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Abstract: This study presents a machine learning framework for predicting the mechanical properties of 2xxx series Al-Cu alloys (2024,
2219, 2524) across 11 temper conditions. Monte Carlo augmentation generated 8,800 synthetic samples from compositional specification
ranges of a literature-mined dataset. Three regression models, Random Forest, Gradient Boosting, and SVR-RBF were evaluated via 5-fold
cross-validation (CV) to predict ultimate tensile strength (UTS), yield strength (YS), and elongation. All models achieved coefficient of
determination R? > 0.991, with Mean Absolute Error MAE < 7.4 MPa for UTS, < 5.4 MPa for YS, and < 0.51% for elongation. Feature
importance analysis revealed that temper condition encoding dominated predictions (>75% importance), while individual compositional
features contributed <5% each. The high predictive accuracy reflects the effectiveness of the augmentation scheme in capturing within-
group property—composition—temper relationships, though generalization to unseen alloy—temper conditions remains to be validated. The
results illustrate the potential of combining corpus-mined data with Monte Carlo augmentation for rapid alloy property screening.
Keywords: Al-Cu ALLOYS; MACHINE LEARNING; MECHANICAL PROPERTIES; MONTE CARLO AUGMENTATION; RANDOM
FOREST; GRADIENT BOOSTING

1. Introduction For each of the 11 conditions, 800 synthetic samples were

The 2xxx series Al-Cu alloys (2024, 2219, 2524) are critical ~ generated (8,800 total) by uniformly ~sampling element
structural materials in aerospace applications, valued for their high ~ concentrations from specification ranges, computing Al as the
strength, fatigue resistance, and damage tolerance [1,2]. Their ~ balance, and adding 2% Gaussian noise to mean experimental
mechanical properties depend strongly on both composition and ~ Property values. Three models were trained: Random Forest (RF,
temper condition, making property prediction across alloy-temper 200 trees, max depth 12, min samples split 5), Gradient Boosting
combinations a non-trivial task. Machine learning (ML) methods ~ (GBR, 200 trees, max depth 6, Ir = 0.1, min samples split 5), and
have shown promise for materials property prediction [3-5], but ~ SVR-RBF (C = 100, & = 0.1, y = scale, features standardized).
limited dataset sizes per alloy-temper condition remain a challenge ~ Performance was assessed by 5-fold cross-validation using
[6]7] Monte Carlo augmenta’[ion’ Wh|Ch genera’[es synthetic CoeffICIent Of determ|nat|0n Rz, Mean Absolute Error (MAE), and
samples by sampling from compositional specification ranges, ~ Root Mean Square Error (RMSE).
offers a physically motivated strategy to expand training datasets . .

[8]. In this work, we apply three ML regression models to predict 3. Results and Discussion

UTS, YS, and elongation of three 2xxx alloys across 11 temper
conditions, using Monte Carlo-augmented data derived from a
publicly available dataset.

Table 1 summarizes model performance. All models achieved
R? > 0.991 for all targets. RF provided the best overall accuracy
(UTS MAE =7.04 MPa, YS MAE = 5.08 MPa, elongation MAE =
. 0.46%). The marginal differences among models indicate that the

2. Materials and Methods augmented dataset effectively captured property-composition-

Composition and property data were obtained from the dataset ~ temper relationships. Figure 2 shows predicted vs. actual plots
compiled by Pfeiffer et al. [9] and uploaded in Materials Cloud  confirming tight clustering along the 1:1 diagonal across all alloy
Archive, which contains aluminum alloy data extracted from clusters.
scientific literature and US patents. Three alloys were selected:  apje 1: Cross-validation metrics for ML models.

2024 (T3, T351, T4, T6, T8), 2219 (O, T6, T62, T851), and 2524 >

(T3, T351). The feature space comprised 10 elemental compositions Model Target R MAE | RMSE
(Al, Cu, Mn, Si, Mg, Zn, Cr, Fe, Ti, Zr), 3 alloy-type and 8 temper- UTS (MPa) 0.9924 7.04 9.06
type one-hot encodings, and 1 ordinal temper code (22 features

total). Figure 1 presents the mean experimental properties for each Random Forest YS (MPa) 0.9931 ([ 5.08 | 6.56

alloy-temper combination. Elongation (%) | 09994 | 046 | 1.03

2xxx Series Al-Cu Alloys: Mechanical Properties by Alloy and Temper
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Fig. 1 Mechanical properties (UTS, YS, elongation) by alloy and
temper for 2xxx series Al-Cu alloys.
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2xxx Alloys: ML Model Predictions vs. Actual Values (5-Fold CV)
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Fig. 2 Predicted vs. actual values for RF, GBR, and SVR-RBF models (5-fold
CV), colored by alloy: 2024 - red, 2219 - blue, and 2524 - green.

Feature importance rankings (Fig. 3) show that temper-related
features dominated all property predictions. For UTS, the temper
code and O temper indicator together accounted for ~80% of
importance. For elongation, the T6 indicator was most important
(RF: 0.42), reflecting the anomalous 2219-T6 elongation (156.5%).
This value should be interpreted with caution: the source dataset
contains only two elongation records for 2219-T6 (11.0% and
302.0%), and the 302% value is physically unrealistic for a
conventional precipitation-hardened Al-Cu alloy, where typical
elongation ranges from 10 to 17%. The resulting mean (156.5%) is
therefore likely dominated by a data extraction error in the original
corpus and may inflate the elongation R? through a lever-arm effect.
Individual compositional features contributed <5% each, consistent
with the fact that within the 2xxx system, property differences arise
primarily from thermomechanical processing history rather than
minor compositional variations [10,11].

2xxx Alloys: Feature Importance for Mechanical Property Prediction
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Fig. 3 Feature importance from RF and GBR models for UTS, YS, and
elongation prediction.
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The correlation heatmap (Fig. 4) confirms strong UTS-YS
correlation (r = 0.93), a strong negative correlation between O
temper and strength (r = —0.81 to —0.85), and weak negative Cu-
strength associations (r = —0.16). The augmented property
distributions (Fig. 5) show that Monte Carlo sampling preserved
realistic property ranges for all conditions, with the noted exception
of the 2219-T6 elongation discussed above.

112

2xxx Alloys: Correlation Heatmap (Composition, Encoding, Properties)
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Fig. 4 Pearson correlation heatmap of compositional features, encoding
variables, and mechanical properties

2xxx Alloys: Monte Carlo Augmented Property Distributions
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Fig. 5 Monte Carlo augmented property distributions (violin plots) for each
alloy-temper combination.

4. Conclusions

A Monte Carlo augmented ML framework was developed for
predicting UTS, YS, and elongation of 2024, 2219, and 2524 Al-Cu
alloys across 11 temper conditions. All three models (RF, GBR,
SVR-RBF) achieved R? > 0.991 for all targets. RF provided the best
performance with MAE of 7.04 MPa (UTS), 5.08 MPa (YS), and
0.46% (elongation). Temper condition dominated feature
importance (>75%), while compositional features contributed <5%
each. It should be noted that the high R? values partly reflect the
augmentation design: since all synthetic samples within a given
alloy—temper condition share the same mean property values with
only 2% noise, the cross-validation task effectively reduces to
recovering group means from categorical encodings. The present
results therefore demonstrate strong interpolative accuracy within
the training domain but do not establish extrapolative generalization
to unseen alloy—temper conditions. Additionally, the 2219-T6
elongation data should be treated with caution due to a likely outlier
in the source dataset. Future work should evaluate leave-one-
condition-out cross-validation to assess true predictive capability,
and incorporate broader alloy systems to improve compositional
sensitivity. Despite these limitations, the framework illustrates how
combining literature-mined  datasets with Monte Carlo
augmentation can serve as a practical tool for rapid property
screening of aluminum alloys within known compositional and
processing domains.
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