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A B S T R A C T   

In this work, various machine learning (ML) techniques were employed to accelerate the designing of aluminum 
(Al) alloys with improved performance based on the age hardening concept. For this purpose, data of Al-Cu-Mg-x 
(x: Zn, Zr, etc.) alloys, including composition, aging condition (time and temperature), important physical and 
chemical properties, and hardness were collected from the literature to train the ML algorithms for predicting Al 
alloys with superior hardness. The results showed that the model obtained by the gradient boosted tree (GBT) 
could efficiently predict the hardness of unexplored alloys.   

1. Introduction 

Recently, lightweight metals such as aluminum (Al) and magnesium 
(Mg), have been receiving great attention for structural applications 
[1–7]. These materials have significant impacts on power consumption 
and accordingly can reduce the need for fossil fuels. In particular, Al 
alloys are precipitation-hardened (age-hardened), with high wear 
resistance, high specific strength, and outstanding formability [8–12]. 
The main issue in this kind of alloys that the age-hardening method is a 
complicated, costly, and time-consuming process based on the trial and 
error approach to identify useful material composition and optimum 
conditions (temperature and time) for desired properties. To avoid 
fabrication-experimentation cycles that are time-consuming and 
expensive, an effective and efficient method is required which can 
generate, manage, and utilize the available data to significantly expedite 
the discovery of new materials. We propose the use of machine learning 
(ML) approaches to predict the properties of specific material combi
nations based on previous data available from the literature. ML was 
successfully exploited in functional and advanced materials to explore 
new material combinations with desired properties [13–17]. For 
instance, Xue et al. employed the ML model to predict the martensitic 
transformation temperature of shape memory alloy (SMA) and proposed 
a Landau-type model for understanding the mechanisms that control the 
transformation temperature of NiTi-based SMAs [16]. Moreover, the 
experimental work successfully validated the model, where the trans
formation temperature of 182.89 ◦C was measured for Ti50Ni25Pd25 in 
comparison to the 189.56 ◦C as predicted by ML model. Building an 
accurate ML model that predicts the desired material properties is 

crucially depends on the accuracy of the underline data used to train the 
ML algorithm. Therefore, the datasets of the previous fabricated ex
periments must have enough uniformity and accuracy. Although ML 
schemes have already beginning to make major inroads within materials 
science, yet a little number of studies have been conducted to predict the 
mechanical properties of materials [18,19]. Shen et al. developed a ML 
model guided by the physical metallurgy (PM) parameters (equilibrium 
volume fraction of precipitates, driving force per precipitation) to design 
ultrahigh strength stainless steel [18]. The PM-guided ML model suc
cessfully predicted the required composition, where an excellent 
agreement between the predicted and experimental mechanical prop
erties of fabricated prototype alloy was achieved. Moreover, it was also 
demonstrated that the utilization of the PM parameters significantly 
enhanced the efficiency and accuracy of the ML model. Very recently, 
Mohamadreza et al. used ML to correlate the material properties and to 
predict the crystallographic orientations of Mg alloy using mechanical 
testing values as an input data set [19]. The results revealed that ML 
successfully predicted the pole figures for various conditions without 
knowing the dependencies of physical variables. Hence, it can be 
concluded that the ML framework can be used to avoid the hit and trial 
time-consuming cycles and to successfully expedite the material dis
covery by correlating the interdependencies of various features and 
targeted property. In this study, accordingly, several ML models have 
been employed to accelerate the designing of Al alloys with improved 
performance. Here, due to its importance in various structural applica
tions, Al-Cu-Mg-x alloy was selected as the base material in the present 
work. 
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2. Procedure 

In this study, features, including composition and aging conditions 
(temperature and time), and the related property (hardness) of various 
Al-Cu-Mg-x based alloys were collected from previous works (1592 
cases), and those are arranged and presented in the supplementary 
material. It is well-known that composition and aging conditions are the 
most straightforward parameters that control the characteristics of 
precipitates (volume fraction, morphology, and their relation to the 
matrix) and the associated properties in age-hardened Al alloys [20–23]. 
To represent the composition in the employed ML algorithm besides 
processing conditions (temperature and time), physical properties and 
electronic structure parameters (15 features) of each constitute were 
employed using the weighted fraction concept as follow: 

X =
∑

CiXi (1)  

where X is the weighted fraction of the feature, Xi is the feature (elec
tronegativity, atomic number, atomic mass, atomic radius, valance 
electrons, boiling point, specific heat, melting point, heat of vapor
ization, heat of fusion, group, period, electro-affinity, density, thermal 
conductivity) of the element i and Ci the concentration of the element i in 
the alloy. The features used in the previous equation (physical properties 
and electronic structure) were obtained from [24]. The collected data 
(hardness, processing conditions, and compositions) shown the supple
mentary material went through an outlier detection algorithm called 
Local Outlier Factor (LOF) [25] which is based on the local density de
viation of a given data point, i.e., condition with respect to K = 10 
neighbors. The LOF eliminated all outlier conditions before we 
randomly separated our collected dataset into two sets, training dataset 
(900 conditions) and testing dataset (600 conditions). The former set of 
data was used to train and learn the model using six different algorithms, 
including general linear model (GLM), deep learning (DL), decision tree 
(DT), random forest (RF), gradient boosted tree (GBT) and support 
vector machine (SVM). The latter, in turn, was used to examine the 

reliability of the trained models reached by the six algorithms. The 
performance of the employed algorithms will be compared using mean 
squared error (MSE) and R2 statistics for each model [18]. The MSE 
determines the variations between the model-predicted value, (yi) and 
measured value (ŷi), and this can be given as follow: 

MSE =
1
n

∑n

i=1
(yi − ŷi)

2 (2) 

According to the MSE values, that predication is more accurate in the 
algorithm which leads to a smaller MSE. The R2 can also be used to 
expect the prediction accuracy of the used algorithm (the closer R2 to 1 
the more accurate predictions), where R2 is calculated as follow: 

R2 = 1 −

∑n
i=1 (yi − ŷi)∑n
i=1(yi − yi)

(3)  

where yi is the mean value of the yi 

3. Results and discussion 

To design an accurate ML model, the selection of appropriate fea
tures that are directly associated with the targeted property is inevitable. 
Usually, using many features that are poorly related with the desired 
property, can result in complexity of the model and hence, eliminating 
those features can result in a simpler and understandable model. 
Accordingly, in the present work, following the creation of the training 
and testing datasets, two main feature selection techniques called filter 
and wrapper were applied to select the best features that should be 
included in the final ML model. The filter technique is based on features 
Pearson correlation (PC) to filter out the least promising features 
(Fig. 1a). Based on the PC coefficient (r) which has values between − 1 to 
+1, one can determine whether two variables are linearly correlated 
(positive or negative correlations) (r =±1) or they are poorly correlated 
(r→0). In the first case, where the two variables are correlated, one of 
them is enough to be used as a predictor in the built model, however, in 

Fig. 1. (a) Pearson correlation matrix of all features used in the present work. The features with correlation coefficient (r) between -0.45 and +0.45 were considered 
to be uncorrelated. 
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the second, both the two uncorrelated variables should be included in 
the model to describe the behavior. In addition to the r value, the 
relevant color also corresponds to the correlation between various fea
tures, where the darker the color the more significant is the correlation 
between the features. Accordingly and using Fig. 1, four features- 
namely; atomic number, mass, density, and period- can be excluded 
during training and testing the model. Here, r values between − 0.45 to 
+0.45 were taken to determine uncorrelated variables. More filtration 
was also applied using the Wrapper feature selection (WFS) technique, 
where the importance of a feature subset based on training and testing of 
a subset on the regression algorithm is measured. Accordingly, the 
features subset with the best regression results is chosen to be included 
later on during the training and testing of the full dataset. Based on this 
procedure, three additional features, electron affinity, thermal conduc
tivity, and group were excluded from the training and testing dataset. 
On the other hand, the important features that might be promising for 
building the predictive model were found to be: aging time, aging 
temperature, electronegativity, atomic radius, valence electrons, boiling 
point, specific heat, melting point, heat of vaporization, heat of fusion. 
From the material science point of view, those are also important when 
considering the aging behavior of various Al alloys. For example, 
intermetallic compounds formed during solidification and aging treat
ment of the investigated alloy, and the structure of these compounds are 
highly influenced by the electronegativity difference among the con
stituent elements in the alloy. In addition, aging time and temperature 
are of importance to control the morphology of the evolved intermetallic 
compounds (precipitate shape and size) and their distribution in the 
matrix (uniform or non-uniform) during the aging heat treatment of the 
alloy. This leads to say that the feature selection results reached in the 
present ML work are, somehow, consistent with the materials science 

concepts. 
Fig. 2a shows the validation process performed by 600 conditions on 

the trained models obtained by the six algorithms used in the present 
work. It is clearly seen that all models, except GLM and DL, exhibit 
reasonable reliability at lower values of hardness (lower than 150 Hv), 
whereas less accuracy was noted for all models at the higher values 
(>150 Hv). Such behavior is mainly related to the experience got by the 
various models during the training of this data (900 conditions). Based 
on the hardness distribution profile of this data shown in Fig. 2b, one can 
notice that the hardness is mainly distributed in the range of low values 
(<150 Hv), and accordingly, the various models were less trained on the 
high values of hardness as compared to the low values. To compare the 
performance, R2, and MSE values of these models were presented in 
Fig. 2c. The results of R2 and MSE confirmed that the trained model 
reached by the SVM was the most accurate to predict the hardness using 
the features of the testing dataset, where 0.84 and 12.79 values of R2 and 
MSE were obtained for SVM, respectively. On the other hand, although 
the SVM showed the higher capability to predict the hardness values as 
compared to other algorithms, the accuracy of the SVM model still less 
as compared to those reported in previous work [18]. In this regard, to 
improve the performance of various models, and thus, to enhance their 
hardness-predictability in the present work, a so-called hyperparameter 
optimization is needed. Using the training and testing data, we opti
mized the ML models and get the final hyperparameters as listed in 
Table 1. Fig. 2d and e show the experimental hardness and the hardness 
predicted by the optimized models for the test dataset and a comparison 
between different models (non-optimized and optimized) in terms of R2 

and MSE. It is clearly seen that all models, except that of GLM and DL, 
exhibited high prediction performance after the optimization, where R2 

values of 0.9, 0.95, 0.94, and 0.93 were obtained for DT, RF, GBT, and 

Fig. 2. (a,c) and (d,e) Experimental vs predicted hardness of various models of the testing data set and the related R2 and MSE recorded for the employed algorithms 
without optimization and with optimization, respectively, (b) Hardness distribution profile for the input dataset. 
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SVM, respectively. In addition, it is worth noting the optimization pro
cess had a negative effect on the predictability of the DL model, and this 
is caused by the need for a large data space for training such kind of 
models (DL). Furthermore, the GBT model not only is the best based on 
the R2 (~0.94) but also is well-predictive in the whole hardness range. 
The GBT model is an ensemble model of multiple DT regressors. The 
main strength of the GBT model resides in creating a strong prediction 
model using multiple weak regression trees. Trees are constructed 
greedily during the training, and all the trees are used to predict a new 
value at the testing time. To ensure the quality of the GBT predicted 
values, a regularization should be applied to the GBT model to improve 
the performance and prevent the model from overfitting to the training 
data. Accordingly, the GBT-based model will be used in the adaptive 
design of the alloy with improved performance. For this purpose, a 
virtual space of features was generated based on the composition and 
processing parameters (aging time and temperature), where ~500 K 
cases were included in this space. The counterpart hardness of the fea
tures in this space was then predicted using the optimized GBT model. 
Fig. 3 shows the hardness distribution as predicted for the virtual space 
using the optimized GBT model, where values higher than 185 Hv were 
just considered here. It can be seen from Fig. 3 that a large number of 
conditions (~3500) are predicted to show improved hardness (>185 
Hv). Using this insight, some compositionally lean alloys were selected 
as promising Al-based materials to be considered from further experi
mental investigations with the corresponding aging conditions (Aging 
temperature and time) are listed in Table 2. A wide range of aging 
temperature (300− 500 K) and aging time (0–7000 min s) were used to 
predict the hardness of Al alloys and only those with the optimum 
hardness values are presented in Table 2. For example, the Al alloy that 
contains 3 wt.% Cu, 3 wt.% Mg and 3.5 wt.% Sn is expected to have a 
hardness value of 195 when aging at 100 ◦C for 2000 min. Very recently, 
Shuai et al. has reported the significant influence of Sn on the hardening 

behavior of the Al-Cu-Mg alloy [25]. The results revealed that the 
alloying of Al-Cu-Mg with Sn can lead to the formation of Mg2Sn par
ticles in the as-quenched alloy, and these particles, in turn, were found 
to contribute to the formation of θ’ phase precipitates (Al2Cu) during the 
aging. As a result, Sn addition to Al-Cu-Mg alloy facilitated the 
particle-simulated nucleation (PSN) effect and enhanced the grain 
boundary pinning effect due to increased precipitation behavior 
resulting in high strength. 

To determine the accuracy of the predictive model reached in the 
present work, the aging behavior of an alloy in the predicted composi
tions was compared to that of a similar composition reported very 
recently (Al-4Cu-0.5Mg-0.15Si-0.1Sc) [26]. For predicting the aging 
curves of this alloy, the related features were collected based on the 
elements characteristics (electronegativity, atomic radius, valence 
electrons, etc.) and processing conditions (aging temperature and time). 
The collected features were employed in the GBT-based model built in 
the present work to estimate the hardness values, and then, to compare 
them with the experimental counterparts. Fig. 4a presents the experi
mental and predicted aging curves for Al-4Cu-0.5Mg-0.15Si-0.1Sc (wt. 
%) alloy aged at 175 ◦C and 225 ◦C for a wide range of time. As it is 
evident from Fig. 4a, the model successfully predicted the aging 
behavior of the alloy with reliable accuracy for both the aging temper
atures (175 ◦C and 225 ◦C). The microstructure evolution and the pre
cipitation during the heat treatment were used to figure out the aging 
behavior observed in the this alloy. The transition electron microscopy 
(TEM) micrograph presented in Fig. 4b shows the various type of pre
cipitates that formed during the aging of this alloy. Mainly, two types of 
precipitates were observable in the sample treated at 175 ◦C for 930 h, 
those are plate-like θ’ phase (Al2Cu) and cubic σ phase (Al5Cu6Mg2), as 
indicted by arrows in Fig. 4b. The θ’ phase was distributed homoge
nously throughout the structure with fine size (3 nm thickness and 50 
nm diameter), and this was additionally confirmed through the energy 
dispersive spectroscopy (EDS) maps taken from the samples heat-treated 
at 225 ◦C for 930 h, as shown in Fig. 4c. The uniform distribution of such 
fine plates leads usually to the improved performance of this Al alloy. 
Hence, it can be concluded that the designed model can be efficient to 
predict the aging behavior of any Al alloys at a certain temperature with 
adequate accuracy. Accordingly, the developed model can be utilized for 
predicting the properties of yet to be synthesized alloying combinations 
which, in turn, can accelerate the discovery of suitable alloys with op
timum properties. 

The design problem presented in this work was addressed by setting 
the goal of predicting the composition and aging conditions (tempera
ture and time) that would be needed to fabricate high-performance Al- 
Cu-Mg-x alloys, and the strategy used for this purpose is shown in Fig. 5. 
Initially, the dataset for training the ML algorithm and for building the 
predictive model was collected from the papers reported on the aging 
behavior of Al-Cu-Mg-x alloys. Before training the ML algorithms, the 
dataset was processed in order to remove the outliers and unnecessary 
features. Later on, the processed data was divided into a training set, 
that is used for the learning process, and a testing set to evaluate the 
built model and to select the best ML algorithm based on the R2 and MSE 
values. The best model was used to predict the hardness of a virtual 
dataset containing new compositions and various aging conditions. 
Based on the predicted results accuracy, we found that the proposed 
framework can be extremely useful for accelerating the search for Al 
alloy compositions and related aging conditions. Accordingly, this work 
has demonstrated the power of ML models as a promising tool to 
fabricate high-performance materials. It is pertinent to mention that the 
prediction capability of ML models is strongly dependent on the size and 
quality of the input dataset in addition to the diversity and distribution 
of the input features that can comprehensively describe the underneath 
mechanisms. 

In recent years, the excellent development of various physical 
modeling techniques and computationally-aided design strategies by 
utilizing integrated computational materials engineering (ICME) has 

Table 1 
Best experimental hyperparameters of all the ML algorithms trained on the 
dataset used in the present work.  

Algorithm Experiment Hyperparameter 

GM Alpha = 0.5, Lambda = 0.0762, kernel = Gaussian 
DL Layers = 3, Layer size = 50, Activation = Rectifier, Learning rate =

0.001, L1 = 1.0E-5, Epochs = 10 
DT Criterion = Gini, max depth = 5, minimum leaf split = 2 
RF Criterion = gain ratio, Max depth = 15, number of trees = 70, Minimum 

leaf split = 2 
GBT Criterion = gain ratio, Max depth = 7, number of trees = 150, Learning 

rate = 0.01 
SVM Support Vectors = 926, Cost = 100, Solver – lbfgs, Gamma = 1, 

Learning rate = adaptive  

Fig. 3. The hardness data of the newly designed alloys as predicated by the 
GBT-based model. 
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Table 2 
Maximum hardness values of some compositions with the corresponding aging conditions (aging temperature and time) as predicted by the GBT-based model.  

Al Cu Mg Si Zn Zr Mn Ag Fe Sn Cr Ge Temperature (K) Time (min) Hardness 

0.905 0.03 0.03 0 0 0 0 0 0 0.035 0 0 373 2000 195.25 
0.915 0.04 0.01 0.02 0.015 0 0 0 0 0 0 0 475 700 194.8602 
0.92 0.04 0.01 0.02 0 0 0.01 0 0 0 0 0 475 700 193.8269 
0.925 0.04 0.015 0.005 0 0 0 0 0 0 0 0.015 475 700 193.5077 
0.915 0.04 0.015 0.01 0 0 0 0 0 0 0 0.02 475 700 193.4039 
0.915 0.04 0.015 0.02 0 0 0 0 0 0.01 0 0 475 700 193.3844 
0.925 0.04 0.015 0 0 0 0 0 0 0 0 0.02 475 700 193.3744 
0.935 0.04 0.01 0 0 0 0 0 0 0 0 0.015 475 700 193.3628 
0.915 0.04 0.015 0.015 0 0 0 0 0 0 0 0.015 475 700 193.3273 
0.925 0.04 0.015 0.01 0 0 0 0 0 0.01 0 0 475 700 192.801 
0.895 0.04 0.02 0.02 0 0 0 0 0 0 0 0.025 475 700 192.7703 
0.925 0.04 0.01 0.015 0 0 0.01 0 0 0 0 0 475 700 192.2091 
0.91 0.04 0.02 0.02 0 0 0 0.01 0 0 0 0 475 900 191.6235 
0.92 0.04 0.015 0.02 0 0 0 0.005 0 0 0 0 475 700 191.6132 
0.935 0.04 0.01 0.01 0 0 0 0.005 0 0 0 0 475 700 191.475 
0.915 0.04 0.015 0.015 0 0 0 0 0 0 0.015 0 475 700 191.2946 
0.905 0.04 0.02 0.02 0 0 0 0 0.015 0 0 0 475 700 191.0571 
0.91 0.04 0.01 0.015 0 0.025 0 0 0 0 0 0 400 3000 187.923  

Fig. 4. (a) Experimental and predicted isothermal aging curves of Al-4Cu-0.5Mg-0.15Si-0.1Sc alloy at 175 and 225 ◦C. (b) TEM micrographs of Al-4Cu-0.5Mg-0.15Si- 
0.1Sc alloy aged at 175 ◦C for 930 h showing the evolution of plate-like θ’ phase and cubic σ phase [26]. (c) High-angle annular dark-field scanning transmission 
electron microscopy (HAADF-STEM) and the related EDS maps of the alloy heat-treated at 225 ◦C for 930 h, confirming the formation of the plate-like θ’ phase [26]. 
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helped to unveil the overall underlaying mechanisms in a typical con
dition. Hence, considering the underlying microstructural characteris
tics and using suitable descriptors for representing the overall 
undergoing mechanisms can be the benchmark for systematic prediction 
with significant reliability. In the current work, for instance, the pre
diction has been solely made by exploiting the compositional and pro
cessing features and hence, the overall prediction accuracy of ML models 
can be significantly enhanced by incorporating more internal parame
ters (the strengthening mechanisms involved and the characteristics of 
formed precipitates) in addition to the external parameters (composition 
and processing conditions). The ML cannot only make the predictions 
based on the statistically learn trends but can also help in understating 
the mechanism and metallurgical aspects related to the age hardening of 
Al alloys. Such a relationship between the external features (composi
tion and processing conditions) and internal parameters (precipitate- 
related features) can be made through thermodynamic calculations 
using various software such as Thermo-Calc® [27] and Calphad® [28]. 
Up to this end, our expectation towards future works on the ML-guided 
the designing of high performance Al alloys will be to employ the same 
ML procedures used in the present work, and to utilize the 
internal-structural-features which are related to the characteristics of 
evolved precipitates (type, volume fraction, shape and size). Addition
ally, since the ensemble model of GBT achieved the best prediction in 
the present work, the application of alternative ensemble regressors and 
their impacts on the prediction of high performance Al alloys can be also 
considered in future works. 

4. Conclusions 

In the present work, ML models were used to identify the promising 
Al alloys with superior hardness. The physical and chemical features, 
compositions, and age hardening conditions (time, temperature) were 
collected from the literature for training and testing the various ML 
models. The ML models were implemented to develop a correlation 
between the input data and to predict the hardness of promising Al al
loys under various age-hardening conditions. The results revealed that 
the GBT model was best amongst others with R2 and MSE of 0.94 and 
7.27, respectively. Finally, the date from the recently published litera
ture also proved the prediction accuracy of the constructed model. 

Hence, the designed ML model can be successfully employed to identify 
the high performance of Al alloys by avoiding the time-intensive hit and 
trial experimentation. 
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