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ABSTRACT
Significantly improving the balance between the mechanical strength and electrical conductivity of 
solid-solution copper alloys is considered difficult. In this study, a comprehensive elemental 
screening framework is proposed to predict the solid-solution strengthening and electrical resis
tivity of copper alloys. Electrical resistivities are predicted by first-principles calculations, and a high 
degree of accuracy is obtained. Two models are considered to predict the solid-solution strength
ening. One of them uses the generalized critical resolved shear stress formula and provides 
a reasonable accuracy for a testing set of our experimental data. The other model (using the first 
model as a feature with elemental features) has a high prediction performance for the testing set. 
Combining the predicted electrical resistivity and solid-solution strengthening, we establish 
a figure-of-merit formula for the comprehensive elemental screening. The formula provides reason
able results using the two models. The models predicted the known Cu–Ag (Cd, In, Mg) as high- 
performance copper alloys. All solute elements, H to Rn, including hypothetical copper alloys are 
ranked, and the less studied Cu–Au, –Hg, and –Tl are predicted to be high-performance structures. 
From economic, environmental, and healthcare perspectives, Cu–Mg is an appropriate choice 
according to the results.

IMPACT STATEMENT
For designing the balance between mechanical strength and electrical conductivity of solid- 
solution copper alloys, a figure-of-merit formula using theoretical formula, first-principles 
calculations, experimental data, and machine learning is established.
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1. Introduction

Various copper alloys are widely used in the industry 
owing to their unique combinations of electrical, 
mechanical, and physical properties [1]. Among 
them, solid-solution (SS) copper alloys such as brass 

and phosphor bronze are major industrial materials 
because of their simple production processes, low 
costs, and adequate balance between the mechanical 
strength and electrical conductivity (EC). Although we 
have shown that supersaturation with Mg provides an 
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excellent balance [2,3] and has already been commer
cialized as a high-performance copper alloy product, 
a better balance between the mechanical strength and 
EC might be realized by other unconsidered SS 
elements.

Recently, Liu et al. reviewed applications of 
a machine learning (ML)-assisted alloy design to 
explore the design freedom with diverse materials 
[4]; they presented two previous studies on copper 
alloys [5,6]. In Ref. [5], two back-propagation neural 
network models to map the relationship between com
positions and properties of tensile strength and EC are 
constructed with data of Cu–Fe–P-, Cu–Ni–Si-, and 
Cu–Cr–Zr-based alloys, including SS, precipitation, 
and deformation-strengthened samples. In Ref. [6], 
an ML model for selected alloy elements to enhance 
SS-strengthened conductive copper alloys has been 
constructed. The model predicted that the optimal 
element is indium, and the experimental results of 
Cu–In alloys showed significant improvements in the 
combined ultimate tensile strength (UTS) and EC. 
Although the key elemental features of the ML 
model, such as electronegativity for UTS, could be 
universally applied to design various alloys, the pre
dicted properties of Cu–Ag, which have similar elec
tronegativities of 1.90 and 1.93, respectively, have not 
been presented, and further predictive ability has not 
been indicated. To the best of our knowledge, no 
universally applicable model for supersaturated SS 
copper alloys with various elements has been reported 
to predict the balance between the mechanical 
strength and EC. In recent years, several projects on 
the preparation of large first-principles calculations 
databases have been carried out to predict how new 
materials, both real and hypothetical, can be applied; 
examples of such projects are Materials Project [7], 
AFLOW [8], and NOMAD [9]. Elastic tensor compo
nents for the prediction of mechanical properties are 
set for 7,108 and 5,650 materials in Materials Project 
[7] and AFLOW [8], respectively, while only seven 
species of cubic Cu3X1 (X = N, Al, Sc, Pd, Hf, Pt, 
and Au) are in Materials Project [7]. SS strengthening 
(SSS) originates from interactions between solute 
atoms and dislocations, as described by Fleischer 
[10] and Labusch [11]. The strengthening effects can 
be evaluated using the changes in the solute alloy 
factors of lattice constant and shear modulus. In prin
ciple, we can evaluate the effects by first-principles 
calculations; however, insufficient data are presented 
in the previous projects, and we could not find other 
comprehensive studies. Furthermore, no electrical 
resistivity (ER) was set to evaluate the EC properties 
in the projects on large first-principles calculations 
databases.

In this paper, we propose a comprehensive ele
mental screening model for copper SS alloys to 
design the balance between SSS and ER. The ERs 

were directly obtained via first-principles calcula
tions, and SSS effects were evaluated using model
ling, first-principles calculations, and ML. For the 
prediction of SSS and ER of copper alloys, compar
isons were made between experimental results in the 
literature and those in this study. We limited our 
search to binary copper alloys, because we consid
ered it undesirable to increase the number of ele
ments while preparing for the establishment of the 
copper recycling technology, which is still under 
development [12].

2. Methods

2.1. Framework

Our proposed framework for the comprehensive ele
mental screening model is depicted in Figure 1. 
Experimental data were prepared with 0.2% yield 
strength and ER measurements [2]. Additional experi
ments were conducted for the testing set for verification. 
We used the generalized critical resolved shear stress 
formula [13,14] as an SSS model (Model-1) and deter
mined its parameters using first-principles calculations 
and fitting to experimental data. Model-1 is described by 
[13,14] 

σ � σ0 ¼ A � G � εp � xq (1) 

where σ � σ0 is the increase in the 0.2% yield strength 
from that of pure Cu, G is the shear modulus, x is the 
solute content in molar fractions, ε is a mismatch 
parameter, and A, p, and q are constants. The mis
match parameter ε is expressed by the elastic misfit εG 
and atomic size misfit εl: 

ε ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

εGð Þ
2
þ α � εlð Þ

2
q

(2) 

where the parameter α varies with the character of 
dislocations: 3 < α < 16 for screw dislocations and α  
> 16 for edge dislocations [13,14]. The elastic misfit εG 
and atomic size misfit εl are 

εG¼
δG

1þ 0:5 δGj j
; δG¼

1
G
�

dG
dx

; εl¼
1
l
�

dl
dx

(3) 

where l is the lattice constant of the cubic alloy. In this 
study, the parameters A, p, q, and α were determined 
by numerical fitting between the experimental data of 
0.2% yield strength and Equation (1), with the G and 
l values obtained via first-principles calculations. To 
improve the predictive ability for SSS, ML modelling 
(Model-2) was carried out using elemental features 
and Model-1 as a feature. The additional experimental 
data were used to validate both Model-1 and Model-2. 
The ERs were directly obtained using first-principles 
calculations. The results show a good agreement of the 
experimental values in the literature and those in this 
study. Therefore, we did not perform further ML 
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modelling for ER. A comprehensive elemental screen
ing model for copper SS alloys was then obtained with 
the generalized SSS model with/without the correction 
by ML and calculated ER.

2.2. Experimental data

The preparation procedure of the experimental alloy 
was the same as that in our previous study [2]. The 
measured 0.2% yield strengths were used to represent 
SSS. ERs were obtained from specific resistance mea
surements via the four-terminal method at room tem
perature. For the training set for the fitting of 
Equation (1) and training of the ML model, we used 
19 data points: pure Cu, Cu100-xMgx (x = 0.7, 2, 3, 4, 5, 
and 6 atom%), Cu100-xAlx (x = 4, 8, and 12 atom%), 
Cu100-xZnx (x = 8, 13, and 20 atom%), Cu100-xSnx (x =  
0.4, 1, 2, and 3 atom%), and Cu100-xNix (x = 3 and 6 
atom%). For the testing set for the validation of the 
models, we used six data points: Cu100-xBex (x = 12 
atom%), Cu100-xTix (x = 0.5 and 5 atom%), and 
Cu100-xAgx (x = 2, 3, and 4 atom%). These elements 
of the training set were selected because they are often 
used in practical applications. The three elements for 
the testing set (hold out) were selected for the follow
ing reasons. Be was selected because it is the lightest 
element among the experimentally considered ele
ments and provides a high strength. Ti was selected 
because it has a high solid solubility among the transi
tion metals and was expected to have a high strength. 
Ag was selected because some of its elemental features 

are similar to those of Cu, and it was expected to 
provide a high performance.

2.3. First-principles calculations

In cubic Cu7X1 (X = H – Rn), the crystal structures are 
constructed by a 2 × 2 × 2 structure of the primitive 
cell of the face-centered cubic copper, and one of the 
eight sites is substituted by X. The optimized lattice 
constants and elastic tensor components of Cu7X1 

were evaluated using first-principles calculations, 
with a plane-wave basis set with the PW-PAW method 
[15] based on the density functional theory under the 
generalized gradient approximation with the Perdew – 
Burke–Ernzerhof (PBE) exchange-correlation func
tional [16]. We performed structural optimizations 
and evaluation of the elastic tensor components 
using the first-principles calculations code Vienna 
Ab Initio Simulation Package (VASP; version 5.4) 
[17–21] with a PW cutoff energy of 500 eV, k-point 
sampling within 0.09 Å−1, and convergence criterion 
for ionic relaxations of 0.001 eV/Å. Elastic properties 
were calculated using the strain values of −0.01, 0, and  
+ 0.01 to cancel the 3rd order anharmonic effects. By 
this procedure, obtained elastic constants of copper 
show good agreement with that of previous work as 
shown in Table S1. Bulk (B) and shear (G) moduli 
were evaluated by arithmetic means, i.e. with the 
Voight–Reuss–Hill approximation [22]. Using the 
mass density m, the longitudinal and transverse 

Figure 1. Framework of the comprehensive elemental screening of SS copper alloys. For SSS modelling, lattice constants and shear 
moduli calculated using the plane-wave projector augmented wave (PW-PAW) method are used. ERs are evaluated via the 
Korringa–Kohn–Rostoker coherent-potential approximation (KKR-CPA) with the Kubo–Greenwood linear response formalism. 
Finite-temperature effects are calculated using Debye temperatures estimated by elastic tensor components of PW-PAW results.
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sound velocities can be expressed as 
CL ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Bþ 4=3ð ÞGf g=m

p
and CT ¼

ffiffiffiffiffiffiffiffiffiffi
G=m

p
; respec

tively. In the Debye model, the average sound velocity 
CD is 

3
CD

3 ¼
1

CL
3 þ

2
CT

3 ; (4) 

while the Debye temperature is 

θD ¼
h

2πkB

6π2N
V

� �1=3

CD; (5) 

where h is the Planck constant, kB is the Boltzmann 
constant, and N atoms exist in a volume of V. The 
misfits of Equation (3) were evaluated by variation 
with pure Cu within the Vegard’s law. 

εG ffi εG Xð Þ;
δG0

1þ 0:5 δG0j j
;

δG0 ;
1

GCu
�

GCuX � GCu

0:125
;

εl ffi εl Xð Þ;
1

lCu
�

lCuX � lCu

0:125
(6) 

where GCu and GCuX are the calculated share moduli of 
pure Cu and Cu7X1, respectively, lCu and lCuX are the 
calculated lattice constants of pure Cu and Cu7X1, 
respectively, and εG (X) and εl (X) are the molar- 
fraction-independent elastic misfit and atomic size 
misfit of the solute element X (X = H – Rn), respec
tively. The calculated atomic size misfits (times lCu) are 
in good agreement with the experimentally obtained 
King’s linear-size factors [23] without Hg, as depicted 
in Figure 2. Throughout this paper, we use the calcu
lated atomic size misfits.

The ERs were calculated using the KKR-CPA [24– 
26] method with the PBE functional [16] for the com
pletely random substitutional SS Cu99X1 (X = H – Rn). 
We performed the ER calculations using the version 
7.7.3 of the Munich spin-polarized relativistic KKR 
code [27,28] with the fully relativistic mode. The angu
lar momentum expansion of the basis has a maximum 
l-value of 3 and 4 for the elements without and with 

lanthanides, respectively. The energy path under the 
Fermi level is in the range of approximately 15 eV for 
the self-consistent field (SCF) calculations. The 
k-point sampling number in the Brillouin zone is set 
to 2,500. For some hard-to-converge elements of 
lanthanides, the number was set to 25,000 for the 
SCF calculations. For resistivity calculations, 100,000 
k-points were used. The ER calculations were per
formed using the Kubo-Greenwood linear response 
formalism with vertex corrections [29]. Scattering 
effects at 300 K with phonons of Debye model are 
included for calculating ER [30] (for more details, 
please refer to Supplementary Information 1). The 
Debye temperatures were used for the interpolation 
of Equation (5) with pure Cu and Cu7X1 (X = H – Rn) 
VASP calculations. In the calculations, the lattice con
stants of Cu99X1 (X = H – Rn) were fixed at 3.6342 Å, 
which is the optimized VASP value of pure copper by 
our group and is slightly larger than the experimental 
value of 3.6147 Å. This originated from the well- 
known property of the PBE method of overestimation 
of lattice constants [31].

2.4. ML for SSS

We employed an ML model of Gaussian process regres
sion (GPR) with a kernel that is the product of constant 
and squared exponential kernels plus white noise ker
nel. Hyperparameters of the kernel were optimized with 
the training set. We used seven elemental features from 
the package of pymatgen [32], including mean values of 
the group number, row number, block number, atomic 
mass, Mendeleev number, thermal conductivity, and 
melting point. The other features of pymatgen were 
not used because they were not available for all elements 
of H to Rn. In addition, Model-1 as a feature was used 
for the entire ML model in this study. Elemental fea
tures were selected with the minimum condition of root 
mean square error (RMSE). The predictive perfor
mance of models was evaluated by the hold-out method 
using testing data set. The model training and testing 

Figure 2. Deviations of the lattice constants of SS copper alloys by each element. The PW-PAW results were obtained using first- 
principles calculations in this study, and ‘Exp. (King)’ are obtained by the experimental values of King’s linear-size factors [23].
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were set up and performed using the scikit-learn ver
sion 0.24.2 [33] and matminer version 0.7.3 [34].

3. Results and discussion

3.1. Electrical resistivity

The calculated ER increases of the completely random 
substitutional SS Cu99X1 (X = H – Rn) relative to the 
values for pure Cu are 

ρ � ρ0 ¼ δρ Xð Þ � x (7) 

which are shown in Figure 3(a), comparing experi
mental results from literature [1,35,36] and this 
study. The molar fraction dependence of nonlinear 
effects is omitted in Equation (7) and the experi
mental results. Our calculated results show good 
agreement with the experimental results, as shown 
in Figure 3(b), with a coefficient of determination 
of R2 > 0.91 without the Cu-Pd resistivity results 
reported by Davis et al. [1]. The Cu-Pd resistivity 
obtained by Linde [35] is also in good agreement 
with our calculation. Therefore, we considered the 
Cu-Pd resistivity results reported by Davis et al. [1] 
as outlier as shown in Figure 3(b). In this study, we 
used the calculated resistivity for the comprehen
sive elemental screening.

3.2. Model-1 for SSS

According to Equations (1–3, 6), Model-1 for SSS is 
expressed as 

Model-1 ; A � GCu � ε Xð Þp � xq ; BX � xq (8) 

where ε Xð Þ;
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

εG Xð Þf g
2
þ α � εl Xð Þf g

2
q

and 
BX ; A � GCu � ε Xð Þp are defined as misfit factor and 
SSS factor for the solute element X (X = H – Rn), 
respectively. Optimal parameters of Model-1, A, p, q, 
and α, are obtained by fitting with the 19 data points as 
a training set; the results are listed in Table 1. The 
obtained p and q show the same order as that of the 
theoretical model [10,11,13,14]. The large α implies 
that only the atomic size misfit contributes to the SSS 
enhancement caused by the interaction between edge 
dislocations and the solute atom [13,14]. As shown in 
Figure 4(a), not only the training set, but also the 
testing set of six data is well predicted by Model-1 
with a coefficient of determination of R2 > 0.8.

3.3. Model-2: ML for SSS

We employed an ML model of GPR as described in 2.4. 
We define the target as 

f Rð Þ ; log10 σ � σ0ð ÞEXP: (9) 

Figure 3. Calculated and experimental ERs of SS copper alloys. (a) ER increases relative to the pure Cu for solute elements of H to 
Rn obtained using first-principles calculations by KKR-CPA and experimental results obtained by Linde [35], Komatsu [36], Davis 
et al. [1], and those in this study. (b) Scatter plot of the experimental and calculated ERs with and without Cu–Pd data reported by 
Davis et al. [1].
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and attempted to express the target by GPR as ‘Model-2’ 
with eight features R , as described above. In features R , 
we always used the feature log10 Model-1ð Þ with the 
parameters of Table 1 because we expected that the 
difference between the experimental values and Model- 
1 could be expressed by the mean values of molar frac
tion for the seven elemental features. Combinations of 
features, up to 7 were evaluated as depicted in 
Figure 4(b). Note that the RMSE was minimized by 
adding the minimum number of the features to 
log10 Model-1ð Þ, i.e. only one, suggesting that overlearn
ing is suppressed. The selected feature was the atomic 
mass that is a monotonically increasing quantity in the 
periodic table. The obtained results should provide 

a correction contribution that depends on the position 
in the periodic table. Hereafter, we define Model-2 for 
SSS as the obtained GPR with the two features. 

σ � σ0ð ÞModel� 2 ; 10Model� 2 (10) 

As shown in Figure 4(c), not only the training set, but 
also the testing set of six data is predicted very well by 
Model-2 with a coefficient of determination R2 > 0.9. 
This demonstrates the obtained Model-2 has high pre
dictive performance.

3.4. Comprehensive elemental screening model 
for SS copper alloy

We define the figure-of-merit (FOM) formula as 

FOM ; log10
σ � σ 0

ρ � ρð Þ
q

� �

(11) Table 1. Optimal parameters of Model-1.
A p q α

0.03790 0.7301 0.9169 9.533 × 103

Figure 4. SSS modelling. (a) experimental vs. calculated (Model-1) SSS for the training and testing sets of CuX (X = Mg, Al, Ni, Zn, 
and Sn) and CuX (X = Be, Ti, and Ag), respectively. (b) number of selected features and RMSE for the testing set. ‘No. of features’ = 1 
represents the model with the feature of log10(Model-1). The values of RMSE for ‘no. of features’ = N are evaluated by the feature 
of log10(Model-1) and combination of N −1 out of the seven elemental features. (c) experimental vs. predicted (Model-2) SSS for 
the training and testing sets of CuX (X = Mg, Al, Ni, Zn, and Sn) and CuX (X = Be, Ti, and Ag), respectively. The error bars are the 
standard deviations obtained via the prediction of GPR model.

Sci. Technol. Adv. Mater. Meth. 3 (2023) 6                                                                                                                                     K. YAMAGUCHI et al.



FOM by Model-1 is independent on the molar frac
tion x, 

FOMModel� 1 ; log10
BX

δp Xð Þf g
q

� �

(12) 

according to Equations (7) and (8). At a larger 
FOM, the element X increases the effect of SSS 
more while suppressing the increase in the ER. 
Therefore, we propose that the FOM can be used 
for a comprehensive elemental screening for SS 
copper alloys. According to Equations (10) and 
(11), the FOM obtained using Model-2 is dependent 
of the molar fraction x. However, Equation (7) is 
a good approximation for low x values, and thus we 
define the FOM obtained by Model-2 at x = 1.0 
atom%. The obtained FOMs vs. atomic number 
are presented in Figure 5(a). The results show 
a periodicity; local maxima exist at a number of 
valence electrons of 1 or 2, at the atomic numbers 
of the solution elements of Be, Mg, K, Rb, Ag, and 
Hg. It seems natural that an element without 
a significant difference in the number of valence 
electrons does not have a severe scattering effect 
on the ER compared to copper with valence elec
trons of 1. These elements have significant differ
ences in the lattice constants, as shown in Figure 2. 

As a result, the FOMs are increased with the ele
ments with valence electrons of 1 or 2. The FOM-1 
results are replotted in the electrical resistivity 
increase δρ Xð Þ (Equation (7)) vs. SSS factor BX 

(Equation (8)) plane, as shown in Figure 5(b). 
Widely used SS elements, such as Zn, Sn, Al, Be, 
and Ni [1], are distributed around FOM = 1-2. The 
results suggest that the solution elements with 
FOM > 2 provide outstanding properties. Top 10 
elements with regard to FOM are shown in 
Table 2 (for all results, see Supplementary material). 
Eight elements (Ag, Cd, In, Hg, Au, Tl, Mg, and Pb) 
are predicted in the top 10 for both Model-1 and 
Model-2. Among all elements of H to Rn, Ag is the 
best solute element according to both models. Cu– 
Ag is a high-performance but expensive alloy [1]. 
Despite its toxicity, Cu–Cd is also a high- 
performance copper alloy [1]. We reported that 
the Cu–Mg SS alloy exhibits excellent properties 
[2,3]. Recently, Cu–In was predicted and realized 
as a high-performance alloy [6], consistent with our 
model predictions. Regarding the practical applica
tion of Cu–In, we must be aware of the reported 
cancer risk of indium [37]. Cu–Au and Cu–Tl have 
not been reported in Ref. [1]; they are expensive 
and toxic, respectively. In addition, the solubility 

Figure 5. FOM of SS copper alloys. (a) FOM vs. atomic number as a comprehensive elemental screening model for SS copper alloys 
using Model-1 and Model-2. The error bars are the standard deviations obtained via the prediction of the GPR model for Model-2. 
(b) predicted results using Model-1 plotted in the electrical resistivity increase δρ Xð Þ (Equation (7)) vs. SSS factor BX (Equation (8)) 
plane.

Sci. Technol. Adv. Mater. Meth. 3 (2023) 7                                                                                                                                     K. YAMAGUCHI et al.



limit in Cu–Tl is quite low [38]. The toxic Cu–Hg is 
also not presented in Ref. [1]. Although the nature 
of the periodic table suggests that our result is 
relatively natural, our prediction for Cu–Hg might 
be overestimated because of the large atomic size 
misfit, as shown in Figure 2. Cu–Pb is also 
a practical alloy [1]; however, Pb is used as an 
additive for free machining despite its toxicity. 
Cu–Pb is not considered as a high-performance 
copper SS alloy because of the low solubility limit 
of 0.09 atom% [38]. The increase in the ER of Cu– 
Pd could be overestimated in Ref. [1], as discussed 
above and as reported by Linde [35]. Although the 
element is comparatively expensive, further practical 
studies on Cu–Pd may be of significance. The other 
solution elements in Table 2, Na, K, and Rb, may 
also provide good results but have extremely low 
solid solution limits [38]. According to these results, 
our comprehensive elemental screening using both 
Model-1 and Model-2 would predict reasonable 
results. From economic, environmental, and health
care perspectives, Cu–Mg is an appropriate choice 
according to the results in Table 2.

4. Conclusions

A comprehensive elemental screening framework 
was used to predict the SSS and ER of copper alloys. 
The ERs are predicted using first-principles calcula
tions with KKR-CPA. We obtained a high degree of 
accuracy with R2 = 0.91. Two models were considered 
to predict SSS. One of them was Model-1, with the 
generalized critical resolved shear stress formula. It 
provided a reasonable accuracy of R2 = 0.82 for the 
testing set of our experimental data. The other was 
Model-2, which exhibited a high prediction perfor
mance of R2 > 0.9 for the testing set. To construct 
Model-2, GPR with the features of mean atomic mass 
and log10 Model-1ð Þ was used. Combining the pre
dicted ER and SSS, we established the FOM formula 
for the comprehensive elemental screening. The 
FOMs, obtained by both Model-1 and Model-2, pro
vided reasonable results. The models predicted the 
already known Cu–Ag (Cd, In, Mg) as high- 
performance copper alloys. All solute elements 

including hypothetical copper alloys were ranked, 
and the less studied Cu–Hg (Tl, Au) were predicted 
to be high-performance structures. On the other 
hand, from economic, environmental, and healthcare 
perspectives, Cu–Mg is an appropriate choice among 
them.
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