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Abstract 

The design of advanced metallic alloys is challenged by complex, nonlinear interacƟons among 

mulƟple alloying elements, making convenƟonal trial-and-error approaches costly and Ɵme-intensive. 

This study presents an integrated, interpretable machine learning framework applied to a dataset of 

2,672 mulƟ-component alloy systems, using elemental composiƟon as the sole input. A mulƟ-output 

Random Forest Regressor simultaneously predicts UlƟmate Tensile Strength (UTS) and Liquidus 

Temperature, achieving a test R² of 0.848 and a 5-fold cross-validaƟon R² of 0.849 ± 0.017, 

outperforming Linear Regression (R² = 0.512) and Gradient BoosƟng (R² = 0.787) baselines. A LogisƟc 

Regression classiĮer idenƟĮes high-performance alloy composiƟons deĮned by simultaneous UTS and 

liquidus temperature thresholds achieving an overall accuracy of 82% and an AUC of 0.871. Threshold 

sensiƟvity analysis conĮrms classiĮcaƟon stability across varying performance criteria. Principal 

Component Analysis (PCA) and K-Means clustering, applied to the full composiƟonal feature space, 

reveal three disƟnct alloy families with systemaƟc diīerences in mechanical and thermal properƟes. 

CriƟcally, interpretability is preserved throughout via SHAP analysis and permutaƟon-based feature 

importance, idenƟfying Vanadium (V), Iron (Fe), Tungsten (W), and Carbon (C) as the dominant 

composiƟonal drivers a Įnding that both conĮrms and extends established metallurgical 

understanding. The dataset was veriĮed to contain no missing values across all 31 elemental features. 

CollecƟvely, the proposed framework provides a scalable and interpretable foundaƟon for accelerated 

alloy screening, property predicƟon, and data-driven materials discovery.  

Keywords: Materials InformaƟcs; Alloy Design; Machine Learning; Random Forest; LogisƟc 

Regression; K-Means Clustering; Explainable ArƟĮcial Intelligence  

 

 



1 IntroducƟon 

The engineering and reĮnement of advanced alloys represent a fundamental hurdle in materials 

science, primarily due to the intricate, mulƟ-dimensional interacƟons between diverse chemical 

consƟtuents and thermomechanical processing variables [1]. CriƟcal mechanical indicators, such as 

ulƟmate tensile strength (UTS) and melƟng characterisƟcs (solidus/liquidus temperature), exhibit high 

sensiƟvity to both primary solutes and trace elements. Consequently, tradiƟonal "trial-and-error" 

paradigms are increasingly viewed as ineĸcient, characterized by prohibiƟve costs and lengthy 

experimental Ɵmelines [2]. As contemporary industrial demands shiŌ toward "materials-by-design," 

there is an urgent requirement for robust predicƟve frameworks that accelerate discovery without 

sacriĮcing physical Įdelity. 

Historically, the development of metallic systems has leaned on heurisƟc rules, established phase 

equilibria, and iteraƟve tesƟng [3]. While these methodologies are robust for dilute or binary systems, 

their eĸcacy diminishes when navigaƟng the high-dimensional design space of complex mulƟ-

component alloys. In these regimes, inĮnitesimal shiŌs in stoichiometry can trigger profound changes 

in crystalline stability, oxidaƟon resistance, and plasƟc deformaƟon mechanisms [4]. This inherent 

complexity necessitates a transiƟon from empirical observaƟon to advanced data-driven 

methodologies. Recent advances in alloy databases and experimental archives have enabled the 

applicaƟon of data-driven models to mulƟ-component composiƟonal datasets. 

The emergence of machine learning (ML) has catalysed a paradigm shiŌ in computaƟonal materials 

engineering, oīering new avenues for property forecasƟng and high-throughput screening [5]. Unlike 

classical analyƟcal models, ML architectures can discern non-linear paƩerns within high-dimensional 

datasets. Supervised learning algorithms have demonstrated high Įdelity in esƟmaƟng hardness and 

thermal thresholds, while unsupervised techniques facilitate the discovery of latent material 

taxonomies and structural correlaƟons [6]. 

Despite these advances, a persistent gap remains in the literature: many current models operate as 

"black boxes," prioriƟzing predicƟve precision over physical interpretability [7]. For metallurgical 

applicaƟons, a model must not only predict value but also elucidate the underlying elemental 

inŇuences. While recent studies have demonstrated the uƟlity of composiƟon-based ML frameworks 

for speciĮc alloy families, including aluminum alloy recycling opƟmizaƟon [8], high-entropy alloy 

property predicƟon [9], and steel microstructure classiĮcaƟon [10], the simultaneous integraƟon of 

mulƟ-output regression, binary performance classiĮcaƟon, and unsupervised composiƟonal mapping 

within a single interpretable framework remains underexplored. 



To address this gap, the objecƟve of the present study is to develop an interpretable machine learning 

framework capable of predicƟng alloy properƟes, classifying alloy performance, and idenƟfying 

composiƟonal families using elemental composiƟon as the sole input descriptor. The proposed 

workŇow integrates mulƟ-output Random Forest regression for the predicƟon of UlƟmate Tensile 

Strength (UTS) and liquidus temperature, LogisƟc Regression classiĮcaƟon for alloy performance 

screening, and K-Means clustering for composiƟonal mapping. Unlike many previous studies that focus 

on a single analyƟcal task, the present work uniĮes regression, classiĮcaƟon, and clustering within a 

single workŇow applied to the same dataset. In addiƟon, interpretability is embedded throughout the 

framework through the combined use of SHAP analysis, permutaƟon importance, and logisƟc 

regression coeĸcient analysis, while clustering is performed in the full composiƟonal feature space 

rather than on PCA-reduced data. CollecƟvely, these capabiliƟes provide a scalable and interpretable 

approach for alloy screening, property predicƟon, and data-driven materials discovery. The overall 

workŇow of the proposed framework is illustrated in Figure 1. 

 

Figure 1. SchemaƟc overview of the proposed data-driven framework for alloy analysis, illustraƟng 

the integraƟon of composiƟon-based property regression, performance classiĮcaƟon, and 

unsupervised clustering for alloy family discovery. 

 

2 Materials and Methods 

2.1 Dataset DescripƟon and Alloy ComposiƟon Space 

The dataset employed in this study consists of 2,672 mulƟ-component alloy systems sourced from a 

publicly available repository aggregaƟng experimentally reported alloy property data [11]. Each entry 



is described by its elemental composiƟon and two corresponding thermophysical and mechanical 

target properƟes. It should be noted that the dataset labels UTS in psi; however, inspecƟon of 

reference alloy entries against established material standards conĮrms the values correspond to MPa, 

indicaƟng a labelling inconsistency in the source repository. This was veriĮed and corrected prior to 

modelling. 

The composiƟonal space spans 31 elemental features expressed in weight percent (wt.%), including 

major alloying elements such as Fe, Cr, Ni, C, V, W, and Mo, as well as secondary and trace elements. 

For each alloy entry, two experimentally derived target properƟes are provided: 

• UlƟmate Tensile Strength (UTS) ranging from 140 to 2,450 MPa, with a mean of 652.5 MPa 

• Liquidus Temperature ranging from 1,160 to 1,830°C, with a mean of 1,448.8°C 

The dataset spans a broad composiƟonal space covering alloy families including carbon steels, stainless 

steels, high-strength low-alloy steels, and specialty high-carbon alloys. This diversity introduces 

heterogeneity across alloy families a characterisƟc acknowledged as a limitaƟon, discussed further in 

SecƟon 4.3. Importantly, no missing values were found across any of the 31 elemental features, 

conĮrming the completeness of the dataset and eliminaƟng imputaƟon uncertainty. Median 

imputaƟon was nonetheless retained in the preprocessing pipeline as a precauƟonary measure for 

generalizaƟon to new inputs. 

The dataset represents a high-dimensional materials design space characterized by nonlinear 

interacƟons between alloying elements, variable composiƟonal sparsity across samples, and strong 

coupling between composiƟon and physical behaviour. Such characterisƟcs render tradiƟonal linear 

modelling approaches insuĸcient, moƟvaƟng the adopƟon of ensemble-based data-driven techniques 

[12]. 

2.2 Data Preprocessing and Feature ConstrucƟon 

Prior to model development, the dataset underwent systemaƟc preprocessing to ensure numerical 

stability and compaƟbility with machine learning algorithms. 

 

2.2.1 Feature SelecƟon 

All 31 numeric composiƟonal features were retained to preserve the full chemical complexity of the 

alloys. No dimensionality reducƟon was applied at this stage, as one of the objecƟves of this study is 

to invesƟgate elemental contribuƟons and interpretability. Non-numeric idenƟĮers such as alloy labels 

were excluded from the feature matrix. 



2.2.2 Missing Value Handling 

InspecƟon of the dataset conĮrmed zero missing values across all elemental features. Median 

imputaƟon was nonetheless incorporated into the modelling pipeline as a precauƟonary measure to 

ensure robustness when the framework is applied to new or incomplete alloy entries [13]. 

2.2.3 Data Scaling 

For classiĮcaƟon and unsupervised learning tasks, features were standardized using z-score 

normalizaƟon, deĮned as: 

𝑥𝑖′ = 𝑥𝑖 − 𝑖ߪ𝑖ߤ  

where μᵢ and σᵢ denote the mean and standard deviaƟon of each feature i, respecƟvely. Scaling was 

applied only where algorithmically required speciĮcally for logisƟc regression and PCA-based analysis 

to ensure physical interpretability was preserved for tree-based models [14]. 

2.3 Regression Modelling for Property PredicƟon 

2.3.1 Problem FormulaƟon 

The regression task aims to simultaneously predict two conƟnuous material properƟes: ࢟ = [ܷܶܵ,  [ݐ𝑖݊݋ܲ 𝑖݊݃ݐ݈݁ܯ 

based on alloy composiƟon vectors: ࢄ = [𝑥1, 𝑥2, . . . , 𝑥݊] 

where n represents the number of composiƟonal features. 

This consƟtutes a mulƟ-output regression problem, reŇecƟng the coupled nature of mechanical and 

thermal performance in alloy systems [15]. 

2.3.2 Model SelecƟon: Random Forest Regressor 

A Random Forest Regressor (RF) was selected due to its proven eīecƟveness in materials informaƟcs 

for capturing nonlinear relaƟonships and higher-order feature interacƟons [16]. 

Key advantages include: 

• Inherent handling of nonlinearity 

• Robustness to mulƟcollinearity 



• Built-in feature importance esƟmaƟon 

The RF model was configured with 300 estimators and trained using an ensemble of decision trees, 

with predictions obtained via averaging across individual learners. To contextualize performance, two 

baseline models were evaluated: a Linear Regression model and a Gradient Boosting Regressor. These 

baselines provide a reference for assessing the added value of the ensemble approach. 

 

2.3.3 Model Training and EvaluaƟon 

The dataset was parƟƟoned into training and tesƟng subsets using an 80:20 split with a Įxed random 

seed to ensure reproducibility. Model performance was assessed using Mean Squared Error (MSE) and 

the Coeĸcient of DeterminaƟon (R²), which quanƟfy predicƟon accuracy and variance explanaƟon 

respecƟvely [17]. 

2.3.4 Model ValidaƟon and Robustness Assessment 

To rigorously evaluate generalizaƟon capability beyond a single data parƟƟon, 5-fold cross-validaƟon 

was implemented. The dataset was divided into Įve equal folds; the model was trained on four folds 

and evaluated on the remaining fold in rotaƟon, with performance averaged across all Įve iteraƟons. 

This approach provides a staƟsƟcally robust esƟmate of model performance and reduces sensiƟvity to 

any parƟcular train-test split. 

AddiƟonally, the training and test R² values were compared to assess overĮƫng, and learning curves 

were generated to examine model behaviour as a funcƟon of training set size. 

 

2.4 ClassiĮcaƟon of Alloy Performance 

2.4.1 Performance Label DeĮniƟon 

To translate conƟnuous property predicƟons into engineering-relevant decisions, alloys were 

categorized into performance classes. 

An alloy was labelled as High-Performance if: ܷܶܵ ≥ ݉݁݀𝑖ܽ݊(ܷܶܵ) ܽ݊݀ ݐ݈݁ܯ𝑖݊݃ ܲ݋𝑖݊ݐ ≥ ݉݁݀𝑖ܽ݊(ݐ݈݁ܯ𝑖݊݃ ܲ݋𝑖݊ݐ) 

All other alloys were labelled as Standard Performance. 



The median threshold was selected to create a data-driven boundary that reŇects relaƟve 

performance within the dataset, consistent with comparaƟve screening approaches in materials 

informaƟcs [18]. To assess the sensiƟvity of classiĮcaƟon outcomes to this threshold choice, a 

systemaƟc sensiƟvity analysis was conducted by varying the threshold percenƟle from the 25th to the 

75th percenƟle, as detailed in SecƟon 3.3. 

It is acknowledged that the resulƟng class distribuƟon is imbalanced 74.3% Standard versus 25.7% 

High-Performance which has implicaƟons for recall performance discussed in SecƟon 3.3. 

2.4.2 LogisƟc Regression ClassiĮer 

A LogisƟc Regression (LR) model was employed to classify alloys based on their standardized 

composiƟonal features [19]. Despite its relaƟve simplicity, LR oīers a criƟcal advantage for materials 

applicaƟons: full model interpretability. The learned coeĸcients directly quanƟfy the direcƟonal 

inŇuence of each alloying element on performance classiĮcaƟon, enabling physically grounded 

interpretaƟon of the decision boundary [20]. 

2.4.3 ClassiĮcaƟon Metrics 

ClassiĮer performance was evaluated using the confusion matrix, precision, recall, F1-score, and the 

Receiver OperaƟng CharacterisƟc (ROC) curve with its Area Under the Curve (AUC). These metrics 

provide a comprehensive assessment of both predicƟon accuracy and class separability, parƟcularly 

important given the class imbalance in the dataset. 

2.5 Unsupervised Learning: Alloy Family Discovery 

2.5.1 Principal Component Analysis (PCA) 

To explore latent paƩerns in the high-dimensional composiƟonal space, Principal Component Analysis 

(PCA) was applied following feature standardizaƟon [21]. It is important to note that in this study, PCA 

was used exclusively for two-dimensional visualizaƟon of cluster assignments. All clustering operaƟons 

were performed in the full 31-dimensional standardized feature space, ensuring that the grouping 

reŇects the complete composiƟonal informaƟon rather than a compressed approximaƟon. The Įrst 

two principal components were retained solely for visual representaƟon, capturing 19.9% of total 

composiƟonal variance. 

2.5.2 K-Means Clustering 

Unsupervised clustering was performed using the K-Means algorithm directly on the full standardized 

feature space. Three clusters were selected to balance interpretability and structural resoluƟon. This 

approach enables the idenƟĮcaƟon of natural alloy families without imposing prior labels. 



2.5.3 Cluster InterpretaƟon 

Cluster-wise averages of UTS, liquidus temperature, high-performance fracƟon, and key elemental 

composiƟons were computed to enable engineering interpretaƟon of each group. Cluster labels were 

not imposed algorithmically, their signiĮcance was derived through post-hoc analysis based on 

composiƟonal trends and property distribuƟons. 

 

2.6 Interpretability Analysis 

To ensure physically grounded and transparent model outputs, two complementary interpretability 

methods were applied beyond standard feature importance: 

Mean Decrease in Impurity (MDI): The intrinsic feature importance metric of the Random Forest, 

reŇecƟng the average reducƟon in node impurity contributed by each feature across all trees. 

PermutaƟon Importance: A model-agnosƟc method that measures the decrease in model 

performance when each feature's values are randomly shuŋed. This approach is less suscepƟble to 

the bias inherent in MDI for high-cardinality or correlated features. 

SHAP (SHapley AddiƟve exPlanaƟons): A theoreƟcally grounded, game-theoreƟc framework that 

assigns each feature a contribuƟon value for each individual predicƟon, enabling both global and local 

interpretability [22]. 

The combinaƟon of these three methods provides robust, cross-validated interpretability insights that 

go beyond any single metric. 

2.7 Model Persistence and Deployment Readiness 

All trained models including regression, classiĮcaƟon, scaling, PCA, and clustering components were 

serialized using joblib. This enables seamless integraƟon into a graphical user interface (GUI) for real-

Ɵme alloy property predicƟon and decision support. This deployment-ready design ensures 

reproducibility, extensibility, and pracƟcal applicability beyond oŋine analysis [23]. 

 

3 Results and Discussion 

3.1 Regression Results: PredicƟon of UTS and Liquidus Temperature 

The regression models were developed to predict two key thermomechanical properƟes of metallic 

alloys ulƟmate tensile strength (UTS) and liquidus temperature based solely on elemental composiƟon. 



Three models were evaluated: Linear Regression as a simple baseline, Gradient BoosƟng as an 

intermediate ensemble baseline, and the Random Forest Regressor as the primary model. Table 1 

summarizes the comparaƟve performance across all three approaches. 

Model  R² (Test) RMSE (Test) MSE (Test) 

Linear Regression 0.512 152.9 MPa 23,394.4 

Gradient BoosƟng 0.787 101.5 MPa 10,295.8 

Random Forest 0.848 85.9 MPa 7,387.7 

Table 1. ComparaƟve regression performance of baseline and primary models on the test dataset. 

The Random Forest Regressor demonstrated clearly superior performance, achieving a test R² of 0.848 

and a root mean square error of 85.9 MPa, represenƟng a 40% reducƟon in predicƟon error compared 

to the Linear Regression baseline. The poor performance of Linear Regression (R² = 0.512) conĮrms 

that the composiƟon-property relaƟonships in this dataset are fundamentally nonlinear and cannot 

be adequately captured by linear methods. The Gradient BoosƟng model achieved an intermediate R² 

of 0.787, demonstraƟng that ensemble methods are beƩer suited to this problem but that the bagging-

based Random Forest outperforms the boosƟng-based approach in this composiƟonal space. 

To rigorously assess generalizaƟon beyond a single data parƟƟon, 5-fold cross-validaƟon was 

performed on the Random Forest model. The cross-validaƟon R² of 0.849 ± 0.017 closely matches the 

single-split test R² of 0.848, conĮrming that the reported performance is stable and not dependent on 

any parƟcular train-test parƟƟon. The low standard deviaƟon of 0.017 further demonstrates the 

model's consistency across diīerent subsets of the data. 

Comparison of training R² (0.940) and test R² (0.848) reveals a modest gap of 0.092, indicaƟng that 

while some overĮƫng is present as is expected with fully grown decision trees it is not severe. The 

learning curve analysis conĮrms this: validaƟon R² stabilizes and converges toward training R² as 

dataset size increases, suggesƟng the model beneĮts from the full training set and is not memorizing 

individual samples. 

Figure 2 presents the parity plot comparing predicted and experimental UTS values for the test dataset. 

The plot reveals a heavily populated cluster of data points in the 400–700 MPa actual UTS range, where 

predicƟons show considerable verƟcal scaƩer many alloys with diīerent actual UTS values are being 

predicted at similar values around 600–800 MPa. This behavior explains the negaƟve R² observed in 

the normal UTS range, where the model eīecƟvely regresses toward the mean rather than resolving 

Įne property diīerences between composiƟonally disƟnct alloy families occupying the same UTS 

band. In contrast, predicƟons improve visibly at higher UTS values (above 1000 MPa), where data 



points track closer to the idenƟty line despite greater absolute errors, consistent with the R² of 0.728 

observed for the high-UTS subset. The overall scaƩer paƩern conĮrms that composiƟonal 

heterogeneity within the mid-range is the primary source of predicƟon uncertainty and strongly 

moƟvates family-speciĮc sub-models as discussed in SecƟon 4. 

 

Figure 2. Parity plot comparing experimentally measured and Random Forest predicted UTS values 

(MPa) for the test dataset. The dashed diagonal line represents ideal one-to-one agreement. 

To invesƟgate this further, UTS predicƟon errors were analyzed separately for the high-UTS range (top 

25%, UTS > 690 MPa) and the normal UTS range (boƩom 75%). The results reveal an important paƩern: 

the model achieves R² = 0.728 and RMSE = 160.0 MPa for high-UTS alloys, compared to R² = −0.464 

and RMSE = 105.6 MPa for the normal UTS range. The negaƟve R² in the normal range indicates that 

the model performs worse than simply predicƟng the mean value for this subset, which appears 

counterintuiƟve given the lower RMSE. This behavior is aƩributed to the extreme composiƟonal 

heterogeneity within the normal UTS range, where structurally disƟnct alloy families including low-

carbon steels, stainless steels, and Ni-based alloys occupy overlapping UTS values but diīer 

fundamentally in their elemental proĮles. The model, trained on this mixed populaƟon, cannot resolve 

these family-level disƟncƟons from composiƟon alone in the mid-range, producing high variance 

predicƟons despite low absolute errors. This Įnding reinforces the recommendaƟon discussed in 

SecƟon 4 for family-speciĮc sub-models in future work. 

Figure 3 presents the parity plot for liquidus temperature predicƟon. The results demonstrate high 

predicƟve consistency across the full temperature range, with data points closely following the idenƟty 

line. This superior performance (relaƟve to UTS) is consistent with the thermodynamic nature of the 



liquidus temperature, which is more directly governed by bulk elemental composiƟon through mixing 

rules and is less sensiƟve to microstructural variaƟons that composiƟon-only models cannot capture. 

 

 

Figure 3. Parity plot comparing experimentally measured and Random Forest predicted liquidus 

temperature values (°C) for the test dataset. 

3.2 Feature Importance Analysis and Engineering InterpretaƟon 

To understand the contribuƟon of individual alloying elements to model predicƟons, three 

complementary interpretability methods were applied: Mean Decrease in Impurity (MDI), 

permutaƟon importance, and SHAP (SHapley AddiƟve exPlanaƟons) analysis. Using mulƟple methods 

is criƟcal because MDI alone is known to be biased toward high-cardinality features and may 

overesƟmate the importance of elements that appear frequently across trees without necessarily 

driving predicƟve accuracy. 

Figure 4 presents the MDI-based feature importance ranking obtained from the Random Forest model. 



 

Figure 4. MDI feature importance ranking of alloying elements from the Random Forest regression 

model. 

Figure 5 presents the permutaƟon importance rankings, which measure the actual drop in model R² 

when each element's values are randomly shuŋed across the test set. 

 

Figure 5. PermutaƟon feature importance ranking (top 15 elements) with error bars represenƟng 

standard deviaƟon across 10 repeƟƟons. 

Figure 6 and Figure 7 present the SHAP summary plots for UTS and liquidus temperature predicƟon 

respecƟvely, showing both the magnitude and direcƟon of each element's inŇuence across all test 

samples. 

 



 

Figure 6. SHAP summary plot for UTS predicƟon, showing the contribuƟon of each alloying element 

across individual test samples. 

 

 

Figure 7. SHAP summary plot for liquidus temperature predicƟon, showing the contribuƟon of each 

alloying element across individual test samples. 

The permutaƟon importance analysis idenƟĮes Vanadium (V) as the single most inŇuenƟal element 

(importance = 0.437), followed by Iron (Fe, 0.286), Tungsten (W, 0.278), Carbon (C, 0.253), and Nickel 

(Ni, 0.137). This ranking, cross-validated by SHAP analysis, represents a signiĮcant and physically 

meaningful Įnding that extends beyond the convenƟonal emphasis on Fe, Cr, and Ni in stainless steel 

literature. 



The dominant role of Vanadium is metallurgically well-founded. V is a strong carbide and nitride 

former, producing Įne precipitates that pin grain boundaries and provide precipitaƟon hardening 

mechanisms that directly and strongly inŇuence UTS across a wide range of steel and tool steel systems 

[24]. Its high importance across the full dataset reŇects the fact that V content varies substanƟally 

between alloy families (from near-zero in plain carbon steels to several weight percent in tool steels), 

making it a highly discriminaƟng composiƟonal descriptor. Iron's second-place ranking reŇects its role 

as the primary matrix element across the majority of alloys in the dataset, governing baseline 

mechanical response. Tungsten contributes to solid soluƟon strengthening and forms hard carbides in 

high-speed and tool steels, directly elevaƟng both UTS and thermal stability. Carbon's fourth-place 

ranking is consistent with its fundamental role in controlling hardness and strength through intersƟƟal 

solid soluƟon strengthening and carbide formaƟon across all ferrous alloy systems [25]. 

Chromium, despite its prominence in convenƟonal metallurgical discussions, ranks tenth in 

permutaƟon importance. This does not diminish its physical signiĮcance Cr is criƟcal for corrosion 

resistance and high-temperature oxidaƟon stability but suggests that within this composiƟonally 

diverse dataset, Cr content alone is not the primary discriminator of UTS variaƟon, likely because Cr 

levels are relaƟvely consistent across many stainless-steel grades in the dataset. 

The agreement between permutaƟon importance and SHAP rankings provides strong cross-validaƟon 

of these Įndings, conĮrming that the idenƟĮed elemental hierarchy is robust and not an arƟfact of any 

single interpretability method. 

3.3 ClassiĮcaƟon of High-Performance Alloys 

Beyond conƟnuous property predicƟon, a binary classiĮcaƟon task was formulated to determine 

whether an alloy qualiĮes as high-performance based on simultaneously exceeding the dataset 

median for both UTS and liquidus temperature. Of the 2,672 alloys, 687 (25.7%) were labelled as high-

performance and 1,985 (74.3%) as standard performance, reŇecƟng an inherent class imbalance 

arising from the dual-threshold criterion. 

Table 2 summarizes the full classiĮcaƟon performance. 

Metric Standard Performance High Performance 

Precision 0.83 0.77 

Recall 0.95 0.46 

F1-Score 0.89 0.57 

Overall Accuracy 0.82 - 

ROC AUC 0.871 - 



Table 2. ClassiĮcaƟon performance of the LogisƟc Regression model for alloy performance screening. 

The classiĮer achieves an overall accuracy of 82% and a strong AUC of 0.871, indicaƟng reliable class 

separability across decision thresholds. However, a notable asymmetry exists between the two classes: 

while standard performance alloys are idenƟĮed with high recall (0.95), the recall for high-

performance alloys is considerably lower at 0.46. This means the model successfully idenƟĮes 95% of 

standard alloys but captures only 46% of true high-performance alloys missing more than half of them. 

This recall gap is a direct consequence of the class imbalance (74.3% vs 25.7%) and the linear decision 

boundary imposed by LogisƟc Regression. In a composiƟonally diverse dataset where high-

performance alloys do not form a Ɵght, linearly separable cluster, a linear classiĮer will inherently 

favour the majority class. PotenƟal remedies include class-weighted logisƟc regression, which 

penalizes misclassiĮcaƟon of the minority class more heavily, or decision threshold tuning, where the 

default 0.5 classiĮcaƟon threshold is lowered to increase sensiƟvity toward the high-performance class 

at the cost of some precision. These extensions are recommended for future work. 

Figure 8 presents the confusion matrix for the logisƟc regression classiĮer. 

 

 

Figure 8. Confusion matrix of the LogisƟc Regression classiĮer showing true and predicted class 

distribuƟons for standard and high-performance alloys. 

The corresponding ROC curve is shown in Figure 9, with an AUC of 0.871 conĮrming stable 

discriminaƟon capability across the full range of classiĮcaƟon thresholds. 



 

Figure 9. ROC curve for the LogisƟc Regression classiĮer illustraƟng the trade-oī between true 

posiƟve rate and false posiƟve rate across decision thresholds. 

 

3.3.1 Threshold SensiƟvity Analysis 

To assess whether the median-based labelling criterion unduly inŇuences classiĮcaƟon outcomes, a 

systemaƟc sensiƟvity analysis was conducted by varying the performance threshold from the 25th to 

the 75th percenƟle. Table 3 presents the resulƟng accuracy and F1-scores. 

Threshold PercenƟle Accuracy F1-Score 

25th 0.774 0.835 

33rd 0.718 0.754 

40th 0.794 0.725 

50th (adopted) 0.824 0.573 

60th 0.815 0.508 

67th 0.815 0.508 

75th 0.886 0.247 

Table 3. ClassiĮcaƟon accuracy and F1-score under varying performance threshold percenƟles. 

 

 



3.4 Elemental InŇuence on High-Performance ClassiĮcaƟon 

The learned coeĸcients of the LogisƟc Regression model were analyzed to idenƟfy elements that 

posiƟvely or negaƟvely inŇuence high-performance classiĮcaƟon. Figure 10 presents the top 15 

contribuƟng elements ranked by coeĸcient magnitude. 

 

Figure 10. LogisƟc Regression coeĸcient magnitudes for the top 15 alloying elements, indicaƟng the 

direcƟon and strength of each element's inŇuence on high-performance classiĮcaƟon. 

PosiƟve coeĸcients correspond to elements that increase the probability of an alloy being classiĮed 

as high-performance, while negaƟve coeĸcients indicate elements associated with reduced 

classiĮcaƟon likelihood. The relaƟve magnitudes reŇect the strength of each element's inŇuence 

within the linear decision boundary of the model. This coeĸcient-based analysis provides direct 

transparency into the classiĮcaƟon mechanism, linking individual composiƟonal variables to 

performance outcomes in a physically interpretable manner. 

3.5 Unsupervised Learning: Alloy Clustering and Material Families 

K-Means clustering performed in the full 31-dimensional standardized composiƟonal space idenƟĮed 

three disƟnct alloy groupings. PCA was applied exclusively for two-dimensional visualizaƟon of these 

assignments, capturing 19.9% of the total composiƟonal variance. While this low explained variance 

conĮrms that a two-dimensional projecƟon cannot fully represent the complexity of the alloy space, 

it is suĸcient for visual conĮrmaƟon of cluster separaƟon and does not aīect the validity of the 

clustering, which was conducted in the full feature space. Figure 11 presents the PCA projecƟon 

coloured by cluster assignment. 



 

Figure 11. Two-dimensional PCA visualizaƟon of K-Means cluster assignments. Clustering was 

performed in the full 31-dimensional composiƟonal feature space; PCA is used here for visualizaƟon 

only. 

 

Table 4 summarizes the key characterisƟcs of each idenƟĮed cluster. 

Cluster N Mean 

UTS 

(MPa) 

Mean 

Liquidus 

(°C) 

High-Perf. 

FracƟon 

Mean 

Fe 

(wt%) 

Mean 

C 

(wt%) 

Mean 

V 

(wt%) 

0 986 666.6 1425.9 8.5% 61.8 0.081 0.007 

1 1,675 641.1 1462.6 35.9% 93.9 0.422 0.138 

2 11 1,112.0 1396.4 18.2% 92.5 2.982 0.168 

Table 4. Cluster summary staƟsƟcs including mean mechanical properƟes, thermal properƟes, high-

performance fracƟon, and key elemental composiƟons. 

The three clusters represent physically disƟnct alloy families. Cluster 1 is the largest group (1,675 

alloys), characterized by very high Fe content (~93.9 wt%), moderate carbon (~0.42 wt%), and the 

highest high-performance fracƟon (35.9%). This cluster corresponds predominantly to carbon and low-

alloy steels where Fe is the dominant matrix and carbon drives strengthening consistent with 

established ferrous metallurgy. Cluster 0 (986 alloys) shows lower Fe content (~61.8 wt%) and very low 

carbon (~0.08 wt%), with only 8.5% classiĮed as high-performance. This group likely represents 

stainless steels and mulƟ-component alloys where alloying addiƟons such as Cr, Ni, and Mo dilute the 



Fe matrix and shiŌ the composiƟon away from high-strength conĮguraƟons. Cluster 2 is a small but 

highly disƟncƟve group of only 11 alloys, exhibiƟng dramaƟcally elevated mean UTS of 1,112 MPa 

nearly 70% higher than the dataset mean and very high carbon content (~2.98 wt.%). This cluster 

almost certainly represents high-carbon tool steels or cast irons, where extreme carbon levels produce 

large volumes of hard carbides that drive excepƟonal tensile strength. However, the small populaƟon 

size of Cluster 2 warrants cauƟon when generalizing trends observed within this group, and addiƟonal 

data would be required to conĮrm the robustness of these observaƟons. 

Cluster-speciĮc regression error analysis reveals that model performance varies across these groups: 

Cluster 1 achieves the highest R² (0.875, RMSE = 84.5 MPa), consistent with its composiƟonal 

homogeneity and large sample size providing robust training signal. Cluster 0 achieves R² = 0.742 

(RMSE = 80.7 MPa), reŇecƟng greater composiƟonal diversity within this group. Cluster 2, with only 11 

alloys in the test set, yields insuĸcient samples for reliable R² esƟmaƟon, highlighƟng the challenge of 

predicƟng properƟes for rare, extreme composiƟonal variants a Įnding that directly moƟvates the 

need for targeted data collecƟon for high-carbon specialty alloys. 

3.6 ImplicaƟons for Alloy Design and Data-Driven Materials Engineering 

The combined regression, classiĮcaƟon, and clustering results demonstrate the feasibility of using an 

interpretable machine learning pipeline as a pracƟcal support tool for alloy design. By relying solely on 

chemical composiƟon, the framework enables rapid screening of candidate alloys, idenƟĮcaƟon of 

high-performance composiƟons, and exploraƟon of composiƟonal trends without extensive 

experimental trials. 

The idenƟĮcaƟon of Vanadium as the most inŇuenƟal element for UTS predicƟon, cross-validated 

across permutaƟon importance and SHAP analysis, suggests that V content may represent an 

important design variable for improving strength in ferrous alloy systems. This Įnding provides a 

physically meaningful composiƟon-based design signal that complements tradiƟonal Fe-C-Cr alloying 

consideraƟons. Similarly, the cluster analysis suggests that high-performance alloys are most 

concentrated in the high-Fe, moderate-carbon composiƟonal space (Cluster 1), providing a pracƟcal 

screening criterion for early-stage alloy selecƟon. 

To illustrate the pracƟcal uƟlity of the framework, consider a hypotheƟcal alloy designer wishing to 

evaluate a candidate composiƟon containing Fe (85 wt%), Cr (10 wt%), Ni (3 wt%), C (0.5 wt%), and V 

(1.5 wt%). The designer would input this elemental composiƟon vector directly into the deployed 

Random Forest regressor, which would return predicted UTS and liquidus temperature values without 

requiring any experimental tesƟng. The logisƟc regression classiĮer would then assess whether the 



composiƟon meets the dual median threshold criteria for high-performance classiĮcaƟon. Finally, the 

PCA projecƟon would locate this candidate within the established cluster space, idenƟfying which alloy 

family it belongs to and what property range is typical for that family. This three-stage screening which 

are predict, classify, and locate can be completed in seconds, providing immediate composiƟonal 

feedback to guide experimental design and narrow the candidate space before any physical synthesis 

is undertaken. 

4. Conclusions 

This study demonstrates the successful applicaƟon of an interpretable, mulƟ-stage machine learning 

framework for predicƟng key thermomechanical properƟes and screening the performance of metallic 

alloys using elemental composiƟon as the sole input descriptor. The framework integrates supervised 

regression, binary classiĮcaƟon, and unsupervised clustering within a uniĮed architecture applied to a 

dataset of 2,672 mulƟ-component alloy systems spanning 31 elemental features. The Random Forest 

Regressor achieved a test R² of 0.848 and a 5-fold cross-validaƟon R² of 0.849 ± 0.017, outperforming 

Linear Regression (R² = 0.512) and Gradient BoosƟng (R² = 0.787) baselines. The LogisƟc Regression 

classiĮer achieved an overall accuracy of 82% and an AUC of 0.871, while K-Means clustering idenƟĮed 

three physically disƟnct alloy families with systemaƟc diīerences in mechanical and thermal 

properƟes. 

Interpretability analysis combining MDI, permutaƟon importance, and SHAP consistently idenƟĮed 

Vanadium (V), Iron (Fe), Tungsten (W), and Carbon (C) as the most inŇuenƟal composiƟonal variables 

governing alloy performance. These Įndings provide physically meaningful insight into elemental 

contribuƟons and demonstrate the value of interpretable machine learning as a pracƟcal tool for alloy 

screening, performance predicƟon, and accelerated materials discovery. 

Several limitaƟons must be acknowledged. The dataset was sourced from a public aggregated 

repository, and the composiƟon-only input constraint inherently limits predicƟve resoluƟon within 

alloy families where processing history is a primary performance determinant. The framework is 

therefore best suited for rapid composiƟonal screening and family-level trend idenƟĮcaƟon rather 

than precise within-family property predicƟon. Future work should focus on alloy-family-speciĮc sub-

models, integraƟon of processing parameters and CALPHAD-derived descriptors, implementaƟon of 

class-weighted classiĮcaƟon strategies, and experimental validaƟon of predicted high-performance 

composiƟons. Among the processing variables excluded from the current composiƟon-only 

framework, three are idenƟĮed as highest priority for future integraƟon. First, heat treatment 

condiƟons speciĮcally annealing temperature and duraƟon, directly govern precipitate dissoluƟon, 

grain growth, and phase transformaƟon kineƟcs, all of which strongly inŇuence UTS independently of 



composiƟon. Second, cooling rate determines the resulƟng microstructure, rapid quenching produces 

martensiƟc structures with dramaƟcally higher strength than slow-cooled ferriƟc or pearliƟc 

counterparts of idenƟcal composiƟon. Third, deformaƟon history including cold work percentage and 

thermomechanical processing routes introduces dislocaƟon density changes that can alter UTS by 

hundreds of MPa without any composiƟonal change. IncorporaƟng even one of these parameters as 

an addiƟonal input feature is expected to substanƟally improve within-family predicƟve resoluƟon, 

parƟcularly in the normal UTS range where the current model underperforms. 
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