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This paper predicts the bandgaps of over 200 new chalcopyrite compounds for previously untested
chemistries. An ensemble data mining approach involving Ordinary Least Squares (OLS), Sparse Partial
Least Squares (SPLS) and Elastic Net/Least Absolute Shrinkage and Selection Operator (Lasso) regression
methods coupled to Rough Set (RS) and Principal Component Analysis (PCA) methods was used to
develop robust quantitative structure – activity relationship (QSAR) type models for bandgap prediction.
The output of the regression analyses is the predicted bandgap for new compounds based on a model
using the descriptors most related to bandgap. Feature ranking algorithms were then employed to: (i)
assess the connection between bandgap and the chemical descriptors used in the predictive models;
and (ii) understand the cause of outliers in the predictions. This paper provides a descriptor guided selec-
tion strategy for identifying new potential chalcopyrite chemistries materials for solar cell applications.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

Semiconducting chalcopyrites are a material system of interest
due to their non-linear optical properties and technological appli-
cations [1,2]. Ab initio methods have previously been used to calcu-
late the bulk electronic band structure of some chalcopyrite
compounds. The perturbation method to the density functional
has been used to calculate structural and dynamic properties of
the lattice of some chalcopyrites [3]. But these methods are com-
putationally intensive, which explains why only a limited number
of the possible compounds have been studied until now. Moreover,
the values obtained must be calibrated to match with actual exper-
imental bandgap values because ab initio calculations most often
underestimate bandgaps. Other groups have proposed approaches
to rapid quantum mechanical calculations [4–6]. We instead utilize
statistical learning to allow high throughput computation by pre-
dicting properties for compounds that have yet to be measured
and which serve to guide future material science discoveries.

The present investigation refines and improves the predictive
model proposed by Suh and Rajan for predicting the bandgap of
chalcopyrites as a function of several basic elemental properties
[7]. In that paper, the model fit the training data well, but did
not match with the data used only for validation. Of the 205 new
bandgap predictions for additional chemistries, 77 had predicted
negative bandgap values. Further, the model was not applicable
for understanding underlying physics and causes of outliers. To ad-
dress these problems, we have made several modifications to the
mathematical logic. (i) We expand beyond using partial least
squares (PLS) as the only regression method to an ensemble ap-
proach, improving model predictivity and robustness. (ii) The
dimensionality of the input data is increased by including the ele-
mental descriptors for each component, as opposed to a single va-
lue based on a weighting scheme. By doing this, we remove any
error associated with the scaling and enable physical interpreta-
tion of the model since the change in bandgap is linked to the indi-
vidual components. (iii) We apply feature ranking approaches to
delve into the underlying physics and identify the cause of outlier
compounds [8]. (iv) We qualitatively define the uncertainty in new
bandgap predictions so that the results can be more effectively
used for new material design.

Discovery of new materials for solar energy conversion to fuels
through photoelectrochemical energy conversion is regarded as
one of the grand challenges in materials science, chemistry and
renewable energy [9]. The key underlying aspect for enabling such
discovery is the availability of tools and methods for rapid predic-
tion of a large number of compounds with bandgaps in the range of
1.0–2.4 eV range. Specifically, the chalcopyrites (chemical formula
ABC2) have been widely used in processes such as catalysis, chemi-
sorption or bioleaching, but the most promising application is
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Fig. 1. (a) ‘‘Knowledge’’ spectrum of the pace of chalcopyrite semiconductor
discovery starting with reports over the last two decades. The vertical axis
represents the number of distinct chalcopyrite chemistries with known bandgaps
(including both experimental and computed data). The data reported prior to 2004
for I-III-VI2 or II-IV-V2 compounds (please see Appendix) was used for developing
the QSAR type model, which we then use to develop a virtual library of chalcopyrite
compound semiconductor bandgaps. (b) Periodic table showing the elements used
in the QSAR modeling as compound chemistries, with the group numbers shown.
The red shaded elements are included in the training data, the green boxes are
elements which were not used in the training data but have been recently reported
via first principles calculations, while the gray boxes are elements for which the
bandgap of compounds containing these elements has not been reported. The QSAR
presented here is applicable to all of these elements, expanding the chemical design
space for compound semiconductors. (c) Uncertainty in predictions of possible
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perhaps their use in solar cells. While silicon-based solar cells still
dominate the market, thin-film solar cells have nearly tripled in
market share over the last five years [10]. The most successful in
terms of application is the Cu(In,Ga)(S,Se)2 compounds (CIGS)
exhibiting bandgaps which are ideal for photovoltaic and photo-
electrochemical solar energy conversion. These chalcopyrites
provide an array of bandgaps that can be tuned to absorb different
energy bands in multi-junction cells, utilizing as much of the solar
spectrum as possible [11–13]. The majority of chalcopyrites
considered for solar cell applications may be expressed as having
a I-III-VI2 composition or stoichiometry, though II-IV-V2 composi-
tions have also been studied. The most widely reported I-III-VI2

compounds have Cu as the group I element, with Ag being chosen
in a few cases.

Some other informatics based approaches [14–16] have utilized
the physical parameters of known compounds to develop suitable
mathematical models to predict bandgaps and other physico
chemical properties of undiscovered compounds. Jackson et al.
[14,15] proposed the rough set approach to explore the depen-
dence of bandgap on several parameters like nonlinear second-or-
der optical coefficient v(2), ratio of the lattice constants c/a or the
lattice dislocation parameter u. Zeng et al. [16] have used artificial
neural network to relate bandgap energy and lattice constant of
chalcopyrites to their chemical stoichiometries and properties of
the constituent elements. We build on these works by developing
multiple predictive models to ensure mathematical robustness,
and use an input data set which is general enough that the number
of chemistries that can be modeled is maximized. A key part of this
work is the appropriate selection of descriptors. This is an issue
that we have explored for numerous systems using a variety of
techniques. The details of these works are provided in the litera-
ture [17–23]. While the criteria for descriptor selection is robust,
the selection of descriptors utilized here does not preclude that
other descriptors are needed.

The number of reported chemistries and corresponding proper-
ties of compound semiconductors is limited, with many of the
reports instead focusing on processing issues. For example, the di-
rect bandgap for only 44 chalcopyrite chemistries was found in lit-
erature. We use this limited knowledge base to develop our
quantitative structure-activity relationships (QSAR) linking chalco-
pyrite chemistry and bandgap. This QSAR is then used to predict
the bandgap for 227 chalcopyrite chemistries. The compounds
modeled here overlap with those from the previous paper [22],
but we are not considering those values here due to the issues
discussed in terms of their questionable accuracy. Fig. 1 demon-
strates the sporadic nature of increasing the knowledge base.
compounds, with bottom corresponding to A element, left corresponding to B
element, and top corresponding to C element for ABC2 compounds. Red indicates
low uncertainty (comprised of elements in red in (b)), gray indicates some
uncertainty, and blue indicates high uncertainty. White squares correspond to
compounds that are not I–III–VI2 or II–IV–V2 compounds, although we can predict
the bandgap for these with high uncertainty. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
2. Methods

The present analysis is based on different techniques working in
synergy with one another. The scheme of the analysis may be
viewed as two separate inter-linked modules. The dependence of
bandgap on the basic elemental input variables is modeled with
(1) Ordinary Least Squares (OLS), (2) Sparse Partial Least Squares
(SPLS) and (3) Elastic Net/Lasso. The importance of attributes and
outlier compounds are assessed by: Rough Set (RS) Theory and
Principal Component Analysis (PCA). These techniques are briefly
summarized here, with the connection between the techniques
shown in Fig. 2.
2.1. Regression techniques

The regression function m(x) = E(Y|X = x) explains the relation-
ship between a univariate response variable Y (also termed a
dependent variable) and a p-variate input vector X (also called
covariates or independent variables). Typically a parametric model
m(x) = (x, b) beta 2 Rp, for a known function f (often linear) is pos-
tulated and the model is fit on a set of training data (x1, y1), . . ., (xN,
yN). Depending on the regression techniques used, the unknown
parameter (state of the relationship) is estimated by b̂ obtained
by either a closed form expression, or by solving an estimating
equation or by optimizing an objective function often subject to
certain constraints. Heuristically, b and b̂ can be thought of as
the true coefficients which explain the physical relation between
the descriptors and bandgap and the associated estimates thereof
respectively. The hat notation is intended to serve as a disambigu-
ation indicating that b̂ is acquired using available information and
thus may incompletely explain said relation. A major characteristic



Fig. 2. The informatics logic used in this paper. Using input data on the descriptors of the elemental components, three regression techniques are employed to ensure
accuracy and robustness of the results. Using RS and PCA, the models are assessed in terms of understanding the physics employed in the models, as well as the physics
missing.
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of a good regression model f ðx; b̂Þ is not just how closely it fits the
training data but also how well it predicts a future response y⁄ gi-
ven an input vector x⁄. Cross validation is often used as a conve-
nient means to judge a regression model’s prediction ability. In
the sections to follow, for any vector a, we use |a|1 and |a|2 to de-
note its L1 (Manhattan) and L2 (Euclidean) norm, respectively. Also,
the (training) data will be denoted by the vector Y ¼ y1; . . . ; yN for
the dependent variable and X ¼ ðxijÞ16i6N;16j6p where xi ¼ xi1; . . . ; xip.
For this analysis, mean squared cross validated error (MSCVE) was
employed as the performance measure for comparison between
different models. Leave one out (LOO) cross validation was the
method of cross validation employed for this analysis. LOO is the
case of cross validation whereby one object is removed at a time
from the data, a model is then fitted for incomplete data and an er-
ror estimate is obtained by making a prediction for the removed
object and comparing the prediction to the observed data; this pro-
cess is repeated until an error estimate has been obtained for every
object. MSCVE is then obtained as the mean of the squared cross
validated errors. The following is an explanation of the regression
techniques employed.

From an estimation standpoint, ordinary least squares (OLS) is
the simplest form of regression. Provided that a handful of prior
assumptions are tenable, OLS modeling is appropriate. Estimates
of the parameters of an OLS model are obtained as the solution
to the following optimization problem:

b̂OLS ¼ arg min b
XN

i¼1

yi �
Xp

j¼1

bjxij

 !2
8<
:

9=
;

The solution for b̂OLS has the closed form solution as

b̂OLS ¼ ðXT XÞ�1
XT Y

Tuning is performed by varying the composition of X to include
or exclude predictors. There are 2p � 1 possible sets of parameters
which contain only first order terms for any p descriptor data set.

Lasso is a simultaneous variable selection and regression meth-
od. Unlike subset selection methods which are discrete methods in
which descriptors are retained or discarded with a high level of
variability, shrinkage methods provide a more continuous manner
for model estimation. Variable shrinkage methods often produce
models with lower variability than models estimated using subset
selection techniques [24]. The estimation of Lasso models is carried
out by imposing an L1 penalty k1 on the sum of the b estimates.
Estimates of Lasso models are obtained as the solution to the con-
strained optimization problem

b̂Lasso ¼ arg min b
XN

i¼1

yi �
Xp

j¼1

bjxij

 !2
8<
:

9=
;

subject to |b|1 6 t [15].
Or, equivalently, the solution can be expressed as a penalized

least squares optimization as
b̂Lasso ¼ argmin
b
ðY � XTbÞTðY � XTbÞ þ k1jbj1

where k1 is a tuning parameter which controls the amount of regu-
larization/shrinkage [25].

Elastic Net is an extension of Lasso which controls, via scaling of
the covariance matrix, the correlation of predictors [26]. This dec-
orrelation makes the elastic net a stabilization of the Lasso. Esti-
mates of the Elastic Net Model are obtained as the solution to
the optimization problem

b̂Elastic Net ¼ argmin
b

bT XT X þ k2I
1þ k2

 !
b2YT Xbþ k1jbj1

( )

where 1=ð1þ k2Þ is the scale factor. Equivalently, the Elastic Net
specification can be viewed in terms of a penalized least squares
optimization involving both L1 and L2 penalties

b̂Elastic Net ¼ argmin
b
ðY � XbÞTðY � XbÞ þ k1jbj1 þ k2jbj22:

Provided the above characterization, it can be seen that Elastic
Net becomes the Lasso when k2 = 0.

Partial least squares (PLS) is a dimension reduction/latent vari-
able regression technique which uses predictors derived as linear
combinations of the original predictors in order to predict the re-
sponse. The derived predictors are estimated such that inclusion
of each successive predictor in the model will lead to a lesser
reduction of variance than the inclusion of the prior. This is favor-
able to the former method of subset selection in that there are a
relatively small number of models (n – 1 in the case of LOO cross
validated estimation) which need to be investigated. PLS unlike
principal component analysis (PCA) takes into account the re-
sponse vector as well as the set of descriptors. More explicitly
PLS derives latent constructs in a manner that maximizes the
covariance between the derived descriptors and responses. It is
widely used in the field of Chemometrics. Sparse partial least
squares (SPLS) is a generalization of PLS that adds sparsity to the
latent variable regression by adding a sparsity parameter g (where
g = 0 corresponds to PLS) along with the number of derived predic-
tor terms, K.

In summary, we investigate three regression techniques as PLS
and Lasso are special cases of SPLS and Elastic Net, respectively,
and in the case (Lasso and Elastic Net) where the best candidate
model is one of these special cases we will refer to them synony-
mously. OLS models are used in practice because of the intuitive
nature of their implementation (i.e. descriptors are explicitly as-
signed to, or excluded from candidate models); however, this
coarse descriptor selection tends to produce highly variable
estimates. Thoughtfully selected Lasso models would generally
perform better for future predictions than their OLS counterparts
by performing a simultaneous variable selection and prediction
in the model building stage. In effect, they shrink the OLS estimates
by the inclusion of the L1 penalty in the objective function. Elastic
Net enjoys the same shrinkage and selection property but simulta-



188 P. Dey et al. / Computational Materials Science 83 (2014) 185–195
neously allows the user to accommodate for highly correlated
descriptors within the candidate set of descriptors. PLS and SPLS
are dimensionity reduction techniques, with SPLS enjoys better
predictive performance in cases where the number of descriptors
is considerably larger than the available observations.

2.2. Feature ranking algorithms

The notion of rough set (RS) theory was introduced by Pawlak
[27]. It is a generalization of the Set Theory which grants an ele-
ment the freedom to possibly belong to a set, thereby addressing
the uncertainty in the data. The theory has shown immense useful-
ness in feature selection and ranking of variables from data or
information systems. To extract general patterns in the data con-
tinuous variables need to be discretized into intervals by proper
selection of variable values (or cuts) that demarcate the boundary
of two consecutive intervals. Though discretization is usually car-
ried out as a pre-processing step to classification, the two proce-
dures can be merged into a seamless algorithm based on their
inter-dependence and self-similarity through the interrelation of
Fig. 3. Predicted vs. experimental bandgap values for the training data through
three different regression techniques. The Ordinary Least Square (OLS) and Lasso/E-
Net show better prediction abilities than the Sparse Partial Least Square (SPLS), for
the training set. As for the different compounds, there is a close match in the middle
range of values, while two clear outliers are evident for two extreme values, viz.
CdGeAs2 and CuAlS2.
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discretization and reduction of attributes called discreduct [28].
The importance of a variable x in predicting the class of a target
attribute t may be measured by the share of cuts contributed by
x in a dynamic discreduct. The variables that contribute more cuts
are considered more important. That is, if a variable contributes a
larger number of cuts to the prediction of a property than another
variable, then that first variable is considered to be more signifi-
cant in determining that property. This logic is used in the results
section to quantify the weight of each descriptor on bandgap,
where the weight is quantified based on the relative number of
cuts contributed.

Principal Component Analysis (PCA) provides a projection of
complex datasets onto a reduced, easily visualized space. By reduc-
ing the information dimensionality in a way that minimizes the
loss of information, PCA reconstructs the axes leading to transfor-
mation of the original coordinate system. Each constructed axis is a
principal component (PC) orthogonal to each other. The PCs are de-
fined by the loadings matrix, which maps the significance of each
descriptor and the correlation between descriptors. The scores ma-
trix then maps the measured systems in terms of PCs instead of the
initial descriptors. By significantly reducing the dimensionality, the
importance of individual descriptors is identified. On a loading
plot, the dependence of a variable-vector rx on the target-vector
rt may be expressed as the projection of the former on the latter
[29]
Cxt ¼ rx � rt ¼ jrxjjrt j cos hxt
hxt is the angle between the vectors representing variable x and tar-
get t (see Fig. 8). To facilitate graphical interpretation of the PCA
loading plot, a neutral line may be imagined to pass through the ori-
gin and oriented normal to the target vector, so that a predictor var-
iable lying on this line will have zero dependence on the target
variable. The importance of a predictor (variable) vector with re-
spect to the target vector may be measured by a perpendicular
dropped from the tip of the vector to this neutral line (see Fig. 8).

We use PCA and RS to obtain similar types of information from
the data. Specifically, both are used to quantify the impact of a
descriptor on a compound property. The primary benefit of RS over
PCA is that it accounts for uncertainty in the data and is not overly
impacted by outliers. The benefit that PCA has over RS is that it can
be used to conveniently relate changes in descriptors with specific
chemistries. This benefit of PCA is used to identify causes of outli-
ers, where the descriptor causing unique principal component val-
ues is visually apparent. These approaches are both used here to
identify the weight of the descriptors on a property with the two
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Fig. 5. The Lasso solution path for our data showing the effective coefficients of
various descriptors in the Lasso model as a function of the number of LARS steps. In
this plot, EN1 stands for EN-A, AN2 stands for AN-B, and so on.

Fig. 6. Relative standard deviation of predicted bandgaps using three prediction
models plotted against the mean of these predictions. Black, Red and Green
correspond to compounds in ‘‘High’’, ‘‘Medium’’ and ‘‘Low’’ confidence categories of
materials, respectively. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

Fig. 7. Score plots (a) PC1–PC2 (b) PC1–PC3. The pairing of compounds ABC2 with identic
evident in both the plots. From these figures, we identify that the two outlier compoun
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different metrics, and PCA is further used for identifying the reason
for outliers in the data.

2.3. Data set

The data set contains 28 objects, each with 15 predictor vari-
ables and 1 target variable. The predictor variables are the valency
(VL), atomic number (AN), melting point (MP), electronegativity
(EN) and pseudopotential radii (PR) of each element in the com-
pound. The predictors are five different properties of the three ele-
ments in the ternary compound. For example, the bandgap of ABC2

is predicted as a function of the valency of element A (VL-A), melt-
ing point of element A (MP-A), melting point of element B (MP-B),
atomic number of element C (AN-C), and so on. The properties have
been compiled from various sources [30–32]. Table 1 presents the
list of variables, and their values for the elements that form the re-
quired compounds.

The 28 chalcopyrites whose experimental bandgap (BG-E) have
been reported in Suh and Rajan [7] is taken as the training set in
the present investigation. They comprise of two compound groups:
I-III-VI2 and II-IV-V2. All the possible combinations of elements in
Table 1, except the combinations where both Zn and Sn are pres-
ent, make up these 28 compounds. The BG-E of these compounds
is given in Table 2.

There are certain other chalcopyrites whose bandgaps have
been determined either experimentally or through first principal
calculations, which have been used to compare the results of the
present investigation. They are reported along with the present
predictions in the Appendix.

3. Results

The objective of the present analysis is to use the present
knowledge about chalcopyrites to find the bandgaps of potential
new compounds. The first subsection uses three statistics-based
methods to predict the bandgap of chalcopyrites, with the results
compared to the results of our previous study [7] and some later
results appearing in literature. The next subsection assesses the
importance of the variables using two different techniques. The
accuracy of the different predictive models is related to the selec-
tion of descriptors, and the reason for outliers in the predictions is
identified.

3.1. Results from regression analyses

The results of the predictions for the training data are presented
in Fig. 3. Predictions were made using the best performing model
from each method (as reported in Table 3). The full table of pre-
al B and C elements, and successive arrangement of the compound pairs in a grid is
ds from Fig. 2 have the highest PC2 values.



Table 1
Properties of elements forming the chalcopyrites in the training set.

I–III–VI2 Compounds II–IV–V2 Compounds

Grp Elm EN AN MP PR VL Grp Elm EN AN MP PR VL

I Cu 1.08 29 1358.0 2.04 11 II Zn 1.44 30 692.7 1.88 12
Ag 1.07 47 1235.0 2.375 11 Cd 1.40 48 594.3 2.215 12

III Al 1.64 13 933.5 1.675 3 IV Si 1.98 14 1687.0 1.42 4
Ga 1.70 31 302.9 1.695 3 Ge 1.99 32 1211.0 1.56 4
In 1.63 49 429.8 2.05 3 Sn 1.88 50 505.1 1.88 4

VI S 2.65 16 388.4 1.1 6 V P 2.32 15 317.3 1.24 5
Se 2.54 34 494.0 1.285 6 As 2.27 33 1089.0 1.415 5
Te 2.38 52 722.7 1.67 6

Abbreviations: Grp = Group, Elm = Element, EN = Electronegativity, AN = Atomic Number, MP = Melting Point, PR = Pseudopotenital Radius, VL = Valency.

Table 2
Experimental Bandgap Energy (BG-E) of chalcopyrites.

I–III–IV2 Compounds

CuAlS2 CuAlSe2 CuAlTe2 CuGaS2 CuGaSe2 CuGaTe2 CuInS2 CuInSe2 CuInTe2

3.49 2.67 2.06 2.43 1.68 1.12 1.53 1.04 1.06
AgAlS2 AgAlSe2 AgAlTe2 AgGaS2 AgGaSe2 AgGaTe2 AgInS2 AgInSe2 AgInTe2

3.13 2.55 2.27 2.64 1.8 1.32 1.87 1.24 0.95

II–IV–V2 compounds
ZnSiP2 ZnSiAs2 ZnGeP2 ZnGeAs2 CdSiP2 CdSiAs2 CdGeP2 CdGeAs2 CdSnP2 CdSnAs2

2.07 1.74 2.05 1.15 2.33 1.55 1.72 0.57 1.17 0.26

Fig. 8. Loading plots (a) PC1–PC2 (b) PC1–PC3. The abbreviations are defined in Table 1. The significance of a variable vector rx with respect to the target vector rt oriented at
an angle hxt to each other is denoted by a perpen dicular blue bar drawn from the tip of the variable vector to the red (dashed) neutral line normal to the target vector. These
vectors are labeled as an example for MP-B as the variable. The descriptors with very low significance have been denoted with unlabeled dots. AN-B and AN-C are both found
to have significant PC values, indicating bandgap depends heavily on atomic number of the second and third elements but is almost independent of the first element A. In the
OLS models listed in Table 4, MP-C is not included. However, MP-C has the highest PC2 values and therefore has a strong effect on the two outlier compounds. This lack of
inclusion of MP-C in the OLS model is the source of the outliers in the OLS prediction. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
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dicted bandgaps is available in the Appendix. The compounds for
which bandgaps were reported in Suh and Rajan [7] have been in-
cluded in the column labeled ‘‘Exp.’’ The column marked ‘‘New’’ in-
cludes bandgaps of compounds that were reported in recent
literature, which had experimental direct bandgap information
available. As can be seen from Table 3, OLS produced the lowest
MSCVE (highest accuracy), followed by Lasso/Elastic Net and SPLS.
The details of tuning parameter selection to find the optimal model
are given later in this section (see for example Fig. 4). It so happens
that the best performing Elastic Net model was a Lasso model;
Table 3
Summary of results from optimal regression methods (as determined by MSCVE).

Method Parameters/Model descriptors MSCVE (eV2)

OLS AN-B, AN-C, PR-B, PR-C, VL-A 0.0501
Lasso/Elastic Net Lasso, 13 steps 0.0527
SPLS g = 0.8, r = 8 0.0619
however the best performing SPLS model was not a PLS model
(Fig. 4). It should be noted that the best performing PLS model
using the composite descriptors outlined by Suh and Rajan [7] was
a 4 component model with an MSCVE of .1849. Thus, the current
models lead to a reduction of about 50% in prediction errors.

From Fig. 3, each of the different approaches provides relatively
high accuracy, with each model having an R2 value greater than
92%. For solar fuel cells, the prediction error in bandgap should
be much less than 0.5 eV. In the case of the results from Fig. 3,
the average error in bandgap prediction is less than 0.16 eV. The
accuracy of the different approaches indicates that the training
data input into the model was sufficient for describing the band-
gap. All three models exhibit similar accuracy of prediction with
each indicating the same two compounds (CdGeAs2 and CuAlS2)
as outliers. This is evidence to suggest that all three models explain
the same linear relation between the descriptors and bandgap.
Through the implementation of cross validation, we can be reason-
ably confident that overfitting is not a matter of concern.
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Next we report detailed results for the three classes of regres-
sion models. For the OLS models, we have tried all possible subsets
of descriptors to find the best fitting model. Since there are only
two types of chemistries (i.e. I-III-VI2 and II-IV-V2) in the training
data, the valency parameters are collinear, as such the valency
from only one of the three elements contributed to modeling.
However, we have kept all three in our computational pipeline
since future extensions of our models will be based on a larger
training set for which these variables will become linearly inde-
pendent. As a result, in Table 4, we only report one model from
each class of equivalent models for the top five spots.

The Lasso and Elastic net investigation was conducted by exam-
ining each of the 14 Lasso/Elastic Net step models for each of the
following values of the quadratic penalty parame-
terk2 ¼ f0:01;0:1;1; . . .g. It was found that the 13 step Lasso
yielded the best model MSCVE = 0.0527. The MSCVE results are
graphically displayed in the rightmost panel of Fig. 4.

Fig. 4 presents a graphical presentation of PLS/SPLS and Lasso/
Elastic Net model performance. These plots are useful for the pur-
poses of optimal tuning parameter visualization/selection. In par-
ticular, note that the best performing SPLS has a non-zero
sparsity (g value); in other words, SPLS beats PLS. However, the
optimal Elastic Net happens to be the same as an optimal Lasso
model for this data.

Note that the Lasso is fitted by the computationally efficient
least-angle regression (LARS) algorithm. Briefly, the LARS algo-
rithm reweights the contribution of the descriptor which is most
highly correlated with the residual vector (as defined by the cur-
rent model) while modifying the weights of other descriptors
accordingly. A LARS step indicates the point at which there exists
a descriptor other than the one presently being reweighted which
is more highly correlated with the residual vector. Fig. 5 displays
the Lasso solution path for our data with respect to the number
of LARS steps. This figure shows the relative magnitudes of the
Table 4
Results of OLS analysis, summary table includes the top three performing models as
determined by lowest MSCVE. AN means atomic number, PR is pseudopotential
radius, and VL is valency. The notation of A, B, and C denotes the element; for
example, AN-B is the atomic number of the B-site element.

Top performing OLS models (by MSCVE)

Descriptors selected MSCVE(eV2)

AN-B, AN-C, PR-B, PR-C, VL-A 0.0501
EN-B, AN-B, AN-C, PR-C, VL-A 0.0515
AN-B, AN-C, PR-C, VL-A 0.0525
EN-B, AN-C, MP-B, PR-B, PR-C 0.0527
EN-C, AN-B, AN-C, PR-B, VL-A 0.0529

Table 5
MSCVE of SPLS analysis, evaluated for each combination of tuning parameters.The asterisk

r g

0.1 0.2 0.3 0.4

1 0.2224 0.2251 0.2333 0.2581
2 0.0988 0.0982 0.0930 0.0919
3 0.0799 0.0786 0.0783 0.0743
4 0.0830 0.0830 0.0873 0.0929
5 0.0857 0.0857 0.0857 0.0816
6 0.0755 0.0755 0.0755 0.0755
7 0.0695 0.0695 0.0695 0.0695
8 0.0649 0.0649 0.0649 0.0649
9 0.0656 0.0656 0.0656 0.0656
10 0.0727 0.0727 0.0727 0.0727
11 0.2800 0.2800 0.2800 0.2800
12 0.6376 0.6376 0.6376 0.6376
13 1.2626 1.2626 1.2626 1.2626
14 2.1551 2.1551 2.1551 2.1551
coefficients of various model descriptors under different LARS
steps (equivalently, under different k1s).

The SPLS investigation fitted SPLS models across a grid of (g, r)
values where g = (0.1, 0.2, . . ., 0.9) and r = (1, 2, . . ., 14). The PLS
models (corresponding to g = 0) were fitted as well by varying
the number of PLS components. The best performing model was
found to be the one estimated using the (g, K) combination (0.8,
8) with MSCVE = 0.0619. A table of the MSCVE values for each of
the (g, K) combinations is included in Table 5. The results are
graphically displayed in the left and middle panels of Fig. 4.
3.2. New bandgap – Chemistry correlations

Using the best performing OLS, SPLS and Lasso models a table of
predictions was created and included in the appendix (Table 6).
Bandgaps for some compounds for which bandgap was not known
as of the writing of Suh and Rajan [7] are included in the table in
the column labeled ‘‘New’’. The models constructed herein are
trained on compounds belonging to the I–III–VI 2 and II–IV–V2 clas-
ses of compounds and containing only elements shaded red in
Fig. 1. As such an indicator was included in the table of predictions
to provide information as to the conformance of a particular com-
pound to either of these two classes. The column labeled Confi-
dence takes values High, Med and Low indicating whether a
compound contains only elements contained in the training data,
contains one element not in the training data, or contains multiple
elements not in the training data, respectively.

An overall inspection of Table 6 reveals that the predictions are
most accurate for ‘‘High’’ confidence compounds and least accurate
for the ‘‘Low’’ confidence compounds, as expected. Furthermore,
the predictions amongst the three prediction models are most var-
iable (and thus least reliable) for ‘‘Low’’ confidence compounds and
least variable for the ‘‘High’’ confidence compounds (showing
greater degree of consistency). Fig. 6 demonstrates the later phe-
nomenon visually where we plot the variability of prediction as
captured by the absolute coefficient of variation (also known as
the relative standard deviation) of the three predicted values for
each compound versus the mean (average of the three predicted
values for each compound), color coded by Confidence.
3.3. Analysis of variable importance

PCA and RS were used to assess the correlation between each of
the descriptors input into the regression analyses and the bandgap
energy (BG-E). The results of these analyses can then be compared
with the predictive models to understand the physics and limita-
tions of the models.
indicates the parameter combination for the best performing model.

0.5 0.6 0.7 0.8 0.9

0.2448 0.1940 0.1565 0.3491 0.3346
0.1066 0.0751 0.0707 0.0810 0.0634
0.0722 0.0755 0.0727 0.0711 0.0641
0.0923 0.0926 0.0889 0.0775 0.0833
0.0847 0.0796 0.0694 0.0713 0.0758
0.0749 0.0720 0.0766 0.0723 0.0667
0.0694 0.0682 0.0678 0.0671 0.0649
0.0652 0.0654 0.0655 0.0619⁄ 0.0646
0.0656 0.0655 0.0656 0.0656 0.0648
0.0727 0.0727 0.0727 0.0727 0.0727
0.2800 0.2836 0.2989 0.2978 0.3050
0.6376 0.6751 0.6970 0.7640 0.6771
1.2626 1.3658 1.4090 1.5809 1.2872
2.1551 2.2571 2.3456 2.5288 1.6222



Fig. 9. Ranking of importance of features on bandgap through Rough Set (RS)
Theory and Principal Component Analysis (PCA) calculated according to Eqs. (1) and
(2). There is a high degree of agreement between the two techniques (ie. they each
independently are ranking the same four descriptors as the most important), hence
providing a consensus that AN-B, AN-C, MP-C and PR-C are the four most important
predictor variables.

Fig. 10. Accelerated knowledge discovery through QSAR type modeling is summa-
rized in this figure (compare this with Fig. 1) showing spectrum of the pace of
chalcopyrite semiconductor discovery, with the red bar representing the number of
bandgaps reported for new compound chemistries from QSAR type modeling. This
study estimated the bandgap of 227 chalcopyrite chemistries representing a variety
of compound group combinations (as denoted in the appendix) and significantly
expanding the knowledge base of bandgap-chemistry relationships. The confidence
of these predictions is based on the level of known bandgap information recovered
from the test set of data. Of the 227 compound chemistries listed in the appendix,
44 were previously reported. These 44 compounds were used to train and test the
QSAR. The other 154 bandgaps listed in the appendix represent new information to
the knowledge base, significantly accelerating the pace of chalcopyrite semicon-
ductor discovery. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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The PCA results are presented in Figs. 7 and 8. The first three
principal components capture over 89% of the variation in the data
(PC1-40%, PC2-30%, PC3-19%). The loading plots reveal the signifi-
cance of the different input variables with respect to the target var-
iable BG-E. The importance of an input variable may be graphically
represented as the length of the perpendicular (blue lines) drawn
from the tip of the variable vector to a dashed neutral line passing
through the origin and oriented normal to the target vector
(Fig. 7(a)). The projections may be rescaled to a percent scale as

Importance of kth variable ¼ pk
1pt

1 þ pk
2pt

2X
r

ðpr
1pt

1 þ pr
2pt

2Þ
� 100 ð1Þ

where pk
1 is the kth component of the first eigenvector (PC1)

corresponding to the kth variable, and pt
1 is the component of PC1

corresponding to the target vector t.
Score plots (Fig. 7(a and b)) reveal the relation between differ-

ent compounds as captured by the first few principal components.
As an interesting observation, a pair of compounds ABC2 with the
same B and C but a different element A are placed very close to-
gether in both the score plots. This may be interpreted as the
dependence of bandgap of chalcopyrites on the properties of B
and C, but very little on the first element A.

The importance of an input (conditional) variable in predicting
the target (decision) variable BG-E has also been measured through
RS as the share of cuts contributed by the input variable in a
dynamic discreduct. For this analysis, BG-E has been discretized
into five intervals bounded by the values 0.7, 1.4, 2.0 and 3.0 eV.
Based on this classification the Dynamic Discreduct (DD) algorithm
[28] helps to rank the importance of input variables as

Importance of x ¼ Number of cuts contributed by x
Total number of cuts from all variables

� 100

ð2Þ

The importance of all the input variables determined through
RS and PCA are presented in Fig. 9. The signs of the quantity in
Eq. (1) have been neglected with the connotation that variables
having a high positive correlation are considered at par with vari-
ables having high negative correlation with bandgap. From the
comparison of these models, we find that element A has minor im-
pact in determining BG-E, while the most important variables are
AN-B, AN-C, MP-C and PR-C.

An objective of the attribute analysis is comparing the different
models. It shows that the valency parameters only have a minor
impact on BG-E. Therefore, the inclusion or combination of these
descriptors would be expected to have little impact on the model.
Another difference in the models is the inclusion of PR-C for the
higher accuracy models, while the lower accuracy models use
EN-C instead. From the attribute selection analysis, PR-C was iden-
tified as one of the most important descriptors, while EN-C was
not. Therefore, this reduction of model accuracy is explained by
the attribute selection analysis.

Another objective for comparing the attributes is to explain the
reason for error in the predictions. As discussed, all of the predic-
tive models had some error for CdGeAs2 and CuAlS2. In the PCA
scores plot (Fig. 6), CuAlS2 has the most negative PC2 value of all
compounds, while CdGeAs2 has the most positive PC2 value,
implying that the prediction error is related with descriptors with
large PC2 values. When examining the PCA loadings plot (Fig. 7),
we identify MP-C as having the most weight on PC2. Both PCA
and RS ranked MP-C as an important descriptor, but none of the
OLS models from Table 4 selected this descriptor. In addition, the
best fitting Lasso and SPLS models also have relative low effective
coefficients for MP-C (details not reported for SPLS; see Fig. 5 for
Lasso). Therefore, a potential reason for inaccurate predictions of
BG-E of CdGeAs2 and CuAlS2 is that these prediction models do
not make good use of MP-C. Furthermore, the effect of MP-C on
BG-E may be non-linear in nature.

On the other hand, there is a fair degree of agreements between
the variable importance analyses and the best fitting regression
models. For example, AN-B and AN-C were amongst the top four
important variables as judged from Fig. 9 and both of these vari-
ables have high effective coefficients in the optimal Lasso model
(Fig. 5). These descriptors were also selected by the top OLS model
(Table 4). Likewise, the variable EN-B receiving a moderate effec-
tive coefficient also received a decent importance score by RS.

The data used to train the QSAR models was for I–III–VI and II–
IV–V group compounds. The QSARs for both the training and test
data of compounds containing only the elements shaded red in
Fig. 1b (denoted as confidence level ‘high’ in the appendix) had
R2 value of greater than 92% and had average predicted bandgap
within 0.16 eV of the measured bandgap. Additionally, a separate
set of test data (confidence level ‘med’) was defined for compounds
that included an element not used in the training data (that is,
compounds with an element shaded greed in Fig. 1b). For these



Table 6
Predicted bandgaps of new chalcopyrites, with the results of the three different regression techniques provided. The training data used in the ensemble predictions is shown in
the column labeled ‘‘Exp’’, and corresponds with the training data used in the 2004 paper for predicting bandgap of these compounds. The column labeled ‘‘New’’ [33–43],
contains additional experimental bandgaps which were not used in the 2004 paper, and which can serve as a validation of the predictions and to quantify the uncertainty in the
predictions. The column labeled ‘‘Confidence’’ takes values High, Medium and Low with a ‘High’ indicating that the compound contains only elements included in the training
data (red boxes in Fig. 1), a ‘Med’ indicates that the compound includes one element not in the training data, and ‘Low’ indicates all others; the implication being that ‘low’
indicates compounds with less reliable predictions.

Compound OLS, SPLS, Lasso Exp. New Confidence Compound OLS, SPLS, Lasso Exp. New Confidence

AgAlO2 2.49, 3.04, 3.49 - 3.6 Med CdSnN2 0.19, 0.69, 1.47 - Med
AgAlPo2 0.68, 1.04, 1.41 - Med CdSnP2 1.09, 1.14, 1.16 1.17 High
AgAlS2 3.26, 3.23, 3.15 3.13 High CdSnSb2 -0.07, 0.02, 0.01 - Med
AgAlSe2 2.53, 2.55, 2.66 2.55 High CuAlO2 2.49, 3.06, 3.50 - 3.5 Med
AgAlTe2 2.19, 2.18, 2.11 2.27 High CuAlPo2 0.68, 1.06, 1.42 - Med
AgBO2 2.16, 3.06, 3.40 - Low CuAlS2 3.26, 3.25, 3.16 3.49 High
AgBPo2 0.35, 1.06, 1.32 - Low CuAlSe2 2.53, 2.56, 2.67 2.67 High
AgBS2 2.93, 3.25, 3.06 - Med CuAlTe2 2.19, 2.20, 2.12 2.06 High
AgBSe2 2.20, 2.56, 2.57 - Med CuBO2 2.16, 3.08, 3.41 - 2.2 Low
AgBTe2 1.86, 2.20, 2.02 - Med CuBPo2 0.35, 1.07, 1.33 - Low
AgGaO2 1.68, 2.24, 2.71 - 4.1 Med CuBS2 2.93, 3.26, 3.07 - 3.61 Med
AgGaPo2 -0.13, 0.23, 0.63 - Med CuBSe2 2.20, 2.58, 2.58 - 3.13 Med
AgGaS2 2.45, 2.43, 2.37 2.64 High CuBTe2 1.86, 2.21, 2.03 - Med
AgGaSe2 1.71, 1.74, 1.88 1.8 High CuGaO2 1.68, 2.25, 2.72 - 3.73 Med
AgGaTe2 1.38, 1.37, 1.34 1.32 High CuGaS2 2.45, 2.44, 2.38 2.43 High
AgInO2 1.13, 1.68, 2.13 - 4.2 Med CuGaSe2 1.71, 1.76, 1.89 1.68 High
AgInPo2 -0.68, -0.33, 0.05 - Med CuGaTe2 1.38, 1.39, 1.34 1.12 High
AgInS2 1.91, 1.87, 1.79 1.87 High CuInO2 1.13, 1.69, 2.14 - 3.9 Med
AgInSe2 1.17, 1.18, 1.30 1.24 High CuInPo2 -0.68, -0.31, 0.06 - Med
AgInTe2 0.83, 0.81, 0.75 0.95 High CuInS2 1.91, 1.88, 1.80 1.53 High
AgTlO2 -0.19, 0.39, 0.82 - Low CuInSe2 1.17, 1.19, 1.31 1.04 High
AgTlPo2 -2.00, -1.61, -1.26 - Low CuInTe2 0.83, 0.83, 0.76 1.06 High
AgTlS2 0.58, 0.58, 0.48 - Med CuTlO2 -0.19, 0.41, 0.83 - Low
AgTlSe2 -0.16, -0.10, -0.02 - Med CuTlPo2 -2.00, -1.6, -1.26 - Low
AgTlTe2 -0.49, -0.47, -0.56 - Med CuTlS2 0.58, 0.60, 0.48 - Med
AuAlO2 2.49, 3.00, 3.48 - Low CuTlSe2 -0.16, -0.09, -0.01 - Med
AuAlPo2 0.68, 1.00, 1.40 - Low CuTlTe2 -0.49, -0.46, -0.55 - Med
AuAlS2 3.26, 3.19, 3.14 - Med GaInP2 10.01, 2.65, 1.59 - 2 Low
AuAlSe2 2.53, 2.51, 2.65 - Med HgCAs2 1.38, 1.35, 1.30 - Low
AuAlTe2 2.19, 2.14, 2.10 - Med HgCBi2 -0.53, -0.07, 0.30 - Low
AuBO2 2.16, 3.02, 3.39 - Low HgCN2 1.23, 1.72, 2.39 - Low
AuBPo2 0.35, 1.01, 1.31 - Low HgCP2 2.13, 2.17, 2.08 - Low
AuBS2 2.93, 3.21, 3.05 - Low HgCSb2 0.97, 1.04, 0.94 - Low
AuBSe2 2.20, 2.52, 2.56 - Low HgGeAs2 0.91, 0.82, 0.89 - Med
AuBTe2 1.86, 2.15, 2.01 - Low HgGeBi2 -1.00, -0.60, -0.11 - Low
AuGaO2 1.68, 2.20, 2.70 - Low HgGeN2 0.77, 1.19, 1.98 - Low
AuGaPo2 -0.13, 0.19, 0.62 - Low HgGeP2 1.67, 1.63, 1.67 - Med
AuGaS2 2.45, 2.38, 2.36 - Med HgGeSb2 0.50, 0.51, 0.52 - Low
AuGaSe2 1.71, 1.70, 1.87 - Med HgPbAs2 -0.97, -0.97, -0.92 - Low
AuGaTe2 1.38, 1.33, 1.32 - Med HgPbBi2 -2.88, -2.39, -1.92 - Low
AuInO2 1.13, 1.64, 2.12 - Low HgPbN2 -1.11, -0.61, 0.17 - Low
AuInPo2 -0.68, -0.37, 0.04 - Low HgPbP2 -0.21, -0.16, -0.14 - Low
AuInS2 1.91, 1.82, 1.78 - Med HgPbSb2 -1.38, -1.28, -1.28 - Low
AuInSe2 1.17, 1.14, 1.29 - Med HgSiAs2 1.63, 1.54, 1.59 - Med
AuInTe2 0.83, 0.77, 0.74 - Med HgSiBi2 -0.28, 0.12, 0.59 - Low
AuTlPo2 -2.00, -1.65, -1.28 - Low HgSiN2 1.48, 1.91, 2.68 - Low
AuTlTe2 -0.49, -0.51, -0.57 - Low HgSiP2 2.38, 2.36, 2.37 - Med
Be0.5C0.5Sb 10.67, 2.14, 0.97 - Low HgSiSb2 1.22, 1.23, 1.22 - Low
Be0.5Ge0.5As 10.62, 1.92, 0.92 - Med HgSnAs2 0.34, 0.28, 0.37 - Med
Be0.5Ge0.5P 11.37, 2.73, 1.70 - Med HgSnBi2 -1.57, -1.14, -0.63 - Low
Be0.5Ge0.5Sb 10.21, 1.61, 0.55 - Low HgSnN2 0.19, 0.65, 1.46 - Low
Be0.5Si0.5As 11.33, 2.64, 1.62 - Med HgSnP2 1.09, 1.10, 1.15 - Med
Be0.5Si0.5P 12.09, 3.45, 2.40 - Med HgSnSb2 -0.07, -0.03, 0.00 - Low
Be0.5Si0.5Sb 10.93, 2.33, 1.26 - Low MgCAs2 11.08, 2.48, 1.33 - Low
Be0.5Sn0.5As 10.04, 1.38, 0.40 - Med MgCBi2 9.17, 1.06, 0.33 - Low
Be0.5Sn0.5P 10.8, 2.20, 1.18 - Med MgCN2 10.94, 2.85, 2.42 - Low
Be0.5Sn0.5Sb 9.64, 1.07, 0.03 - Low MgCP2 11.84, 3.30, 2.11 - Low
BeCAs2 11.08, 2.45, 1.33 - Low MgCSb2 10.67, 2.17, 0.96 - Low
BeCBi2 9.17, 1.02, 0.33 - Low MgGeAs2 10.62, 1.95, 0.91 - 1.6 Med
BeCN2 10.94, 2.81, 2.42 - Low MgGeBi2 8.71, 0.53, -0.08 - Low
BeCP2 11.84, 3.26, 2.11 - Low MgGeN2 10.47, 2.32, 2,00 - Low
BeCSb2 10.67, 2.14, 0.97 - Low MgGeP2 11.37, 2.77, 1.69 - Med
BeGeAs2 10.62, 1.92, 0.92 - Med MgGeSb2 10.21, 1.64, 0.55 - Low
BeGeBi2 8.71, 0.49, -0.08 - Low MgPbAs2 8.74, 0.16, -0.89 - Low
BeGeN2 10.47, 2.28, 2.01 - Low MgPbBi2 6.83, -1.26, -1.89 - Low
BeGeSb2 10.21, 1.61, 0.55 - Low MgPbN2 8.60, 0.53, 0.20 - Low
BePbAs2 8.74, 0.13, -0.89 - Low MgPbP2 9.50, 0.97, -0.11 - Low
BePbBi2 6.83, -1.30, -1.88 - Low MgPbSb2 8.33, -0.15, -1.25 - Low
BePbN2 8.60, 0.49, 0.20 - Low MgSiAs2 11.33, 2.67, 1.62 - 2 Med

(continued on next page)
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Table 6 (continued)

Compound OLS, SPLS, Lasso Exp. New Confidence Compound OLS, SPLS, Lasso Exp. New Confidence

BePbP2 9.50, 0.94, -0.11 - Low MgSiBi2 9.42, 1.25, 0.62 - Low
BePbSb2 8.33, -0.18, -1.25 - Low MgSiN2 11.19, 3.04, 2.71 - Low
BeSiBi2 9.42, 1.21, 0.62 - Low MgSiP2 12.09, 3.49, 2.40 - 2.3 Med
BeSiN2 11.19, 3.00, 2.71 - Low MgSiSb2 10.93, 2.36, 1.25 - Low
BeSiSb2 10.93, 2.33, 1.26 - Low MgSnAs2 10.04, 1.41, 0.39 - Med
BeSnAs2 10.04, 1.38, 0.40 - Med MgSnBi2 8.13, -0.01, -0.6 - Low
BeSnBi2 8.13, -0.04, -0.60 - Low MgSnN2 9.90, 1.78, 1.48 - Low
BeSnN2 9.90, 1.75, 1.49 - Low MgSnP2 10.8, 2.23, 1.17 - Med
BeSnP2 10.80, 2.2, 1.18 - Med MgSnSb2 9.64, 1.10, 0.03 - Low
BeSnSb2 9.64, 1.07, 0.03 - Low ZnCAs2 1.38, 1.41, 1.32 - Med
CdCAs2 1.38, 1.40, 1.31 - Med ZnCBi2 -0.53, -0.01, 0.32 - Low
CdCBi2 -0.53, -0.03, 0.32 - Low ZnCN2 1.23, 1.78, 2.41 - Low
CdCN2 1.23, 1.76, 2.40 - Low ZnCP2 2.13, 2.23, 2.10 - Med
CdCP2 2.13, 2.21, 2.09 - Med ZnGeAs2 0.91, 0.88, 0.91 1.15 High
CdCSb2 0.97, 1.09, 0.95 - Low ZnGeBi2 -1.00, -0.54, -0.09 - Med
CdGeAs2 0.91, 0.87, 0.90 0.57 High ZnGeN2 0.77, 1.25, 2.00 - 2.67 Med
CdGeBi2 -1.00, -0.56, -0.10 - Med ZnGeP2 1.67, 1.70, 1.69 2.05 High
CdGeN2 0.77, 1.23, 1.99 - Med ZnGeSb2 0.50, 0.57, 0.54 - Med
CdGeP2 1.67, 1.68, 1.68 1.72 High ZnPbAs2 -0.97, -0.91, -0.9 - Med
CdGeSb2 0.50, 0.56, 0.53 - Med ZnPbBi2 -2.88, -2.33, -1.90 - Low
CdPbAs2 -0.97, -0.92, -0.91 - Med ZnPbN2 -1.11, -0.54, 0.19 - Low
CdPbBi2 -2.88, -2.35, -1.90 - Low ZnPbP2 -0.21, -0.09, -0.12 - Med
CdPbN2 -1.11, -0.56, 0.19 - Low ZnPbSb2 -1.38, -1.22, -1.26 - Low
CdPbP2 -0.21, -0.11, -0.12 - Med ZnSiAs2 1.63, 1.60, 1.61 1.74 High
CdPbSb2 -1.38, -1.23, -1.27 - Low ZnSiBi2 -0.28, 0.18, 0.61 - Med
CdSiAs2 1.63, 1.59, 1.60 1.55 High ZnSiN2 1.48, 1.97, 2.70 - Med
CdSiBi2 -0.28, 0.16, 0.60 - Med ZnSiP2 2.38, 2.42, 2.39 2.07 High
CdSiN2 1.48, 1.95, 2.69 - Med ZnSnAs2 0.34, 0.35, 0.39 - High
CdSiP2 2.38, 2.40, 2.38 2.33 High ZnSnBi2 -1.57, -1.08, -0.61 - Med
CdSiSb2 1.22, 1.28, 1.24 - Med ZnSnN2 0.19, 0.71, 1.48 - Med
CdSnAs2 0.34, 0.33, 0.38 0.26 High ZnSnP2 1.09, 1.16, 1.17 - High
CdSnBi2 -1.57, -1.09, -0.62 - Med ZnSnSb2 -0.07, 0.03, 0.02 - Med
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compounds, the Lasso model was the most accurate. Using the
QSAR model developed with Lasso, the accuracy for the complete
training and test data is: R2 = 81% and average bandgap predicted
within 0.28 eV of measured bandgap. From this test data, addi-
tional compounds of AgGaO2, AgInO2, CdCAs2, CdGeN2 and ZnCAs2

were identified as outliers. Therefore, all models are very accurate
for predicting bandgap of compounds comprised of elements in the
training data, while the Lasso model is robust enough to provide
useful predictions for bandgap for compounds which contain ele-
ments not present in the training data.

In this paper, we have predicted accurately and with high vali-
dation the BG-E for these new compounds, significantly building
on our previous work. We have provided a library of bandgap ener-
gies for new compounds (Appendix), significantly accelerating the
pace of ‘‘knowledge’’ discovery (see Fig. 10 compared with Fig. 1).
Finally, we have compared the validity of the models in terms of
the attributes selected and identified the reason that two com-
pounds were predicted with less accuracy than the other com-
pounds. This work demonstrates the use of informatics for
predicting the bandgap of new materials, and the value of using
attribute screening approaches to assess the physics governing
the predictive models.

In a future study, we plan to replicate our findings in terms
of the importance of descriptors identified as the source of out-
liers, for example the melting point of the C-site element (MP-C),
in a larger class of training set of materials. Furthermore, we will
attempt to incorporate MP-C into the predictive model building
either by considering non-linear regression models or by fitting
separate regression models for two sets of compounds, one with
low MP-C and the other with high MP-C. It will be interesting to
see if such complex modeling strategies significantly improve
the predictive accuracy. Another future direction will be to in-
crease the library of training compounds to include materials
outside I-III-VI2 and II-IV-V2 to see how the resulting models
change. Once we have a larger number of training compounds,
we will also consider an ensemble (or super learner) approach
of combining predictions from different regions of the materials
space.
4. Conclusion

This paper presented QSAR type models for predicting the
bandgap energy of chalcopyrite compounds, and provides a li-
brary of the bandgaps for 227 chalcopyrite chemistries, with
the prediction confidence level. We have significantly improved
upon a prior report in informatics prediction of bandgap by
extending the dimensionality of the training data to 15 variables,
while reducing the assumptions applied. Additionally, we uti-
lized multiple predictive informatics approaches to ensure
robustness of the models and that the driving physics was prop-
erly captured by these models. We found that for predicting
bandgap of ABC2 compounds, the most important descriptors
are atomic number of the B and C elements, the melting point
of the C element, and the pseudopotential radius of the C ele-
ment. Based on an ensemble predictive methodology, two outlier
compounds were identified and the cause was found to be that
their bandgaps were most significantly impacted by melting
point of C element. This approach described here combining
ensemble predictive approaches with feature ranking analyses
can be applied to other related problems. The objective of future
applications should not be solely on the prediction of property
values, but a physical understanding of the models, uncertainty
in the predictions, and the identification of outliers. By following
this approach, the design of materials with exceptional behavior
can be accelerated through the identification of materials that do
not follow the same relationship between property and physics
as other materials.
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