zr0.20Ta0.20Sc0.20Y0.20)C as an example, the synthesis
mechanism was dominated by the following reaction:

2HfO2 þ 2ZrO2 þ Ta2O5 þ Sc2O3 þ Y2O3 þ 29C !
10 Hf0:20Zr0:20Ta0:20Sc0:20Y0:20

� �
Cþ 19COðgÞ ð14Þ

First, the raw material powders were weighed according to the molar
ratio of HfO2:ZrO2:Ta2O5:Sc2O3:Y2O3:C = 2:2:1:1:29, using ethanol as the
medium. Themixture was stirred for 4 h, and themixed slurry was dried in
an oven at 100 °C for 8 h. Next, the mixture powders were wrapped by
graphite paper and placed into a graphite crucible. This crucible was
transferred to an induction heating furnace with graphite as the heating
component. The furnace temperature was gradually raised to 2100 °C at a
rate of 5 °C/min, followed by 2 h isothermal hold and natural cooling under
a flowing argon atmosphere. The phase compositions of the synthesized
HECCs powders were characterized by X-ray diffraction (XRD; X’Pert Pro-
MPD,PANalytical,Netherlands)withCuKααradiation.Themorphologies
and element distributions of the experimentally synthesized HECCs pow-
ders were analyzed by electron microscopy using a scanning electron
microscope (SEM, ZEISS Gemini 500, Germany) equipped with energy
dispersive spectroscopy (EDS, Oxford INCA, Holland). The morphologies
and element distributions of the experimentally synthesized (LaNbTaTiZr)
C and (HfTaTiVZr)C powders were investigated by transmission electron
microscopy (TEM, FEI TECNAI G20, Hillsboro, OR, USA) equipped with
the EDS.

Data availability
All data generated or analyzed during this study are included in this pub-
lished article and its supplementary information files. The underlying code
for this study may be made available to qualified researchers on reasonable
request from the corresponding author.

Code availability
The underlying code for this study may be made available to qualified
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