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Abstract 

 

 The development of photovoltaic materials that simultaneously satisfy performance 

requirements and practical constraints is essential for large-scale energy applications. In this 

study, we propose a decision-aware, multi-objective screening framework for Cu2O-based 

materials targeting top-cell applications in Si-based multijunction solar cells. The framework 

integrates three key criteria: band gap suitability, supply risk, and thermodynamic stability. 

Band gap properties are predicted using machine learning models with uncertainty-aware 

scoring, while supply risk is quantified using the Herfindahl–Hirschman Index, and 

thermodynamic stability is evaluated via formation enthalpy predictions. These metrics are 

combined into a unified scoring function to systematically rank candidate materials. Top-ranked 

candidates are subsequently validated using first-principles calculations. The screening results 

identify Se-, P-, and S-substituted systems as high-scoring candidates. However, first-principles 

validation reveals that many top-ranked compounds exhibit undesirable electronic properties, 

such as metallic behavior or indirect band gaps. In contrast, Cu2O0.80Se0.20 retains 

semiconducting character with a direct band gap and shows a reduction in band gap relative to 

pristine Cu2O, while maintaining thermodynamic stability. These results demonstrate that 

multi-objective screening alone is insufficient to guarantee physically viable materials and 

highlight the importance of integrating data-driven approaches with physics-based validation. 

The proposed framework provides a robust approach for identifying practically viable 

photovoltaic materials and can be extended to other material systems under real-world 

constraints. 
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1. Introduction 

 

 The global demand for renewable energy has been rapidly increasing, leading to a 

significant expansion in the deployment of photovoltaic technologies. However, conventional 

silicon-based solar cells, which currently dominate the market, are approaching their theoretical 

efficiency limits [1–3]. As a result, achieving substantial performance improvements with 

single-junction devices has become increasingly challenging. To overcome this limitation, 

multi-junction solar cells have attracted considerable attention. By stacking multiple absorber 

layers with different band gaps, these devices enable efficient utilization of the solar spectrum 

over a wide energy range, thereby reducing thermalization and transmission losses and 

significantly improving overall conversion efficiency [4–7]. In addition to performance or 

efficiency, the large-scale deployment of photovoltaic technologies critically depends on 

material cost, abundance, and supply stability. Many high-efficiency solar cell materials contain 

scarce elements such as In, Ga, and Te [8–10], which suffer from limited crustal abundance and 

geographically concentrated production. These factors introduce significant supply risks and 

price volatility, posing challenges for sustainable and scalable energy systems. Therefore, 

identifying materials that are not only high-performing but also economically and 

environmentally sustainable is a central challenge for next-generation photovoltaics. 

Among the candidate materials for solar cells, cuprous oxide (Cu2O) has emerged as a 

particularly promising option. Cu2O is composed of earth-abundant, low-cost, non-toxic 

elements and exhibits favorable optoelectronic properties [11–15]. These characteristics make 

Cu2O highly promising for scalable and sustainable photovoltaic applications and an attractive 

candidate, for example, for the top cell in multijunction configurations with bottom cells such 

as Si or CIGS. However, achieving efficient carrier transport and high open-circuit voltage 

requires precise tuning of its electronic properties, particularly the band gap. For instance, the 
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intrinsic band gap of Cu2O (~2.17 eV) is larger than the optimal value (~1.7–1.8 eV) required 

for top-cell absorbers in Si-based multijunction solar cells, necessitating band gap engineering 

to achieve improved device performance. Elemental substitution provides an effective strategy 

for tuning the electronic structure of semiconductors. In the case of Cu2O, partial substitution 

at the oxygen site can modify the band structure and potentially improve carrier transport 

properties [16,17]. While previous studies have explored substitution strategies to optimize 

specific properties, most efforts have focused primarily on performance metrics such as band 

gap, often neglecting practical constraints such as material availability and supply stability. 

The exploration of novel materials through purely experimental approaches is time-

consuming and resource-intensive. In this context, machine learning has emerged as a powerful 

tool for accelerating materials discovery by enabling high-throughput screening of vast 

chemical spaces [18–22]. Nevertheless, machine learning-based screening alone does not 

guarantee physical validity or practical applicability, as predictions are inherently limited by 

training data. Therefore, integrating data-driven screening with physics-based validation is 

essential for reliable materials design under real-world constraints. For example, first-principles 

calculations based on density functional theory (DFT) provide a reliable and widely used 

approach for such validation, allowing detailed evaluation of electronic structures and derived 

properties prior to experimental verification. In this work, we propose a decision-aware, multi-

objective materials discovery framework for Cu2O-based photovoltaic materials. The 

framework integrates three key criteria: band gap suitability, supply risk, and thermodynamic 

stability, enabling systematic exploration of trade-offs among competing objectives. Candidate 

materials are first screened using machine learning-based predictions and quantitative scoring, 

followed by first-principles validation of the most promising compounds. This integrated 

approach aims to bridge the gap between data-driven screening and physically grounded 

validation, thereby enabling more reliable and application-oriented materials discovery. 

Through the integrated scheme, we demonstrate that Se substitution in Cu2O is particularly 
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effective in achieving a balanced optimization, while also revealing that some high-scoring 

candidates exhibit undesirable electronic properties. These findings highlight the limitations of 

purely data-driven screening and underscore the importance of integrating physical validation. 

More broadly, this study provides a pathway toward cost-aware and scalable materials 

discovery, which is essential for the practical realization of next-generation photovoltaic 

technologies. 
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2. Methods 

 

2-1. Candidate Space and Multi-Objective Screening 

 

 In this study, we focused on Cu2O-based materials as candidate top-cell absorbers for 

Si-based multijunction solar cells. To tune the band gap of Cu2O toward the optimal value for 

tandem applications, partial substitution at the oxygen sites was considered. In practical device 

configurations, Cu2O is typically used as a p-type semiconductor and paired with n-type 

semiconductors such as ZnO or Ga2O3. Therefore, the materials explored in this study were 

assumed to form heterojunctions with such n-type counterparts. The target materials were 

defined by substituting oxygen atoms in Cu2O with elements from groups 15–17, while 

maintaining charge neutrality. Let M denote the substituting element and x the substitution 

fraction. The compositions were defined as follows: 

 Group 15: Cu₂O1−1.5xMx 

 Group 16: Cu₂O1−xMx 

 Group 17: Cu₂O1−0.5xMx 

The substitution fraction x was varied from 0 to 0.50 in increments of 0.05. Compounds 

containing elements for which no data were available in the machine learning models or 

evaluation metrics were excluded from the search space. To evaluate candidate materials, three 

criteria were considered: (i) band gap suitability, (ii) supply risk, and (iii) thermodynamic 

stability. The overall framework follows the multi-objective, uncertainty-aware approach 

proposed in Ref. [23], with modifications to the target properties and evaluation criteria. In the 

present study, the original objective related to catalytic performance is replaced with band gap 

suitability, while retaining the underlying decision-oriented scoring strategy. 

 Band gap values were predicted using the corrected dataset constructed in our previous 
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study [24], where systematic errors in DFT calculations were reduced using symbolic 

regression. In that approach, a physically interpretable correction function was derived to map 

DFT-calculated band gaps to experimental values, enabling the generation of a large, high-

quality dataset. The resulting dataset significantly expands the available training data while 

maintaining physical consistency. Specifically, semiconductor compounds with both 

experimentally measured and DFT-calculated band gaps were used to derive a symbolic 

regression equation relating the two quantities. The obtained correction function was 

subsequently applied to a large collection of DFT band gaps compiled from the AFLOW and 

Materials Project databases, yielding corrected band gap values. The corrected values were 

treated as approximations of experimental band gaps and used to construct an expanded training 

dataset for machine learning-based band gap prediction [24]. Based on this dataset, machine 

learning models were trained using 129 compositional descriptors derived from elemental 

properties. These descriptors capture statistical, electronic, and structural characteristics of 

constituent elements, allowing accurate prediction of band gap values across a wide range of 

compounds. The band gap score Aj for compound j with a band gap Eg,j was defined as: 

 

𝐴𝑗 = ∫ 𝒩(
1.9

1.6

𝐸g,𝑗|𝜎𝑗
2)𝑑𝐸g        (1) 

 

where N denotes a normal distribution with mean Eg,j and standard deviation j, calculated from 

the variance across the individual predictions generated by the 100 constituent decision trees 

that make up the Random Forest ensemble. This formulation represents the probability that the 

predicted band gap falls within the desired range. For Si-based dual-junction solar cells, the 

optimal top-cell band gap is approximately 1.73 eV [25,26]. Therefore, the target range was set 

to 1.6–1.9 eV. In practice, the variance of the Random Forest predictions was significantly 

larger than the target window (0.3 eV). This caused the score Aj to become uniformly small for 
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all candidates, making it difficult to rank the materials clearly. To resolve this and restore the 

ability to screen candidates, the predicted uncertainties required calibration to a realistic 

physical baseline. Specifically, considering that the typical distinguishable resolution of band 

gap values using high-accuracy electronic structure methods is approximately 0.2 eV [27], the 

standard deviations were globally scaled such that the average standard deviation across all 

candidate compounds becomes 0.2 eV. The corrected standard deviation for each compound 

was obtained as: 

 

𝜎𝑗,𝑐𝑜𝑟𝑟 =
0.20

𝜎𝑟𝑎𝑤̅̅ ̅̅ ̅̅
𝜎𝑗,𝑟𝑎𝑤        (2)  

 

where 𝜎𝑟𝑎𝑤̅̅ ̅̅ ̅̅  is the original average standard deviation over all compounds and j,raw is the 

original standard deviation for compound j. This procedure effectively sharpens the predicted 

distributions while maintaining relative uncertainty differences among compounds, thereby 

enabling more discriminative evaluation of band gap suitability within the target range.  The 

reported uncertainty values correspond to the standard deviation of predictions obtained from 

an ensemble of independently trained Random Forest models. These values are used as a 

relative measure of model disagreement and candidate ranking rather than as rigorously 

calibrated probabilistic uncertainties. 

 The Herfindahl–Hirschman Index (HHI), originally developed to quantify market 

concentration, was employed here as a proxy for supply risk based on the geographical 

distribution of elemental resources. A higher HHI indicates stronger concentration and thus 

higher supply risk. The supply risk score Cj for compound j was defined as: 

 

𝐶𝑗 =
1

𝑁𝑡
∑ 𝑁𝑖 [1 −

𝐻𝐻𝐼𝑗
𝑖 − min(𝐻𝐻𝐼)

max(𝐻𝐻𝐼) − min(𝐻𝐻𝐼)
]

𝑁𝑡

𝑖=1

        (3)  
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where Nt is the total number of elements in the compound, Ni is the number of atoms of element, 

and HHIji is the HHI value of element i in compound j. The normalization ensures that higher 

scores correspond to lower supply risk. HHI data are obtained from Ref. [28], using reserve-

based values. 

 Formation enthalpy was adopted as a metric to evaluate the thermodynamic stability 

of candidate compounds. The dataset was obtained from version 1.6 of the Open Quantum 

Materials Database (OQMD) [29]. To ensure data quality, duplicate entries corresponding to 

the same compound were removed by retaining only the entry with the lowest formation 

enthalpy. In addition, elemental entries were excluded since their formation enthalpy is defined 

as zero. Following the procedure described in Ref. [30], outliers beyond ±5σ of the distribution 

(where σ is the standard deviation of the dataset) were also removed. As a result, a total of 

644,008 data points were retained for model training. For the prediction of formation enthalpy, 

we employed Roost (Representation Learning from Stoichiometry) [31], a graph neural 

network-based model known for its high predictive accuracy. To determine the optimal number 

of training epochs, 5-fold cross-validation was performed with an 80/20 split between training 

and test sets. Model performance was evaluated using the mean absolute error. The final model 

was trained on the full dataset using the optimized hyperparameters. The trained Roost model 

was then applied to candidate compounds, and the predicted formation enthalpies were 

subsequently used to assess thermodynamic stability. The stability score Sj was defined as: 

 

𝑆𝑗 = 1 −
𝐻𝑓,𝑗 − min(𝐻𝑓)

max(𝐻𝑓) − min(𝐻𝑓)
        (4)  

 

where Hf,j is the predicted formation enthalpy of compound j, and max(Hf), min(Hf) are the 

maximum and minimum values within the candidate set. Lower formation enthalpy 
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corresponds to higher stability. 

 The integrated, overall score for compound j was defined as the product of the three 

metrics: 

 

𝐴𝑄𝑗 = 𝐴𝑗 × 𝐶𝑗 × 𝑆𝑗         (5)  

 

A higher AQj indicates a more promising candidate, balancing performance, stability, and 

supply considerations. It should be noted that both the band-gap prediction model and the Roost 

formation-enthalpy model employed in this study are composition-based and do not explicitly 

incorporate crystal structure information. Consequently, these models cannot distinguish 

polymorphs having identical compositions, nor can they capture the effects of local atomic 

environments, coordination geometries, defect configurations, or short-range ordering on 

material properties. While composition-based approaches are advantageous for rapid screening 

over large chemical spaces, their predictions should be regarded as approximate indicators of 

materials potential rather than definitive evaluations of specific crystal structures. Therefore, 

first-principles calculations were subsequently performed for selected high-ranking candidates 

to assess their structural and electronic properties more rigorously. 

 

 

2-2. First-Principles Calculations 

 

 To validate the top-ranked candidates, first-principles calculations were performed 

based on DFT. For substitutional systems, the initial crystal structures were constructed using 

special quasi-random structures (SQS) to approximate random solid solutions while avoiding 

artificial ordering effects. SQS structures were generated using the mcsqs code in the Alloy 

Theoretic Automated Toolkit (ATAT) [32], based on the Cu2O unit cell obtained from the 
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Materials Project database. To accurately represent target compositions under periodic 

boundary conditions, supercells were constructed such that the number of atoms of each 

element becomes an integer. For substitutions involving group 15 and 17 elements, charge 

balance was maintained by introducing vacancies and/or interstitial atoms where necessary. 

DFT calculations were performed using the Vienna Ab initio Simulation Package (VASP) [33–

35], employing the Perdew–Burke–Ernzerhof (PBE) exchange–correlation functional [36]. The 

electronic self-consistency convergence criterion was set to 10−5 eV, and structural optimization 

was performed until atomic forces were below 0.02 eV/Å. A plane-wave cutoff energy of 520 

eV was used. Brillouin zone sampling was conducted using a 2×2×2 k-point mesh for structural 

relaxation and a denser 6×6×6 mesh for static calculations. The primary quantity of interest is 

the band gap. Although the target band gap is 1.73 eV, it is well known that PBE systematically 

underestimates band gaps. For example, the DFT-calculated band gap of pristine Cu2O (~0.5 

eV) is significantly smaller than the experimental value (~2.17 eV). Therefore, instead of 

directly comparing absolute values, we evaluated whether the calculated band gap decreases 

relative to that of pristine Cu2O, indicating a shift toward the desired range. In addition, 

formation enthalpy was calculated for selected candidates to assess thermodynamic feasibility. 

Lower formation enthalpy indicates higher likelihood of successful synthesis. 

 

 It should be noted that the PBE exchange–correlation functional is known to 

significantly underestimate the band gaps of transition-metal oxides due to self-interaction 

errors and the insufficient localization of d-electron states [37]. In particular, Cu2O contains Cu 

3d states that strongly influence the valence-band edge, and the inaccurate description of these 

states often results in substantial underestimation of the band gap compared with experimental 

measurements [38]. Previous studies have reported that while the experimental band gap of 

Cu2O is approximately 2.0–2.2 eV, standard PBE calculations typically predict values around 

0.5–0.8 eV. Therefore, the absolute band-gap values and electronic character predicted by PBE 
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should be interpreted with caution. In the present study, first-principles calculations are 

primarily used to evaluate relative trends among structurally similar compounds rather than to 

provide quantitatively accurate electronic properties. More reliable assessment of absolute band 

gaps and electronic character would require higher-level approaches such as DFT+U, hybrid 

functionals (e.g., HSE06), or many-body perturbation methods (GW) [39,40], which are beyond 

the scope of the present work. 
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3. Results and Discussion 

 

3-1. Evaluation of Multi-Objective Screening 

 

 The evaluation metrics defined in Section 2-1 were calculated for all candidate 

compounds in the search space. Regarding the underlying machine learning models, the 

Random Forest model for band gap prediction achieved an RMSE of 0.7538 eV. For the phase 

stability screening, the Roost model for formation enthalpy prediction achieved an MAE of 

0.0567 eV/atom, demonstrating high predictive accuracy. The top 20 compounds ranked by the 

integrated score AQj are summarized in Table 1. Overall, compounds with anion-site 

substitution by P, Se, and S dominate the top-ranked candidates. Notably, Se-substituted 

compounds account for half of the top 20 entries, including Cu₂O0.80Se0.20, which ranks second. 

This trend strongly suggests that Se substitution is particularly effective in optimizing the trade-

off among band gap suitability, supply risk, and thermodynamic stability in the present material 

system. Among all candidates, Cu₂O0.775P0.150 exhibits the highest AQj, indicating that it 

achieves a well-balanced combination of the three evaluation criteria. This result highlights the 

importance of multi-objective optimization, as the top-ranked materials are not necessarily 

those with the best individual property but those that achieve a favorable balance across 

competing objectives. 

 

Compound 𝐴𝑗 𝐶𝑗 𝑆𝑗 𝐴𝑄𝑗 

Cu2O0.775P0.150 0.538 0.860 0.711 0.329 

Cu2O0.800Se0.200 0.501 0.881 0.700 0.309 

Cu2O0.750Se0.250 0.521 0.878 0.672 0.307 

Cu2O0.700P0.200 0.573 0.848 0.619 0.301 

Cu2O0.700Se0.300 0.541 0.874 0.628 0.297 

Cu2O0.650S0.350 0.540 0.887 0.607 0.290 
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Cu2O0.850Se0.150 0.454 0.885 0.711 0.286 

Cu2O0.500S0.500 0.543 0.883 0.587 0.281 

Cu2O0.650Se0.350 0.561 0.870 0.573 0.280 

Cu2O0.850P0.100 0.414 0.872 0.767 0.277 

Cu2O0.600Se0.400 0.600 0.867 0.532 0.276 

Cu2O0.850As0.100 0.507 0.878 0.616 0.274 

Cu2O0.775As0.150 0.558 0.868 0.564 0.274 

Cu2O0.550Se0.450 0.600 0.863 0.511 0.265 

Cu2O0.550S0.450 0.508 0.884 0.584 0.262 

Cu2O0.700S0.300 0.478 0.888 0.614 0.261 

Cu2O0.850Sb0.100 0.529 0.881 0.555 0.259 

Cu2O0.900Se0.100 0.404 0.889 0.718 0.258 

Cu2O0.500Se0.500 0.601 0.859 0.497 0.256 

Cu2O0.600S0.400 0.486 0.885 0.592 0.255 

Table 1: List of the top-ranked compounds based on the integrated evaluation score AQj along 

with their corresponding band gap score (Aj), supply risk score (Cj), and thermodynamic 

stability score (Sj). 

 

 To further elucidate the role of each substituting element, the average values of the 

evaluation metrics AQj over all substitution ratios x were computed for each element and 

visualized (Fig. 1). The results confirm that Se consistently yields high AQj values across a wide 

composition range, while P and S also exhibit relatively favorable performance. In contrast, 

substitutions with group 17 elements and nitrogen tend to result in significantly lower scores, 

indicating less favorable trade-offs. To gain deeper insight into the origin of these trends, the 

dependence of each metric on the substitution fraction was analyzed for Se-substituted systems 

(Fig. 2). The band gap-related metric Aj increases monotonically with increasing Se content, 

whereas the thermodynamic stability and supply-related metrics exhibit different, often 

competing trends. These results demonstrate that the final ranking is governed by a non-trivial 

interplay among multiple factors, and that high-performing candidates emerge only when these 

competing effects are simultaneously optimized. 
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Fig. 1: Average values of the integrated evaluation score AQj for each substituting element 

considered (Groups 15–17 of the periodic table), illustrating their overall impact on material 

performance across all substitution ratios. 

 

 

Fig. 2: Dependence of evaluation metrics (Aj, Cj, and Sj, and AQj) on Se substitution fraction x, 

illustrating trade-offs among band gap suitability, supply risk, and thermodynamic stability. 
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 The machine learning models employed in this study rely exclusively on compositional 

information and do not explicitly account for crystal structure, local atomic environments, or 

configurational ordering effects. Consequently, discrepancies between machine learning 

predictions and subsequent first-principles validation are expected for some candidate materials. 

In addition, the predictive reliability of machine learning models generally decreases when 

applied to compositions that are underrepresented in the training data. Therefore, the present 

screening framework should be regarded as a tool for prioritizing promising candidates rather 

than providing definitive property predictions, highlighting the continued importance of first-

principles validation. 

 

 

3-2. First-Principles Validation 

 

3-2-1. Reference DFT Calculation for Pristine Cu2O 

 

As a reference for comparison with the substituted compounds, the electronic structure 

of pristine Cu2O was first evaluated. The density of states and band structure obtained from 

first-principles calculations are shown in Figs. 3 and 4, respectively. In Fig. 3, the zero of the 

energy axis corresponds to the Fermi level. The calculated band gap of Cu2O was 0.5039 eV, 

which is in good agreement with the value reported in the Materials Project database (~0.51 

eV), where calculations are primarily performed using the PBE functional. The slight 

discrepancy is attributed to differences in computational settings, such as k-point sampling. For 

consistency, all subsequent first-principles calculations for the top-ranked candidate 

compounds were performed under the same computational conditions as those used for pristine 

Cu2O. 
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Fig. 3: Density of states of pristine Cu2O calculated using DFT. The Fermi level is set to zero 

energy. 

 

 

Fig. 4: Electronic band structure of pristine Cu2O calculated using DFT. 

 

 

3-2-2. Case 1: Cu2O0.775P0.15 (Top-ranked candidate) 
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The highest-ranked compound, Cu2O0.775P0.15, was first examined. However, direct 

construction of this composition requires a supercell containing more than 100 atoms to satisfy 

the stoichiometric ratio, resulting in prohibitively high computational cost. Therefore, a slightly 

adjusted composition, Cu2O0.75P0.167, was adopted, which allows construction of a 35-atom 

supercell while maintaining a similar substitution level. This adjusted composition was used for 

subsequent structural and electronic analyses. The optimized crystal structure of Cu2O0.75P0.167 

is shown in Fig. 5. To quantitatively verify the randomness of the generated SQS beyond visual 

inspection, we evaluated the mismatch in the pair-correlation functions using the mcsqs code. 

The maximum absolute difference between the SQS and an ideal random solid solution is 

exceptionally small for the first and second nearest-neighbor distances as shown in Table 2. 

This minimal mismatch mathematically demonstrates that our supercell successfully mimics an 

ideal random solid solution without artificial clustering. Due to the larger atomic radius of P 

compared to O, as well as the introduction of vacancies to maintain charge neutrality, local 

lattice strain is expected in the structure. During structural relaxation, atomic rearrangement 

occurred to minimize interatomic forces, resulting in noticeable distortion from the original 

Cu2O lattice. 

 

Fig. 5: Optimized crystal structure of Cu2O0.75P0.167 generated using the SQS approach, 

showing the spatial distribution of substituted P atoms. 
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Diameter (Å) SQS Correlation Target Correlation Difference 

3.698 0.437500 0.390625 0.046875 

3.698 0.018042 0.045106 -0.027064 

3.698 0.000000 0.005208 -0.005208 

3.698 0.437500 0.390625 0.046875 

3.698 0.018042 0.045106 -0.027064 

3.698 0.000000 0.005208 -0.005208 

4.270 0.375000 0.390625 -0.015625 

4.270 0.072169 0.045106 0.027063 

4.270 -0.041667 0.005208 -0.046875 

Table 2. Pair-correlation functions of the generated SQS supercell compared to the target ideal 

random solid solution. 

 

 The density of states of Cu2O0.75P0.167 is shown in Fig. 6. A finite density of states at 

the Fermi level is observed, indicating that the Fermi level lies within the valence band. This 

behavior is characteristic of heavily doped semiconductors, where the Fermi level shifts into 

the band and the system exhibits degenerate or metallic-like conductivity. Such electronic 

characteristics are undesirable for photovoltaic applications, as they can lead to increased 

carrier recombination and loss of rectifying behavior. Therefore, despite its high ranking in the 

screening process, within the PBE framework employed in the present study, Cu2O0.775P0.15 

does not exhibit the electronic characteristics desired for top-cell absorbers in Si-based dual-

junction solar cells. However, because the PBE functional is known to underestimate band gaps 

and may incorrectly delocalize electronic states in transition-metal oxides, the possibility that 
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higher-level methods such as DFT+U, HSE06, or GW could modify the predicted electronic 

character cannot be excluded [38–41]. Consequently, the present result should be interpreted as 

a qualitative assessment within the PBE framework rather than definitive evidence that the 

material is unsuitable for photovoltaic applications. 

 

 

Fig. 6: Density of states of Cu2O0.75P0.167, indicating metallic or degenerate semiconductor 

behavior due to high substitution levels. 

 

 

3-2-3. Case 2: Cu2O0.80Se0.20 (Second-ranked candidate) 

 

The second-ranked compound, Cu2O0.80Se0.20, was further investigated in detail. The 

optimized crystal structure is shown in Fig. 7. As seen in the figure, the relaxed structure 

exhibits significant distortion from the original cubic symmetry, resulting in a parallelogram-

like deformation of the lattice. This distortion is attributed to the size mismatch between Se and 

O atoms, where local strain induced by substitution is relieved through global lattice 

deformation. The density of states of Cu2O0.80Se0.20 is shown in Fig. 8. In contrast to the P-
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substituted system discussed above, the density of states at the Fermi level is zero, confirming 

that the compound retains semiconducting behavior with a finite band gap. The calculated band 

gap is 0.4874 eV, which is slightly smaller than that of pristine Cu2O (0.5039 eV) obtained 

using the same computational setup. This corresponds to an approximate 3% reduction in the 

band gap due to Se substitution. Although it is well known that PBE-based DFT calculations 

systematically underestimate band gaps, the relative trends between structurally similar 

compounds remain meaningful. Therefore, the observed reduction in the calculated band gap 

suggests that the experimental band gap of Cu2O0.80Se0.20 is likely shifted toward lower energies 

compared to that of pristine Cu2O (2.17 eV [37]). The calculated DFT band gap of 

Cu2O0.80Se0.20 was 0.4874 eV, slightly smaller than that of pristine Cu2O (0.5039 eV) obtained 

under the same computational conditions. This small reduction suggests that Se substitution 

may induce a modest downward shift in the band gap within the PBE framework. However, 

because the difference is only 0.0165 eV and PBE substantially underestimates the absolute 

band gap of Cu2O, this result should be interpreted with caution. Quantitative validation of 

whether Se substitution shifts the experimental band gap toward the target range for Si-based 

multijunction solar cells would require higher-level electronic structure calculations, such as 

HSE06 or GW, or experimental measurements. Therefore, Cu2O0.80Se0.20 should be regarded as 

a candidate warranting further validation rather than as a conclusively optimized top-cell 

absorber. 
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Fig. 7: Optimized crystal structure of Cu2O0.80Se0.20, highlighting lattice distortion induced by 

Se substitution. 

 

 

Fig. 8: Density of states of Cu2O0.80Se0.20, showing the presence of a band gap and direct 

semiconducting characteristics. 

 

 It should be emphasized that the band-gap score Aj and the first-principles validation 

serve different purposes. Aj is based on machine learning predictions trained on corrected band-
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gap values that approximate experimental band gaps, and therefore evaluates the probability 

that a candidate falls within the absolute target range of 1.6–1.9 eV. In contrast, the DFT 

calculations are not intended to provide quantitatively reliable absolute band gaps because the 

DFT calculation severely underestimates the band gap of Cu2O. The DFT validation was 

therefore used only to assess qualitative electronic characteristics, such as whether the material 

remains semiconducting and whether the band gap shows a relative increase or decrease 

compared with pristine Cu2O under identical computational settings. Thus, the machine 

learning screening and DFT validation should be regarded as complementary rather than 

directly equivalent evaluation steps. 

 

 The electronic band structure is shown in Fig. 9. Due to the structural distortion, strict 

symmetry-based high-symmetry paths would require a more complex treatment. However, for 

clarity and direct comparison with pristine Cu2O, the band structure was plotted along the 

conventional high-symmetry path assuming an idealized lattice. The results show that both the 

valence band maximum and conduction band minimum are located at the Γ point, indicating a 

direct band gap. Direct semiconductors are advantageous for photovoltaic applications due to 

their high optical absorption coefficients. Furthermore, the dispersion near the valence band 

maximum at the Γ point is comparable to that of pristine Cu2O (Fig. 4), suggesting that carrier 

transport properties are not significantly degraded by Se substitution. Nevertheless, it should 

be noted that the present band-structure calculations were performed for distorted SQS 

supercells, in which the crystal symmetry is lower than that of pristine Cu2O. Therefore, the 

conventional high-symmetry k-point path adopted for visualization should be regarded as an 

approximate reference path. Consequently, the identification of a direct band gap should be 

interpreted qualitatively, and a rigorous assessment would require symmetry-adapted band 

unfolding or related analyses. 
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Fig. 9: Electronic band structure of Cu2O0.80Se0.20, indicating a direct band gap at the Γ point. 

 

 To further assess thermodynamic stability, the formation enthalpy was calculated 

using: 

 

∆𝐻𝑓 =
𝐸𝑡𝑜𝑡𝑎𝑙 − ∑ 𝑛𝑖𝜇𝑖𝑖

∑ 𝑛𝑖𝑖
        (6)  

 

where Etotal is the total energy of the supercell obtained from first-principles calculations, ni is 

the number of atoms of element i, and i is the reference energy per atom for each element in 

its stable phase. The reference energies were calculated under the same computational 

conditions as that for the compound search above, resulting in −3.729, −4.930, and −3.491 

eV/atom for Cu, O, and Se, respectively. The calculated formation enthalpy of Cu2O0.80Se0.20 

was −0.313 eV/atom, indicating favorable compound formation relative to the elemental 

reference states. However, a negative formation enthalpy alone does not guarantee 

thermodynamic stability against competing phases. According to the Cu–O–Se phase stability 

analysis in OQMD, the corresponding composition is predicted to decompose into Cu, Cu2O, 

and Cu3Se2 with a decomposition enthalpy of −0.572 eV/atom [29]. Therefore, the present SQS 
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structure lies approximately 0.259 eV/atom above the convex hull and should be regarded as 

thermodynamically metastable under equilibrium conditions. Nevertheless, metastable phases 

may still be experimentally accessible through kinetic stabilization or non-equilibrium 

synthesis routes, such as low-temperature thin-film growth, rapid quenching, or strain-

stabilized epitaxy [42]. 

 

 

3-2-4. Other Candidates 

 

 First-principles validation was also performed for all compounds ranked from third to 

sixth in the screening results. In addition, to assess the influence of less frequently occurring 

substituent elements, the highest-ranked As-substituted compound (ranked twelfth, as found in 

Table 1) was examined under the same computational framework. The results are summarized 

in Table 3. The investigated compounds can be broadly classified into three categories: (i) 

direct-gap semiconductors with band gaps larger than that of pristine Cu2O, (ii) compounds 

exhibiting reduced band gaps but with indirect band gaps, and (iii) compounds showing metallic 

or degenerate electronic behavior, similar to the P-substituted system discussed earlier. None of 

these characteristics are suitable for the targeted application in Si-based multijunction solar cells. 

In particular, larger band gaps reduce spectral utilization, indirect band gaps lead to lower 

optical absorption efficiency, and metallic or degenerate behavior results in increased carrier 

recombination and loss of rectifying properties. These observations highlight that high 

screening scores do not necessarily guarantee desirable electronic properties, underscoring the 

importance of first-principles validation. 
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Rank Composition Band gap [eV] Electronic character Band gap trend vs Cu
2
O 

1 Cu2O0.750P0.167

† − 
Degenerate 

semiconductor 
− 

2 Cu2O0.800Se0.200 0.487 
Direct 

semiconductor 
Decreased 

3 Cu2O0.750Se0.250 0.740 
Direct 

semiconductor 
Increased 

4 Cu2O0.700P0.200 − 
Degenerate 

semiconductor 
− 

5 Cu2O0.700Se0.300 0.379 
Indirect 

semiconductor 
Decreased 

6 Cu2O0.667S0.333

‡ 0.609 
Direct 

semiconductor 
Increased 

12 Cu2O0.850As0.100 − 
Degenerate 

semiconductor 
− 

 

Table 3: Summary of first-principles validation results for candidate compounds ranked 3rd to 

6th based on AQj, along with the highest-ranked As-substituted compound (ranked 12th). 

† Composition adjusted from Cu2O0.775S0.150 to reduce computational cost. 

‡ Composition adjusted from Cu2O0.650S0.350 to reduce computational cost. 
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4. Conclusions 

 

 In this study, we explored Cu2O-based compounds with partial substitution at oxygen 

sites as candidate top-cell materials for Si-based multijunction solar cells. To identify 

practically viable materials, we developed and applied a multi-objective, decision-aware 

screening framework that simultaneously considers band gap suitability, supply risk, and 

thermodynamic stability. Promising candidates identified through this screening were further 

validated using first-principles calculations. The screening results revealed that compounds 

with anion substitution by P, Se, and S frequently rank highly in terms of the integrated score. 

In particular, Se substitution was found to be especially effective in balancing the competing 

requirements. Among the candidates, Cu2O0.80Se0.20 was identified as a promising material, 

exhibiting a favorable combination of reduced supply risk, appropriate band gap tuning, and 

thermodynamic stability. The proposed framework is effective in narrowing a large candidate 

space and prioritizing compounds for subsequent first-principles validation. However, the 

present results also demonstrate that high machine-learning scores do not necessarily guarantee 

desirable electronic properties after DFT validation, highlighting the importance of integrating 

data-driven screening with physics-based verification. At the same time, first-principles 

validation revealed that even top-ranked candidates do not always retain the desired 

semiconducting properties. In particular, substitutions involving elements with significantly 

different atomic radii or valence electron configurations from the host lattice tend to induce 

metallic behavior, likely due to impurity state formation and structural distortions. This finding 

highlights an important limitation of purely data-driven screening approaches and underscores 

the necessity of incorporating physical consistency—such as structural compatibility with the 

host lattice—into materials design. More broadly, the present study suggests that integrating 

data-driven screening with physics-based validation provides a robust pathway for reliable and 
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application-oriented materials discovery. Future work should incorporate additional descriptors 

such as carrier mobility and structural compatibility, as well as higher-level electronic structure 

methods (e.g., HSE06, DFT+U, or GW) for more accurate validation. Future extensions of the 

present framework may benefit from the integration of emerging machine learning interatomic 

potentials (e.g., MACE and UMA) with crystal-structure prediction techniques, enabling 

efficient identification of low-energy polymorphs, phase stability, and dynamical properties 

beyond the parent Cu2O lattice [43]. Furthermore, integration with experimental synthesis and 

feedback loops will be essential to establish a closed-loop materials discovery framework. 
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