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Abstract Understanding the factors that contribute to the adoption of rooftop so-
lar panels can help design appropriate policies to convert potential adopters into
actual adopters. This paper aims to predict the adoption of rooftop solar panels in
the rural regions of Virginia using demographic features of households. A novel
feature of this work is that it uses a decision-adjusted framework, which optimizes
the specific goals of the study. Another novel feature is that we construct indicator
features to improve the model performance. Traditional logistic regression models
and decision-adjusted logistic regression models are compared. Results show that
decision-adjusted models are better than traditional logistic regression models, and
that indicator features can improve the performance of predictive models. The sum
of true positive and true negative rates of the decision-adjusted model is 1.5973,
while for the traditional logistic regression model it is only 1.
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1 Introduction

Fossil fuels are the primary source of energy in the world and are considered non-
renewable since they take millions of years to form. They are also the primary source
of human-caused emissions. According to the US Department of Energy, fossil fuels
provided 80% of the total energy needed in the US and caused nearly 75% of the
emissions in the last two decades. With the demand for energy ever increasing and
a need for decarbonization, the use of renewable energy must increase.

Among sources of renewable energy, solar is the most abundant. Due to a faster
than expected decline in the cost of solar photovoltaics (PV), combined with eco-
nomic incentives such as state and federal subsidies, solar is becoming an important
mainstream electricity source. The economics of solar power generation have been
steadily improving as the cost of panels and installation has gone down, and panel
efficiency has gone up. The cost of solar PV panels has dropped more than 60%
from 2010 to 2016 [1] and solar panel capacity has improved 22 times from 2008 to
2015 [2].

Solar energy has many advantages. It lowers greenhouse gas emissions, creates
green jobs, and provides higher grid resiliency. It can be built as distributed genera-
tion or as a central station; consumption occurs near the point of generation which
cuts down transmission and distribution losses. Use of solar is especially efficient
in remote and rural regions where space is abundant and expansion of transmission
capacity and grid maintenance enhancements are expensive due to low aggregate
demand.

Though the use of solar energy has evident advantages, the adoption of solar en-
ergy is low in general, especially in remote regions. State and federal subsidies have
helped but there is a lot more potential for increasing the use of solar power. If the
likelihood of households adopting solar panels can be properly characterized, ap-
propriate policies can be designed to convert potential adopters into actual adopters.

This research aims to understand the factors that contribute to the adoption of
rooftop solar panels in the rural regions of Virginia in order to predict potential solar
adopters. Due to low penetration of solar adopters, the data on adopters in remote
and rural regions is sparse. The small number of positive samples (i.e., instances
with the adoption of solar panels) make it difficult to predict true solar adopters
using traditional statistical methods. The overall prediction accuracy of traditional
methods is good, but they often predict almost all households to be non-adopters
due to the class imbalance.

To overcome this drawback, our proposed method considers a novel “decision-
adjusted” framework developed by Mao et al. [3], to enable the estimated model
tailored for the decision of interest. Note that traditional evaluation methods use
cross-validation and area under the curve (AUC) as the criteria for variable selection
and parameter tuning. Such approaches cannot address the issue of class imbalance.
Under the decision-adjusted framework, model estimation and parameter-tuning are
conducted to optimize a specific decision-based model evaluation criterion. The es-
timated data analytic model is then optimized for this specific objective instead of
cross-validation error, likelihood or AUC.
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The remainder of this work is organized as follows. Section 2 reviews related
studies. Section 3 describes the survey data, and details the decision-adjusted frame-
work. Section 4 gives the performance results of different decision-adjusted and
non-decision-adjusted models. Section 5 provides a discussion.

2 Related work

Graziano and Gillingham [4] developed a diffusion model for the adoption of res-
idential solar photovoltaic (PV) systems in Connecticut (CT). They found the pri-
mary determinants of diffusion of PV systems in CT are spatial neighbor effects and
the built environment. Aklin et al. studied solar technology adoption in rural India.
Their results showed that household expenditures and savings as well as the head
of the households’ entrepreneurial attitude are strong predictors of adoption [5].
Parkins et al. studied factors that affected solar adoption intention in Canada. Their
results showed that the visibility of solar technology has a particularly strong effect
on intention, and the perceived knowledge of energy systems and being publicly
engaged in energy issues significantly increase adoption intention [6].

Alyousef et al. [7] modeled solar PV and battery adoption in Germany using an
agent-based approach. They found that increasing electricity prices could result in
improved PV-battery adoption in Germany better than reducing PV-battery prices
could. Zhang et al. applied an agent-based modeling framework to forecast indi-
vidual and aggregate residential rooftop solar adoption in San Diego county [8].
However, they focused on the prediction of solar adoption rate, instead of prediction
accuracy.

Vasseur and Kemp [9] studied the motivations for adoption for the subgroup of
adopters and compared the relevance of different factors for non-adoption for the
subgroups of potential adopters and rejecters. They found that for adopters the costs
of adoption are considered affordable, whereas for non-adopters they are viewed as
being too high. Rai et al. [10] stated that system cost is not the only barrier faced
by solar adopters. They found that installers and neighbors play important roles
throughout the decision-making process and have influence on both the decision to
adopt as well as on the mode of adoption.

Recently, Gupta et al. studied the prediction of rooftop solar adoption in rural
Virginia [11]. Their results showed that the demographics and neighborhood level
features influence the likelihood of adoption but social network-based features do
not. They also reported the in-sample and out-of-sample classification errors. Not
surprisingly, the true negative rate is very high while the true positive rate is zero,
because the proportion of adopters is very small in the dataset. Thus, they proposed
a weighted model to solve the problem. A new dataset was created where the ratio
of adopters and non-adopter households was 1:1. The number of adopters was in-
creased by simply resampling from the adopter data with replacement until the ratio
of adopters to non-adopters became 1:1. The weighted model-based out-of-sample
results improved the true positive rate.
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This research aims to improve the prediction performance of the model by using
a novel framework that was developed by Mao et al. [3]. They proposed a decision-
adjusted approach to develop the optimal driver risk prediction model using telemat-
ics driving information. Their “decision-adjusted” prediction framework optimizes
the prediction model with respect to a pre-specified percentage of the riskiest drivers
as “high-risk drivers”. The corresponding decision-adjusted objective function is to
maximize the prediction precision, which is the percentage of correct identification
among the drivers labeled as high-risk. In our study, we aim to maximize the true
positive rate plus true negative rate (TPR+TNR), i.e., we want to identify as many
adopters as possible, while maintaining a high level of overall accuracy.

3 Methodology

3.1 Data

The data used in this study were collected in February 2018 through a survey of
members of four rural electric cooperatives in Virginia. A total of 1470 households
participated in the survey, of which 604 responded to phone interviews and 866
participated online. All respondent households were residential members of one
of the following Virginia electric cooperatives: A&N Electric Cooperative, Central
Virginia Electric Cooperative, Rappahannock Electric Cooperative, and Southside
Electric Cooperative.

The survey collected information on demographics of the households, percep-
tions about solar energy, potential influencers, neighborhood features etc. The pre-
diction model used variables such as household income, household size, built year,
market value of the house, square footage of the house, pool present or not, num-
ber of bedrooms, and number of neighbors within a mile who have installed solar
panels. Households that had missing data or incomplete information were removed
from the analysis. This resulted in 675 households in total. Of these only 14 were
solar adopters. Table 1 provides the list of the variables used.

Table 1 Explanations of variables used.

Variable Description Type
Y PV adopter Has rooftop solar panels Binary
X1 income Estimated household income Continuous
X2 built Year home was built Integer
X3 sqfoot Square footage of the house Continuous
X4 pool Swimming pool present at home Binary
X5 bdroomcnt Number of bedrooms in the house Integer
Z1 neighbors Number of households in the neighborhood (approximately within

a mile of the house) who have installed solar panels
Integer

Z2 hhnum Number of people in the family Integer
Z3 mktval Estimated market value of home Continuous
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3.2 Decision-adjusted model

When we apply a traditional statistical model to a dataset that has very few solar
adopters in the training data, the model will predict most of households to be non-
adopters. If the response variable is binary, logistic regression will traditionally be
used to build the model. The estimation of logistic model tries to maximize the like-
lihood of probability distribution instead of optimizing the model under our specific
objective, i.e. identify true adopters. Even though the overall prediction accuracy of
logistic regression is very high, it fails to characterize the potential solar adopters,
which is the primary goal of this work. To address this issue, we use the decision-
adjusted framework which allows decision-driven optimization [3].

Our preliminary study using the logistic regression model finds that some of the
features have constant coefficients, while others do not. For example, if the coef-
ficient of a feature is positive, then a larger value of the feature will increase the
likelihood of adoption. However, this positive relationship is often not constant. The
relationship may be strong when the value of the feature is small, and weak when the
value of the feature is large. This will be further verified in Table 3 in Section 4.4.
The dataset is {Xi,Zi,Yi}n

i=1, where X represents the demographic features of the
households with constant coefficients, Z represents the demographic features of the
households with non-constant coefficients, and Y is whether the household is a solar
adopter (Y = 1) or not (Y = 0). The X and Z variables are described in Table 1. To
address the issue of non-constant coefficients, we introduce three indicator variables
I j(δ j), j = 1,2,3, to the model. An indicator variable is defined as,

I j(δ j) =

{
1, if Z j > δ j;
0, if Z j ≤ δ j,

where δ j, j = 1,2,3, are threshold values to construct the indicator variables. A
fixed coefficient for Z j is not able to catch all information from the data, while the
indicator variable can help bring more information to the model. Let us consider
‘neighbors’ as an example; adoption by neighbors does have an influence on the
household but the influence may not increase as the adoption among neighbors in-
creases. Therefore, a fixed coefficient for the neighbors feature is not able to describe
this influence comprehensively. The indicator feature allows having a large coeffi-
cient when the value of neighbors feature is small, and a small coefficient when the
feature value is large. Thus the indicator variable is able to describe this influence
better and bring more flexibility into the model.

The decision-adjusted solar adopter prediction model is as follows. Suppose that
a prediction model is obtained from data {Xi,Zi, Ii(δ ),Yi}n

i=1. Logistic regression
models the response through the linear combination of coefficients and variables,

Pr(Y = 1|X ,Z, I(δ )) =
exp

((
X ,Z, I(δ )

)T
β

)
1+ exp

((
X ,Z, I(δ )

)T
β

) ,
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Where β represents the regression coefficients, and is estimated through maximizing
the log-likelihood l(β ) or a penalized log-likelihood,

l(β )−P(β ,α,λ ), (1)

where

P(β ,α,λ ) = λ
(
(1−α)

1
2
||β ||22 +α||β ||1

)
, λ ≥ 0, 0≤ α ≤ 1

is the elastic net (enet) penalty [12]. The enet penalty can control the model com-
plexity. The lasso part, ||β ||1, performs the variable selection. If there are two im-
portant variables with high correlation, the lasso penalty will keep only one of the
variables to be nonzero. The ridge part, ||β ||22, will keep both important variables
in the model. The enet penalty is a linear combination of the lasso penalty and
the ridge penalty. The model predicts the probability of a household being a solar
adopter, Pr(Yi = 1). The predicted label for this household is determined by the fol-
lowing, where τ is the threshold probability for determining whether a household is
adopter or not.

Ŷi = Ŷi(Xi,Zi, Ii(δ ),α,λ ,τ) =

{
1, if Pr(Yi = 1)≥ τ

0, if Pr(Yi = 1)< τ

Note that β is the model parameter, which is estimated by optimizing the penal-
ized likelihood in Equation (1), given certain α,λ , and δ . The α,λ ,δ , and τ are
hyperparameters to be tuned. Traditionally, the hyperparameters are tuned to op-
timize the cross-validation error or AUC. Under the decision-adjusted framework,
the hyperparameters are tuned to optimize the specific objective function. Then the
optimization problem for our decision-adjusted model is

max
δ ,α,λ ,τ

Ω

(
Ŷi(Xi,Zi, Ii(δ ),α,λ ,τ),Y

)
, (2)

where Ω(·) is a function of the hyperparameters. It is determined by the specific
goal of the study.

Usually, the threshold τ is chosen as 0.5 for traditional logistic regression to
classify 0s and 1s; this threshold works well when the dataset is fairly balanced.
However, in our data, the proportion of solar adopters is only about 0.02. If we
set τ = 0.5, the prediction model fails to identify true solar adopters as shown in
Table 2, which provides both the in-sample and out of sample performance. M0 is
the logistic regression model with τ = 0.5. Although the model has a very high
prediction accuracy because it correctly identifies most non-adopters, but not the
true adopters.
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4 Case Study and Results

We divide the data into adopters and non-adopter classes. From each class we ran-
domly select half of the data to include in the training set and the other half to make a
test set. This ensures that each set includes 7 of the 14 adopters. The training set has
a total of 337 households, and the test set has 338 households. To obtain in-sample
results, the model is trained and tested on the whole dataset. To obtain prediction
(out of sample) results, the model is trained on the training set and tested on the test
set.

The decision-adjusted model is compared against the baseline logistic model and
several other models. In the decision adjusted model we want to maximize (Ω =
TPR+TNR) given τ and δ . Here ‘TP’ refers to true positives, ‘TN’ refers to true
negatives, ‘FP’ refers to false positives, and ‘FN’ refers to false negatives. The
TPR+TNR is defined as:

Ω = TPR+TNR =
T P

T P+FN
+

T N
T N +FP

.

One can see that this objective is better than the accuracy (ACC), which is defined
as

ACC =
T P+T N

T P+FN +T N +FP
=

T P+T N
n

,

where TP+FN+TN+FP is the total number of data, and is fixed. The ACC puts
the same weight on TP and TN. In our imbalanced data, the number of positives
(TP+FN) is much less than the number of negatives (TN+FP), and the TPR from
the traditional logistic regression is close to 0. Compared to ACC, the new objective
(TPR+TNR) puts more weight on TP than on TN since 1

T P+FN >> 1
T N+FP and

enables us to achieve higher TPR while keeping TNR relatively high.

4.1 Model Comparison

We consider nine different models; these are:
M0: Logistic regression model.
M1: Logistic regression model with enet (elastic net).
M2: Weighted model used by Gupta et al. [11].
M3: Decision-adjusted Logistic regression model.
M4: Decision-adjusted Logistic regression model with enet.
M5: Decision-adjusted Logistic regression model, with neighbors indicator feature.
M6: Decision-adjusted logistic regression model, with ‘hhnum’ indicator feature.
M7: Decision-adjusted logistic regression model, with ‘mktval’ indicator feature.
M8: Decision-adjusted logistic regression model, with all indicator features.
M9: Decision-adjusted logistic regression model with enet, and all indicator features.
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M0 is the logistic regression model, and M1 is the logistic regression with enet
penalty. M2 is the weighted model as used by Gupta et al. [11], which increases the
number of adopters in the training data by sampling them with replacement. M3 and
M4 are decision-adjusted versions of M0 and M1. We would like to compare M0 with
M1, and M3 with M4 to see if enet improves the models’ performance. The difference
between M3 and M5, M6, M7 is that M5, M6, M7 include an indicator feature. The
difference between M3 and M8 is that, M8 includes all three indicator features.

First, we compare the decision-adjusted models and non-decision-adjusted mod-
els, M3 to M9 vs. M0 and M1. Second, we compare the decision-adjusted models
and weighted model, M3 to M9 vs. M2. Third, we compare the models with enet and
models without enet, M1 vs. M0, M4 vs. M3, and M9 vs. M8. Last, we compare the
models with indicators and models without indicators, M5 to M8 vs. M3.

4.2 True Postitive Rate (TPR) + True Negative Rate (TNR)

In this subsection, we compare different models in terms of TPR+TNR. For M0,
logistic regression model, and M2, weighted model, we don’t have any parameters
to tune. For M1, logistic regression model with enet, we tune two parameters, α and
λ from enet penalty to maximize the penalized likelihood. For decision-adjusted
models, we tune the threshold, τ , δ ’s from indicator variables, and, α and λ from
enet penalty to optimize TPR+TNR. The results are shown in the Table 2.

In terms of out-of-sample TPR+TNR, the decision-adjusted models, M3 to M9,
are much better than non-decision-adjusted models, M0 and M1. The decision-
adjusted models with indicator features, M5, M8, and M9, are better than weighted
model, M2. By comparing M1 vs. M0, M4 vs. M3, and M9 vs. M8, the models without
enet are close to the models with enet. The decision-adjusted models with indica-
tor feature for neighbors are better than decision-adjusted models without indicator
feature, while the decision-adjusted models with indicator feature for hhnum and
mktval are not better than decision-adjusted models without indicator feature.

Table 2 In-sample and prediction (out-of-sample) TPR+TNR of different models.

In-sample Prediction
Model TPR+TNR TPR TNR TPR+TNR TPR TNR

M0 1.0714 0.0714 1 1 0 1
M1 1.0714 0.0714 1 1 0 1
M2 1.6801 0.8571 0.8230 1.4324 0.5714 0.8610
M3 1.5917 0.7143 0.8775 1.4264 0.5714 0.8550
M4 1.5933 0.7143 0.8790 1.4234 0.5714 0.8520
M5 1.6780 0.7143 0.9637 1.5451 0.7143 0.8308
M6 1.6423 0.8571 0.7872 1.4294 0.5714 0.8580
M7 1.6741 0.8571 0.8169 1.4324 0.5714 0.8610
M8 1.7985 0.9286 0.8699 1.5602 0.7143 0.8459
M9 1.7970 0.9286 0.8684 1.5973 0.8571 0.7402
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Figure 1 shows the comparison between different models. The model M3 has
higher TPR+TNR than M0, and M4 is better than M1, which indicate that the
decision-adjusted models are better than the traditional logistic regression models.
The model M0 is close to M1, M3 is close to M5, and M8 is close to M9, which mean
the models with enet are not better than the models without enet. The model M5 is
better than M3, which indicate that the model with indicator feature is better than
the model without indicator feature.

0

0.5

1

1.5

2

M0 M3 M1 M4 M3 M5 M8 M9

TPR+TNR

Fig. 1 Prediction performance comparison of different models. The model M0 is the logistic re-
gression model, and M3 is the decision-adjusted logistic regression model. The model M1 is the
logistic regression model with enet, and M4 is the decision-adjusted logistic regression model with
enet. The model M3 is the decision-adjusted logistic regression model, and M5 is the decision-
adjusted logistic regression model with a indicator feature for the neighbors. The model M8 is
the decision-adjusted logistic regression model with all indicator features, and M9 is the decision-
adjusted logistic regression model with enet and all indicator features.

4.3 Comparison among Different Decision-adjusted Models

The performance of different decision-adjusted models are compared given certain
target percentage of solar adopters. For example, if we want to predict at most 10%
households as solar adopters, 68 out of 675 households will be selected as solar
adopters, some of them will be true positives and the rest will be false positives.
Then we compare TPR+TNR among different models and we have correspond-
ing curves in the figures below. Figure 2 shows the in-sample results for decision-
adjusted models with and without indicator features, Figure 3 shows the in-sample
results for decision-adjusted models with and without enet, Figure 4 shows the pre-
diction results for decision-adjusted models with and without indicator features, and
Figure 5 shows the prediction results for decision-adjusted models with and with-
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out enet. Both in-sample and out-of-sample results show the decicision-adjusted
logistic regression models are better than the traditional logistic regression models.
The in-sample results show the decision-adjusted models without enet and decision-
adjusted models with enet are close to each other, while the out-of-sample results
show the decision-adjusted model with enet, M9, is better than the decision-adjusted
model without enet, M8.
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Fig. 2 In-sample performance comparison of decision-adjusted models with indicator features
(in color other black, M5, M6, M7, and M8) and without indicator features (in black, M3).
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Fig. 3 In-sample performance comparison of different decision-adjusted models with enet (in
color other than black, M4, M8, and M9) and without enet (in black, M3).
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Fig. 4 Out-of-sample performance comparison of different decision-adjusted models with indi-
cator features (in color other black, M5, M6, M7, and M8) and without indicator features (in
black, M3).
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Fig. 5 Out-of-sample performance comparison of different decision-adjusted models with enet
(in color other than black, M4, M8, and M9) and without enet (in black, M3).
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4.4 Model coefficients

To study the influence of indicator features on the likelihood of solar adoption, the
model with indicator features and the model without indicator feature are compared.
The logistic regression with enet penalty does not have legal significance testing,
because the parameter estimators are not Maximum Likelihood Estimators (MLE),
they don’t have the asymptotic properties which MLEs have. The coefficients in
model M8 (without penalty) is better interpreted than coefficients in M9. Thus, model
M8, decision-adjusted logistic regression model with indicator features but without
enet, is chosen over M9.

Table 3 summarizes the coefficients estimates and their p-values for M0 and M8.
M0 is the traditional logistic regression model, and M8 is the decision-adjusted
model with all indicator features. In M0, ‘neighbors’, ‘hhnum’, and ‘mktval’ are
significant, while in M8, neighbors and its indicator predictor are significant. This
demonstrates that ‘neighbors’ indicator feature is more important than the other
two features, and the corresponding decision-adjusted model M5 are better than M6
and M7. Additionally, both ‘neighbors’ and its indicator predictor are significant,
which implies that the indicator feature does explain what the original feature did
not explain. None of the other two features, ‘hhnum’, ‘mktval’ are significant, which
means their indicator features also would not improve the model. For M8, the thresh-
old values δ for indicator features are

δneighbors = 3,
δhhnum = 4,
δmktval = 3.25.

Model M0 Model M8
Estimate P-value Estimate P-value

(Intercept) 15.40 0.4302 16.95 0.4102

X

income (×105) 0.74 0.3406 0.44 0.6046
built -0.01 0.3382 -0.01 0.3107
sqfoot (×103) -0.17 0.7127 -0.30 0.5112
pool 0.64 0.3744 1.20 0.1044
bdroomcnt -0.34 0.3843 -0.45 0.2610

Z
neighbors 0.58 0.0002 1.28 0.0000
hhnum -0.48 0.0498 -0.23 0.4594
mktval (×105) 0.29 0.0247 0.26 0.0963

I
Ineighbors -4.49 0.0059
Ihhnum -1.10 0.4903
Imktval 1.24 0.1195

Table 3 Coefficient estimates and their p-values are shown for Models M0 and M8. Note that
Model 8 includes the demographics and indicator predictors.
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5 Discussions

This research focuses on building a decision-adjusted model of solar adoption. This
model is able to precisely identify solar adopters with low false negative rate. In the
meantime, we also identify predictors which improve the model fit.

All decision-adjusted logistic regression models, both with and without indica-
tor features, are much better than the traditional logistic regression model in terms
of TPR+TNR. The decision-adjusted logistic regression models with indicator fea-
tures are better than the decision-adjusted model without indicator features, and the
decision-adjusted logistic regression model with all indicator features is the best.
Interestingly, the decision-adjusted logistic regression model with neighborhood in-
dicator feature is better than decision-adjusted models with other indicator features,
and its performance is close to the model with all indicator features.

Table 2 summarizes the TPR+TNR, TPR for different models in terms of in-
sample and prediction performance. The results clearly show that the decision-
adjusted models outperforms the logistic regression model, which performs poorly
in terms of TPR. The decision-adjusted model makes a trade off between TPR and
TNR, still it remarkably improves the TPR and keeps a low false negative rate.
Comparison of models with and without enet, i.e. M0 vs. M1, M3 vs. M4, and M8 vs.
M9, show that the enet does not improve the performance much. This is because the
number of features in our model is not very large. However, Figure 5 shows that M9
is better than M8. It indicates that for the decision-adjusted models with all indicator
features, the enet penalty improves the performance given different target percent-
age of solar adopters. Tables 4 to 23 in the Appendix show the confusion matrices
of different models.

When the number of features is more than 20 or 30, the enet is expected to
make a significant improvement in the performance of the model. Comparison of the
decision-adjusted model with weighted model show that the weighted model is not
better, especially in terms of prediction. Also, the decision-adjusted approach has
an advantage over weighted model because it does not manipulate the input data.
Table 2 shows that M8, M9 and M5 have higher TPR+TNR than other decision-
adjusted models. M8, M9 are the models with all three indicator features, and M5
is the model with the indicator feature for neighbors. It tells us that the neighbors
indicator feature is more important than the other two indicator features.

Table 3 summarizes the coefficient estimates and their p-values for M0 and M8.
For the model M0, without any indicator features, the results show that neighborhood
adopters, hhnum, and mktval are significant. A household with more neighbors who
have installed solar panels and with large house market value is more likely to be
a solar adopter. While a household with large household size is less likely to be an
adopter. For the model M8, which has three indicator features, the neighborhood
adopters and its indicator feature are still significant. This means that the neighbors
is more important than the other two predictors. The effects from neighbors, hh-
num, and mktval are the same as in M0. The estimated coefficient for ‘neighbors’ is
1.28, while the coefficient for the indicator feature of neighbors is -4.49. The ‘neigh-
bors’ feature suggests that the likelihood of adoption increases when there are more
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neighbors with solar panels, while the likelihood of adoption decreases when the
number of neighbors who installed solar panels is very large (> 3). Hence neigh-
bors i.e., peer effect, plays a significant role in adoption decision and this finding is
consistent with the results of Rai et al. [10].

The coefficient of hhnum (−0.48 in M0, −0.23 in M8) shows that larger family
size decreases the likelihood of adoption. The coefficient of Ihhnum (−1.10 in M8)
indicates that when the household size is very large (> 4), the likelihood of adoption
will drop by a larger amount.

The coefficient of mktval (0.29 in M0, 0.26 in M8) shows that high market value
of the house increases the likelihood of adoption. The coefficient of Imktval (1.24
in M8) indicates that a very high market value (> 3.25) will highly increase the
likelihood of adoption. Also, high income increases the likelihood of adoption. A
household with high house market value and high income is more likely to find the
cost of solar affordable. Work by Vasseur and Kemp [9] also found similar results.

The neighbor feature is the most significant feature in predicting solar adoption.
Considering the low penetration of solar adopters (0.02) in rural Virginia, the dif-
fusion of rooftop solar panels is also low. This finding is consistent with Muaafa et
al. [13] and Vasseur and Kemp [9].

In our study, we maximize TPR+TNR, where TPR and TNR have the same
weights. Depending upon what information is more important to policy makers, dif-
ferent weights can be assigned to them and the objective function can be accordingly
altered and optimized.
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Appendix

Table 4 to 23 summarize confusion matrices for five models under precision and
TPR+TNR.

Table 4 In-sample confusion matrix of M0.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 1 0 1
Non-adopter 13 661 674

sum 14 661 675

Table 5 In-sample confusion matrix of M1.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 1 0 1
Non-adopter 13 661 674

sum 14 661 675

Table 6 In-sample confusion matrix of M2.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 12 117 129
Non-adopter 2 544 546

sum 14 661 675

Table 7 In-sample confusion matrix of M3.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 10 81 91
Non-adopter 4 580 584

sum 14 661 675
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Table 8 In-sample confusion matrix of M4.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 10 80 90
Non-adopter 4 581 585

sum 14 661 675

Table 9 In-sample confusion matrix of M5.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 10 24 34
Non-adopter 4 637 641

sum 14 661 675

Table 10 In-sample confusion matrix of M6.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 12 142 154
Non-adopter 2 519 521

sum 14 661 675

Table 11 In-sample confusion matrix of M7.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 12 121 133
Non-adopter 2 540 542

sum 14 661 675

Table 12 In-sample confusion matrix of M8.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 13 86 99
Non-adopter 1 575 576

sum 14 661 675

Table 13 In-sample confusion matrix of M9.

True condition
Adopter Non-adopter sum

Fitted
condition

Adopter 13 87 100
Non-adopter 1 574 575

sum 14 661 675

Table 14 Prediction confusion matrix of M0.
True condition

Adopter Non-adopter sum

Fitted
condition

Adopter 0 0 0
Non-adopter 7 331 338

sum 7 331 338
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Table 15 Prediction confusion matrix of M1.
True condition

Adopter Non-adopter sum

Fitted
condition

Adopter 0 0 0
Non-adopter 7 331 338

sum 7 331 338

Table 16 IPrediction confusion matrix of M2.
True condition

Adopter Non-adopter sum

Fitted
condition

Adopter 4 46 50
Non-adopter 3 285 288

sum 7 331 338

Table 17 Prediction confusion matrix of M3.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 4 48 52
Non-adopter 3 283 286

sum 7 331 338

Table 18 Prediction confusion matrix of M4.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 4 49 53
Non-adopter 3 282 285

sum 7 331 338

Table 19 Prediction confusion matrix of M5.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 5 56 61
Non-adopter 2 275 277

sum 7 331 338

Table 20 Prediction confusion matrix of M6.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 4 47 51
Non-adopter 3 284 287

sum 7 331 338

Table 21 Prediction confusion matrix of M7.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 4 46 50
Non-adopter 3 285 288

sum 7 331 338
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Table 22 Prediction confusion matrix of M8.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 5 51 56
Non-adopter 2 280 282

sum 7 331 338

Table 23 Prediction confusion matrix of M9.
True condition

Adopter Non-adopter sum

Predicted
condition

Adopter 6 86 92
Non-adopter 1 245 246

sum 7 331 338


