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Abstract

This paper aims to estimate the returns to solar panels in the UK residential housing market.
Our analysis applies a causal machine learning approach to Zoopla property data containing
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price premium above 6 percent (range between 6.2 percent to 6.9 percent depending on the
meta-learner) associated with solar panels. Considering that the average selling price is
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1. Introduction
Solar photovoltaic (PV) panels stand out as an important renewable energy alternative in
addressing climate change and reducing greenhouse emissions. They offer households access
to self-generated electricity and feed-in tariff revenue (FiT), the benefits that are particularly
worthwhile in today’s world facing soaring energy costs. The rising popularity of solar PV
panels over the years is not surprising and reflects the increased demand for less costly options
and public awareness in valuing environmentally friendly choices, alongside the government
incentives promoting alternative green energy technologies.! The multiple benefits offered by
solar PV panels are likely to be capitalized into how solar panels are valued in the housing
market. In this paper, we seek to explore this by looking into whether properties with solar

panels are associated with higher sale prices as compared to those without solar panels.

The relationship between various housing attributes and rental/sale prices is widely
studied in the real estate literature. Aside from the standard attributes (such as the number of
bathrooms/bedrooms), research points to the importance of non-traditional attributes (for
example, property location, being close to local amenities, schools etc.) and additional
information hidden in the listing agents’ descriptions which can provide further insights on
sellers” motivation and house characteristics in predicting house prices (see, for example, Haag
et al., 2000; Bond et al., 2002; Pryce & Oates, 2008; Nowak & Smiths, 2017). In line with this
literature, the installation of a solar panel can be viewed as an additional attribute or an
improvement in house quality which could increase the value of the house in the market. What
is peculiar to a solar panel installation, when compared to a physical improvement such as a
new bathroom/kitchen etc., is that it not only offers the possibility of energy cost savings but

also attracts environmentally conscious buyers (Dastrup et al., 2012). A house with a solar

! According to Renewables 2021 Global Status Report (2021) solar PV global capacity has increased
from 39 gigawatts to almost 760 gigawatts from 2010 to 2020 (https://tinyurl.com/2untef98).
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panel can signal environmental virtue, and, for some, this can be associated with an additional
non-financial utility increasing the value of green homes (Dastrup et al., 2012; Kahn & Kok,

2014; Sexton & Sexton, 2014).

Early evidence suggests a positive association between energy efficiency, which is
broadly captured by energy bills, and residential sale prices (Halvorsen & Pollakowski, 1983,
Johnson & Kaserman, 1983; Dinan & Miranowski, 1989). With the rise in eco-labelling, more
recent evidence concentrates on whether these eco-labels/certificates communicating the
potential energy efficiency of the houses reflect on the house values. This literature generally
documents a positive relationship; for example, a more favourable energy performance
according to energy labels such as Energy Performance Certificate (EPC) in Europe or being
certified under the LEED program or Energy Star in the US positively influence rents, vacancy
rates, selling prices and external valuation (Brounen & Kok, 2011; Hyland et al., 2013; Kahn
& Kok, 2014, Fuerst et al., 2015; Chegut et al., 2020; Evangelista et al, 2022). Some evidence
outside the European and US context includes findings from Singapore by Deng et al. (2012),
who note a positive selling price premium for houses with a government-designed Green Mark
scheme label. By ranking houses’ greenness in Beijing using a Google index, Zheng et al.

(2012) point to a price premium for green buildings during the presale stage.

There is, therefore, a consensus that energy efficiency (either actual or potential) and
being labelled as “green” are valued favourably in the housing market. The evidence
exclusively focusing on the effect of solar panels, however, remains relatively scarce and
concentrates on the US and Australian real estate market (see, for example, Dastrup et., 2012;
Hoen et al., 2012; Ma et al., 2015; Qui et a, 2017; Lan et al., 2020; Best et al., 2021). Mainly
relying on hedonics and repeated sales approaches, studies note a positive selling price
premium for houses with solar PV systems. For example, using data for California (San Diego

and Sacramento) from 1997 to 2010, Dastrup et al. (2012) note a selling price premium of
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around 3.5 percent for houses with solar panels. This premium is larger in more
environmentally friendly neighbourhoods (captured by the number of registered Prius hybrid
vehicles) and those with a larger share of college graduates. Hoen et al. (2012) provide
supporting evidence that solar houses are sold at a premium ranging from $3.9 to $5.8 per
installed watt in California. Using matching methodology on transaction and valuation data for
the houses listed for sale in Arizona in 2014, more recent evidence by Qui et al. (2017)
documents that installation of solar PV is associated with an average of 15 percent increase in
house valuation and 17 percent increase in the transaction price. Selling price premiums for
solar houses, ranging between 2.3 percent to 4.3 percent, are also noted for Australia (Ma et al.

2015, Lan et al. 2020).

In this paper, we contribute to the literature by stressing the value of investing in
environmentally sustainable, energy-efficient properties. Our focus is on the effect of solar PV
systems on the sale prices in the UK housing market where no prior evidence exists. The
installation of solar panels has been actively promoted by the UK government, especially
between the years 2010 and 2019. The FiT scheme, which was introduced in April 2010, has
been the most notable policy intervention to motivate individuals and businesses to opt for
renewable and low-carbon electricity generation in the UK. The tariff consisted of a generation
rate which included payments per kWh generated by the solar system irrespective of whether
it is exported or not and an export rate which included payments received per kWh exported
to the grid. The launch of the scheme attracted many consumers and a significant reduction in

the cost of installation was observed over the years.? Following the fall in capital costs, the

2 According to Green Business Watch, the median cost of a 4kW installation decreased from £20,000
to £6,856 from 2010 to 2018 (https://tinyurl.com/4k6nbjsz).
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UK government gradually reduced the generation tariff rates and, eventually, the scheme was

closed in April 2019 for new installations.?

In this paper, we further expand the previous literature by drawing on a novel
methodological approach and data. Specifically, we apply causal machine learning tools,
namely meta-learner algorithms (S-, T-, X-, R- and DR- Learners), to advance our
understanding of the causal mechanisms underlying the relationship between solar PV
installation and sale prices. We use Zoopla property data from 2012 to 2018, which is a unique
data set offering information on more than 5 million properties advertised for sale in the UK.
We then match Zoopla property data with Price Paid data from the Land Registry, which
contain official records of transaction prices for each property sold in England and Wales. We
capture whether a property has a solar panel installed by using the textual information available
in the description section of the Zoopla property data. In addition to investigating whether
houses with solar panels are associated with a selling price premium across the whole sample,
we explore whether the premium (if any) changes over the years, across regions and along

different quintiles of the selling price distribution.

Our results provide strong evidence that houses with solar panels bring about a sale
premium that varies between 6.2 percent to 6.9 percent. To put this into context, the average
selling price is £230,536 in our sample, and our findings translate into an additional £14,293
to £15,906 selling price associated with solar panels. The selling price premium we find for the
UK market is relatively larger than those documented for the US and Australia, which might
owe to the different techniques we use and that we cover a period where installation of solar

panels was incentivized by the UK government. Our results are robust when we use more

% The UK government introduced Smart Export Guarantee (SEG) in January 2020. Unlike the FiT
scheme, SEG only pays for the electricity exported to the grid and the tariff rates change depending
on the electricity supplier chosen.



standard approaches employed by the previous literature, such as hedonic pricing models or
when we perform our analyses on a matched sample. We argue that positive returns to solar
panels, a finding which is consistent across a wide range of methods, emphasize that people
value green alternatives. Solar panels are likely to stand out as exclusive characteristics of the
properties and offer environmental virtue alongside the potential cost reduction. This argument

is further supported by our sub-sample analyses for different regions, years and price quintiles.

The rest of the paper is organized as follows. The next section explains the Zoopla property
data and the Price Paid data by Land Registry. Here we also describe our methodology. Section

3 presents the results and interprets our findings. Section 4 concludes.

2. Data and methodology

2.1. The Zoopla and Land Registry

We match Zoopla property data* and Price Paid data (PPD) from Land Registry® to investigate
the association between solar PV panels and property selling prices in the UK. Zoopla is one
of the UK’s leading providers of historical property listings data; it contains records of more
than 3 million properties advertised for rent and more than 5 million for sale. For the purpose
of our analyses, we restrict our sample to properties advertised for sale between the years 2012

and 2018.

Zoopla property data provide detailed information on properties’ physical
characteristics, including property type (e.g., flat; detached house, terrace house), the number
of bedrooms, bathrooms, along with comprehensive geographical information at the local

authority level. However, the actual transaction price is not available in the data. We, therefore,

* The data are provided by the Urban Big Data Centre (UDBC) licensed by Zoopla,
https://tinyurl.com/efw2p20y.
® Price paid data is a publicly available data. For details see https://tinyurl.com/pf4987ke.
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match Zoopla property data with PPD from Land Registry, which contain official records of
the price paid for each property sold in England and Wales. Both datasets include the postcode
of the street on which the property is located. The PPD also provides Primary Addressable
Object Name (PAON), which is typically the house number. The house number for most of the
listings is also available in the Zoopla property data. When the house number is missing for a
listing, we extract the first numeric value from the displayable address that is available in the
dataset. Since the house number and the postcode allow us the identify each property uniquely,
we match Zoopla property data and PPD based on these two variables.® By doing so, we match

80 percent of the listings on Zoopla property data with the Price Paid data.’

We identify whether a solar panel is installed in a property using the property
owners’/listing agents’ written descriptions about the property available in the Zoopla property
data. We categorize the properties as those with solar panels installed if their listings include
the keyword “solar” in the description. In the sample selection procedure, we exclude
properties which have more than three bathrooms, and more than five bedrooms (each
restriction corresponds to the top 1 percent of the distribution in the relevant variable). Also,
as flats in the buildings share the same roof, we drop flats from our sample since flat owners
may not be able to install solar panels. Finally, we exclude the properties whose selling prices

are at the top and bottom 1 percent of the price distribution to remove outliers in the data.

The variable definitions and key descriptive statistics are available in Table 1. As can
be seen, on average, houses with solar panels are sold at a higher price, are bigger (have a

greater number of bedrooms/bathrooms) and are more likely to be detached or bungalow when

® Since properties can enter the market and be sold multiple times within the period that we are
interested, we match each listing with the closest sale record on the Price Paid data.

" The remaining 20 percent, which do not match with the Price Paid data, can be due to the incorrect
address entry to Zoopla. However, it is also possible that some listings can be withdrawn from the
website without a sale.



compared to houses without solar panels. One may argue that properties with solar panels might
have a greater possibility to undergo other improvements, which may bias the selling price
premium estimates (Dastrup et al., 2012). In our analyses, once again drawing on the textual
information available in the description section of the Zoopla data, we identify whether the
properties are renovated/refurbished, and our models control for this possibility. Nevertheless,
the houses in our sample are comparable in terms of refurbishment; there is no descriptive

evidence that houses with solar panels are more likely to be refurbished.

Table 2 (Panel A) shows the distribution of solar-installed houses across regions over
the years under consideration. Overall, the share of houses with solar panels has increased over
the years in our sample. When we look at regional differences, the highest shares of solar
houses are observed in the Southwest followed by regions located in the Eastern and
Northeastern part of the country, including Yorkshire. Excluding Greater London, the lowest
shares are in Northwest, West Midlands and Wales. Finally, the lowest share of houses with
solar panels is observed in the lowest price group; the share of houses with solar panels

increases gradually along the selling price distribution.

[Table 1 around here]

[Table 2 around here]

2.2.  Causal Machine Learning Approach: Meta-Learner Algorithms

It is widely noted in the real estate literature that standard hedonic pricing models may suffer
from endogeneity, in particular, the omitted variables problem. One may argue that other
property characteristics, for instance, whether the property is double-glazed or has alternative
water heating systems, may increase energy efficiency and hence the selling prices (see, for
example, Fuerst et al., 2015 for a similar discussion). Additionally, as also evident in our
sample, it is possible that houses with a potentially higher market value are more likely to have
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solar panel systems. Regardless of the extent of covariates included in the hedonic pricing
models, these possibilities persist. In this paper, we therefore call for additional innovative
approaches and adopt causal machine learning tools to foster an understanding of the causal
effects of solar panels on the sale prices. We employ Causal ML, a Python package developed
by Uber, that offers several causal inference methods based on machine learning algorithms.
For our analyses, we employ meta-learner algorithms. More specifically, we draw on S-

Learner, T-Learner, X-Learner, R-Learner and DR-Learner.

Meta-learner algorithms - meta-learners - allow estimating average treatment effects
conditional on the features (i.e., covariates) based on machine learning estimators; in other
words, base learners/algorithms such as linear regressions, random forests, neural networks,
extreme gradient boosting (XGBoost) and so on (Kunzel et al., 2019). In our analysis, we first
employ the most basic S-Learner algorithm that uses a single base learner and includes the
treatment variable as a feature in addition to the other features. Estimating the treatment effect
using S-Learner consists of two stages: assume that Y (0) and Y (1) are the potential outcomes
(selling prices in our case) for the control and treatment groups (houses without and with solar
panels), respectively.® In the first stage, S-Learner estimates Y (0) and Y (1) in a single machine
learning model, which takes the treatment indicator T as a feature along with the other features

X. Thus, it first estimates a combined response function as follows:

ulx,t) =YX =x,T =t]

It then estimates the treatment effect in the second stage:

t(x) = alx, 1 — (x,0)

& The method presented here is widely drawn from Kiinzel et al. (2019), Kennedy (2020), Nie & Wager
(2021), and user guides for the EconML (available at https://tinyurl.com/yxfdrh7c) and Causal ML
packages (available at https://tinyurl.com/dhct58w9).
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where [ is estimated by any base learner (any suitable machine learning algorithm such as
supervised learning or regression estimator) using the observations both in the control and
treatment groups. In our model, our treatment group consists of houses with solar panels, and
the control group consists of those without solar panels. The variable capturing whether the
house has a solar panel takes the value one if the listing description includes “solar” and value
zero otherwise. The features X include standard property attributes, including the type of
property (detached house, terraced house, bungalow), number of bedrooms, number of
bathrooms, and whether the house is refurbished.® We also use location and year features; the
county-level location (the dataset includes listings from 79 counties) and the year in which the
property advertised for sale enters the market. The outcome of interest is the logarithm of the

selling price of the property.

Following this, we employ more sophisticated T-Learner, X-Learner (Kinzel et al.,
2019) and R-Learner (Nie & Wager, 2021); these tools rely on multiple base learners and
estimate the outcome models for the treatment and control groups separately. These additional
tools are essential, especially when the covariates are quite different across the control and
treatment groups, and a single linear model cannot fully capture the different relevant
dimensions and smoothness of features for the control and treatment groups (Alaa & Schaar,
2018). In the case of T-Learner, as with the S-learner, the algorithm consists of two stages, but
the first stage of T-learner estimates the response functions separately for the control and

treatment groups:

Ho(x) = E[Y(0)|X = x]

pa(x) = E[Y (DX = x]

® The information on the size of the properties in square meters is not available in the Zoopla property
data.
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The second stages then estimates the treatment effect as follows:

() = m(x) — Ao (x)

where fiyand fi, are estimated by base learners, any potentially different suitable machine

learning algorithms, using the observations in the treatment and control groups, respectively.

X-Learner is an expansion of T-Learner and is shown to be more efficient, especially
when the number of units in either the treatment or control groups is notably larger than the
other (see, Kiinzel et al., 2019 for further details).X This is important, considering that the
number of properties with solar panels are notably less than those without solar panels in our
sample. X-learner estimates the average treatment effect conditional on covariates in three
stages. The first stage is identical to T-Learner where response functions for the control and
treatment groups are estimated separately. In the second stage, X-Learner calculates the
imputed treatment effect for the treated group using the control-outcome estimator and for the

control group using the treatment-outcome estimator as follows:

D' =v'- Ao(Xh)

D% = (X% —Y°

Using the imputed treatment effects for the treated and the control groups, it then

estimates

£,(x) = E[DYX = «]

10 1t is common to observe smaller number of observations in the treatment group when compared to
the control group. The small sample size may increase the chances of overfitting the treatment group
when T-Learner is used. X-Learner attempts to overcome this issue by using the information from the
control group in order to achieve better estimators for the treatment group and vice versa (Klnzel et al.,
2019).
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,(x) = E[D°|X = «]

using any suitable machine learning algorithm. Finally, in stage 3, the treatment effect

is estimated as a weighted average of 7,(x) and 7, (x) estimates derived in stage 2:

T(x) = g()to(x) + (1 — g(x)) 1 (x)
where g € [0,1] is the weight function.

R-learner, on the other hand, is a newer technique and relies on the loss function for
treatment effect estimation (Nie & Wager, 2021). Briefly speaking, it first fits the conditional
mean outcomes (7 (x)) and propensity scores (é(x)) based on cross fitting. Then, in the second

stage, it estimates the treatment effect by minimizing the so-called R-Loss function:
La(t(0) = Yn B (% = O XD) — (T; — 60 (XD)T(X))?

Where m(~9(X;) and -9 (X,) indicate the out-of-fold predictions made without using
the ith training example (see Nie & Wager (2021) p.300-301 for a more detailed mathematical

derivation).

Finally, we use Doubly Robust (DR) Learner (Foster & Syrgkanis, 2019; Kennedy,
2020), which estimates the treatment effects when all the potential confounders are observed
but they are high-dimensional (that is, the classical statistical tools are inapplicable due to many
confounders) or their effects on the treatment and control groups cannot be estimated by
parametric models effectively. Accordingly, DR-Learner performs two predictions at the first
stage: i) the outcome from the treatment and control groups and ii) the treatment from the
controls. It then combines the predictions from these two models and runs a final stage
estimation to produce a model to calculate the heterogeneous treatment effects (for a full

mathematical derivation, see Kennedy (2020)).
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Our base learners in T-, X-, R- and DR- Learners use XGBoost, which is introduced by
Friedman et al. (2000) and Friedman (2001), and further developed by Chen & Guestrin (2016).
11 XGBoost is shown to be an efficient machine-learning approach and achieves the highest
accuracy for all sample sizes and price groups in the rental market (see Yoshida, Murakami &
Seda, 2022). Utilizing these techniques described above assists in improving the accuracy of
our predictions on whether a selling price premium exists for the houses with solar panels as
well as the extent of this premium. Using these tools, we estimate the treatment effect for the
whole sample. Following this, we explore any regional and yearly variations and whether the

selling price premium differs across the different ends of the sale market.

2.3.  Hedonic estimation and Coarsened Exact Matching
We also investigate whether our results change when we employ more standard approaches.
We start with a hedonic pricing model where we estimate the sale price against the property

characteristics and the variable capturing the presence of solar panels in the property:
In(Selling Price;) = a + BSolar; + X;y + T;6+ ¢;

As with the machine learning methods, the outcome of interest is the logarithm of the
selling price of the ith property. Solar is adummy variable that takes the value one if the listing
description includes “solar” and value zero otherwise. The vector X; includes standard
attributes, refurbishments, and T; stands for the year and location dummies. y and § are the
vectors capturing the shadow prices of the physical, location and year-of-listing characteristics
of the houses. The coefficient 8 denotes the size of the association between the presence of a

solar panel and the selling price.

11 Gradient boosting provides a prediction model based on an ensemble of weak prediction
models such as decision trees.

13



In the next step of our analyses, we calculate the treatment effect using a matched
sample where we match houses with and without solar panels using all the property attributes
used in the previous models, as well as the year when the property enters the market and the
county which they locate. We use coarsened exact matching (CEM). By doing so, we attempt
to reduce the imbalance in the covariates between the treated and control groups. CEM uses
monotonic imbalance bounding (lacus et al. 2012) and is shown to be more effective in
achieving lower levels of imbalance, model dependence and bias than other commonly used
matching techniques, such as propensity score matching (Blackwell et al. 2010; lacus et al.

2012; King & Nielsen 2019).

Once the data are matched, we then calculate the average treatment of solar panels by

including CEM weights in linear regression, as suggested by Blackwell et al. (2010).

3. Results

3.1.  Results from the Meta-Learner Algorithms

The results from the various meta-learner algorithms are presented in Table 3. The average
treatment effect calculated using S-Learner algorithm is 0.068, indicating that houses with solar
panels command 6.8 percent selling price premium. The results are almost identical when we
use T-learner (6.9 percent). Results from the X-Learner, R-Learner and DR-Learner algorithms
point to a similar selling price premium of more than 6 percent for solar houses (varied between

6.2 percent to 6.8 percent).

These results are consistent with the literature documenting a positive selling price
premium for houses with solar panels. Though, the premium we find is relatively larger than
the ones noted for California by Dastrup et al. (2012) and Hoen et al. (2012) and for Australia
by Ma et al. (2015) and Lan et al. (2020). Several factors might have contributed to this

difference. First, it may simply be the case that we focus on the UK market and there may be
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higher returns to solar panels in the UK. Our findings correspond to a period when the
installation of solar panels was actively promoted by the UK government. However, the
difference may also be related to the fact that we employ causal machine-learning tools which
have not been used in the relevant literature before. For the UK residential market, there is
prior evidence for the effect of EPC ratings on the selling prices; Fuerst et al. (2015) find that
properties in EPC Bands A and B ask for 5 percent selling price premium while for those in
Bands C, the premium is 1.8 percent. Although direct comparison is still not achievable, our

findings signal a slightly more pronounced return to green properties.

[Table 3 around here]

In order to explore whether there are any changes in the sale premium for solar houses
over the years, we repeat our analyses separately for each year (see Table 4, panel A). Generally
speaking, there is a declining trend in returns to solar panels over the years, aside from some
exceptions. This result is expected as the cost of installation has dropped significantly over
time, and the share of houses with solar panels has increased. Some meta-learners (especially
DR- and T-Learner) indicate a notable rise in returns to solar panels from 2017 to 2018. This
might simply be because of the smaller sample size of the 2018 data. One may also speculate
that this may be a reaction to the expected cease of the FiT scheme in 2019, as the FiT belongs

to the installation not to the owner of the house.*?

Next, we investigate whether there are any regional variations in returns to solar panels
(see Table 4, Panel B). The highest returns to solar panels are seen in Northern regions,
Yorkshire and Wales. There might be various reasons behind this finding which we cannot test

directly. Though, one possible mechanism might be related to the relatively higher poverty

12\When the property under a FiT scheme is sold, the payments are transferred to the new owner for the
remaining period. FiT remains in effect for 10-25 years subject to the type of the system. The UK
government had announced in 2015 that the FiT generation tariffs would be ceased in 20109.
(https://tinyurl.com/3avmepr4).
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rates in these regions when compared to the rest of the country, which could potentially make
the houses with solar panels more valuable due to the potential cost savings they can offer.'
Amongst these regions, the share of solar panels is notably lower in Wales. In addition to the
value people attach to energy-efficient alternatives, perhaps this signals the possibility of
“exclusivity” in that the small number of houses with solar panels stand out as ones with a
unique character across neighbourhoods and attract high-end and/or environmentally conscious
buyers. In this sense, looking into the returns to solar panels at different ends of the sale market

can also be informative.

Table 4 (Panel C) presents the returns to solar panels across different price groups. The
highest returns to solar panels are observed in the lowest and the highest price groups, further
supporting the exclusivity argument. For the lowest quintile (where we have the smallest share
of houses with solar panels), in addition to potential cost savings, people may pay a premium
to the houses with distinctive characteristics. Here, it is also possible that any price increase
attached to the installation of a solar panel is likely to be higher for the houses at the lowest
price band, making solar panel installation a valuable investment. For the highest quantile,
cheaper running costs and the sentimental value of investing in green properties may be the

driving factors.

[Table 4 around here]

3.2.  Results from the Hedonic Pricing Model and the Matched Sample

The results from the hedonic pricing model estimated by OLS are presented in Table 5. In the
first specification (Specification 1), we only include the variable indicating the presence of
solar panels while controlling for the year the properties enter the market and the location (i.e.,

the counties). The coefficient for “Solar” in this specification is 0.207. This suggests that

13 Data on UK poverty rates by region can be found at https://tinyurl.com/4jsuwuv9.
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houses with solar panels are associated with 20.7 percent higher sale prices in comparison to
those without solar panels. When the model controls for size-related variables (number of
bedrooms and bathrooms), this premium goes down to 10.4 percent (Specification 2). Once all
the property characteristics are controlled for (including the type of the property and whether
the house is refurbished; Specification 3), the size of the solar premium drops to 7 percent. The
selling price premium based on Specification 3 is close to the ones illustrated by the meta-

learner algorithms.

[Table 5 around here]

In the next step of our analyses, we match the houses which are almost identical across
all the covariates that we can control for aside from the presence of a solar panel. We then
compare the selling price of pairs of properties with and without solar panels. The average
treatment calculated using the data matched by CEM are shown in Table 6. Results from the
matched sample document a positive yet relatively smaller selling price premium for the houses
with solar panels. The average treatment effect for houses with solar panels is 0.042, indicating

a 4.2 percent sale premium.

[Table 6 around here]

Therefore, the results are somehow sensitive to the methods we use. Although they all
point to a positive effect of solar panels on selling prices as with the meta-learner algorithms,
the extent of the selling premium varies across the models with matched and unmatched
samples. For comporison purposes, we also looked at the yearly and regional differences and
the changing returns across the price quantiles. Overall, results from these attempts were
qualititatively similar to the ones we received from meta-learner algorithms (see Appendix

Table Al).
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4. Conclusion

In this paper, we explore the returns to solar panels by focusing on their effect on the sale prices
in the UK housing market. Drawing on the most recent and encouraging developments in causal
machine learning methods, we attempt to estimate the effect of solar panels on selling prices.
Utilizing these additional tools alongside the traditional methods is a worthwhile effort and can
provide further insights into the real estate literature and the value of investing in energy-

efficient, green properties.

Using Zoopla property data with a rich set of information for almost 1.5 million houses
advertised for sale in the UK, we distinguish between houses with and without solar panels.
We rely on meta-learner algorithms, which are a class of causal machine-learning techniques.
Accordingly, we estimate the average treatment effect of solar panels using S-Learner, T-
Learner, X-Learner, R-Learner and DR-Learner. Our results from these different meta-learners
show a selling price premium above 6 percent (ranging from 6.2 percent to 6.9 percent)
associated with houses with solar panels. Considering that the average selling price is £230,536
in our sample, the selling price premium of around 6.2 percent to 6.9 percent corresponds to an
additional £14,293 to £15,906 selling price for the houses with solar panels. Our results are
robust when we repeat the analysis using the hedonic pricing model or when we estimate the
average treatment effect on a matched sample matched using CEM, although the latter points

to a relatively smaller selling premium.

By expanding the previous literature with a novel methodological approach, our results
further stress that energy efficiency and/or environmentally conscious choices are capitalized
into home values. From a policy perspective, this robust evidence can encourage consumers
and potential sellers to opt for energy sources that are sustainable and good for the environment.
This should also motivate governments to provide further incentives to reduce the cost of going
green while reaching targets towards tackling climate change and carbon externalities from
energy consumption. Our results also document regional variations in returns to solar panels,
with the highest returns observed in the North, Yorkshire and Wales. The returns also vary
across the selling price distribution; they are higher at the lowest and highest price quintiles.

These additional results further stress that people value houses that come with potential energy-
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saving prospects and purchase of a solar house could have a sentimental value. Although the
cost of solar PV installation has decreased noteworthily in the UK over the years, continuation
of policies aimed at reducing the cost of solar panel installation remain worthwhile, especially
in neighborhoods where the shares of solar panels are lower and poverty rates are higher. In
this regard, grants such as ECO4 targeted at improving energy efficiency (including solar panel
installation amongst many other uses of grant) of low-income households in the UK are

crucially important.
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Table 1 Descriptive Statistics

Full No Solar Solar Difference
Log-price 12.187 12.186 12.396 -0.210***
(0.564) (0.564) (0.514) 0.006
Property characteristics
Number of bedrooms 2.974 2.973 3.294 -0.322%**
(0.787) (0.786) (0.817) 0.009
Number of bathrooms 0.550 0.549 0.787 -0.238***
(0.724) (0.723) (0.892) 0.008
Refurbished 0.035 0.035 0.035 0.001
(0.184) (0.184) (0.183) 0.002
Type
Terraced house 0.346 0.347 0.180 0.167***
(0.476) (0.476) (0.384) 0.005
Detached house 0.535 0.534 0.636 -0.101***
(0.499) (0.499) (0.481) 0.006
Bungalow 0.119 0.118 0.184 -0.066***
(0.324) (0.323) (0.388) 0.004
Observations 1,433,155 7,698 1,425,457

Note: Solar category includes listings which contain “solar” in their description. Log-price is the natural logarithm
of the transaction price. Number of bedrooms and Number of bathrooms are continuous variables. Refurbished is
a dummy variable that takes the value of one if the property is refurbished and zero otherwise. Property type
categories are Detached house, Terraced house and Bungalow (each is dummy variable taking the value of one if

the property belongs to the relevant category and 0 otherwise). Standard deviations are in parentheses.
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Table 2 Percentage of houses with solar panels across years and regions and price groups

Panel A: across years and regions

Number of
2012 2013 2014 2015 2016 2017 2018 Total observations
East Midlands 0.37 0.47 0.63 0.76 0.80 0.97 1.38 0.70 147,065
East of England 0.29 0.38 0.44 0.50 0.76 0.95 0.81 0.54 193,011
Greater London 0.13 0.14 0.15 0.18 0.19 0.36 0.25 0.19 78,043
Northeast England 0.20 0.30 0.54 0.90 0.79 0.90 1.15 0.60 50,456
Northwest England 0.14 0.30 0.31 0.37 0.41 0.43 0.61 0.35 184,190
Southeast England 0.40 0.52 0.52 0.51 0.67 0.82 0.92 0.58 239,329
Southwest England 0.46 0.59 0.70 0.87 0.79 1.17 1.05 0.77 171,425
West Midlands 0.22 0.27 0.38 0.41 0.51 0.57 0.42 0.40 151,098
Yorkshire and the Humber 0.23 0.36 0.51 0.68 0.76 1.08 1.15 0.60 149,409
Wales 0.26 0.21 0.31 0.52 0.55 0.74 0.59 0.44 69,129
Total 0.29 0.40 0.47 0.56 0.64 0.80 0.84 0.54 1,433,155
Number of observations 137,426 269,952 322,803 247,492 213,704 185,678 56,100 1,433,155
Panel B: across price groups
1% Quintile 2" Quintile 3" Quintile 4™ Quintile 5™ Quintile
0.25 0.41 0.57 0.7 0.76
Number of observations 726 1,194 1,615 2,006 2,157
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Table 3 Treatment effects based on meta-learner estimators

Meta learners Treatment effect %95 CI

S-learner 0.068 (0.061), (0.076)
T-learner 0.069 (0.062), (0.075)
X-learner 0.062 (0.056), (0.068)
R-learner 0.063 (-0.006), (0.115)
DR-learner 0.064 (0.058), (0.071)

The outcome of interest is the natural logarithm of the sale price. The treatment group includes properties with
solar panels; the treatment indicator takes the value of 1 if the property description mentions solar panels and 0
otherwise. The models include the number of bedrooms and number of bathrooms as features. Additional features
include refurbishment (captured by a dummy variable that takes the value of 1 if the property is refurbished and
0 otherwise), property type categories (detached house, terraced house and bungalow, each is dummy variable
taking the value of one if property belongs to the relevant category and zero otherwise) along with the county
where the property locates and the year property enters the market. R-Learner standard errors are bootstrapped.
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Table 4 Treatment effects based on meta-learner estimators by years, regions and price groups

S-learner T-learner X-learner R-learner DR-learner
Panel A: Years
2012 0.106 0.101 0.076 0.066 0.090
[0.074, 0.139] [0.081, 0.121] [0.056, 0.095] [-0.004, 0.126] [0.064, 0.116]
2013 0.096 0.096 0.082 0.075 0.083
[0.076, 0.116] [0.081, 0.111] [0.067, 0.097] [0.014, 0.142] [0.066, 0.100]
2014 0.068 0.065 0.06 0.065 0.070
[0.052, 0.085] [0.053, 0.077] [0.048, 0.072] [-0.001, 0.115] [0.056, 0.084]
2015 0.078 0.073 0.058 0.057 0.067
[0.062, 0.094] [0.061, 0.084] [0.047, 0.069] [0.009, 0.099] [0.054, 0.08]
2016 0.067 0.066 0.054 0.059 0.055
[0.051, 0.083] [0.054, 0.077] [0.042, 0.066] [0.015, 0.105] [0.042, 0.069]
2017 0.054 0.055 0.042 0.054 0.050
[0.038, 0.071] [0.044, 0.067] [0.03, 0.054] [-0.011, 0.082] [0.037, 0.063]
2018 0.059 0.082 0.047 0.054 0.085

[0.033, 0.086]

[0.067, 0.097]

[0.031, 0.062]

[0.017, 0.085]

[0.064, 0.107]

Panel B: Regions

East Midlands
East of England
Greater London
Northeast England
Northwest England
Southeast England
Southwest England

West Midlands

0.064
[0.047, 0.081]
0.045
[0.024, 0.067]
0.064
[0.018, 0.109]
0.079
[0.040, 0.117]
0.075
[0.039, 0.111]
0.060
[0.045, 0.075]
0.074
[0.058, 0.09]
0.046
[0.022, 0.07]

0.065
[0.054, 0.077]
0.041
[0.029, 0.054]
0.064
[0.035, 0.093]
0.079
[0.055, 0.102]
0.079
[0.053, 0.105]
0.053
[0.044, 0.062]
0.061
[0.05, 0.073]
0.028
[0.012, 0.043]
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0.067
[0.056, 0.079]
0.035
[0.022, 0.048]
0.06
[0.032, 0.089]
0.058
[0.035, 0.081]
0.064
[0.038, 0.09]
0.050
[0.04, 0.059]
0.060
[0.049, 0.072]
0.026
[0.011, 0.042]

0.064
[0.020, 0.102]
0.033
[-0.018, 0.092]
0.052
[-0.021, 0.156]
0.068
[0.014, 0.098]
0.069
[-0.078, 0.157]
0.047
[0.009, 0.094]
0.057
[0.019, 0.097]
0.030
[-0.021, 0.089]

0.060
[0.046, 0.075]
0.044
[0.026, 0.061]
0.091
[0.052, 0.129]
0.067
[0.034, 0.099]
0.065
[0.035, 0.095]
0.060
[0.048, 0.072]
0.061
[0.048, 0.075]
0.035
[0.015, 0.055]



Yorkshire and the Humber 0.096 0.112 0.099 0.101 0.129
[0.072,0.12] [0.096, 0.128] [0.083, 0.116] [0.059, 0.175] [0.11, 0.149]
Wales 0.108 0.111 0.089 0.084 0.103

[0.073, 0.144]

[0.095, 0.127]

[0.073, 0.104]

[0.015, 0.139]

[0.078, 0.129]

Panel C: Price Groups by Quintiles

1st Quintile 0.029 0.050 0.043 0.047 0.038
[0.014, 0.044] [0.041, 0.059] [0.034, 0.053] [-0.024, 0.087] [0.026, 0.051]
2nd Quintile 0.007 0.009 0.008 0.007 0.01
[0.002, 0.012] [0.005, 0.012] [0.004, 0.012] [-0.009, 0.023] [0.006, 0.015]
3rd Quintile 0.003 0.001 0.000 0 0
[-0.001, 0.008] [-0.002, 0.004] [-0.003, 0.003] [-0.011, 0.015] [-0.003, 0.004]
4th Quintile 0.006 0.003 0.003 0.004 0.002
[0.002, 0.010] [-0.000, 0.006] [-0.000, 0.006] [-0.011, 0.018] [-0.001, 0.006]
5th Quintile 0.021 0.025 0.023 0.021 0.022

[0.012, 0.030]

[0.018, 0.032]

[0.016, 0.029]

[-0.014, 0.062]

[0.014, 0.030]

The outcome of interest is the natural logarithm of the sale price. The treatment group includes properties with solar panel; the treatment indicator takes the value of one if the
property description mentions solar panels and zero otherwise. The models include number of bedrooms and number of bathrooms as features. Additional features include
refurbishment (captured by a dummy variable that takes the value of 1 if the property is refurbished and O otherwise), property type categories (detached house, terraced house
and bungalow, each is dummy variable taking the value of 1 if the property belongs to the relevant category and 0 otherwise) along with the county where the property locates
and the year property enters the market. 95% confidence intervals are in brackets. R-Learner standard errors are bootstrapped.
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Table 5 Hedonic price regression results

(1) () ©)
VARIABLES Log-price Log-price Log-price
Solar panel 0.207™" 0.104™" 0.070™"
(0.005) (0.004) (0.004)
Property characteristics
Number of bedrooms 0.293™ 0.269™
(0.000) (0.000)
Number of bathrooms (0.000) (0.000)
Refurbished 0.031™ 0.034™
(0.002) (0.002)
Property Type
Detached house 0.228™
(0.001)
Bungalow 0.376™
(0.001)
Observations 1,433,155 1,433,155 1,433,155
R-squared 0.446 0.621 0.671

The dependent variable Log-price is the natural logarithm of the sale price. Solar panel takes the value of 1 if the
property description implicitly mentions solar panels and 0 otherwise. Number of bedrooms and Number of
bathrooms are continuous variables. Refurbished is a dummy variable that takes the value of one if the property
is refurbished and zero otherwise. Property type categories are Detached house, Terraced house and Bungalow
(each is dummy variable taking the value of one if the property belongs to the relevant category and zero
otherwise). All specifications include the county and year dummies. Robust standard errors are in parentheses.

*** **and * correspond to 1%, 5% and 10% statistical significance levels, respectively.
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Table 6 Average Treatment Effect (ATT) based on the sample matched using Coarsened
Exact Matching (CEM)

Treatment=Solar CEM
ATT 0.049***
(0.006)
Treated (solar=1) 7,698
Untreated (solar=0) 1,425,457
Matched treated 7,678
Unmatched treated 20

The number of bedrooms and number of bathrooms, property type (detached house, terraced house and
bungalow), property being refurbished, property location (at the county level), and the year property enters the
market are used when matching the houses with and without solar panels. Standard errors are in parenthesis.
***Gtatistically significant at 1%.
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Appendix
Table Al Marginal effects calculated for having solar panels installed interacted with year,
region and price quartile dummies.

Panel A: Interaction with year dummies Dependent variable: Log(sale price)
2012 0.102™
(0.017)
2013 0.096™"
(0.011)
2014 0.070™"
(0.008)
2015 0.073™
(0.008)
2016 0.058™"
(0.008)
2017 0.056™"
(0.008)
2018 0.055™"
(0.013)
Panel B: Interaction with region dummies
East Midlands 0.094™
(0.010)
East of England 0.020
(0.012)
Greater London 0.038
(0.026)
Northeast 0.097"
(0.022)
Northwest 0.129"
(0.015)
Southeast 0.048™
(0.009)
Southwest 0.052""
(0.008)
Wales 0.137"
(0.020)
West Midlands 0.077"™
(0.014)
Yorkshire 0.124™"
(0.013)
Panel C: Interaction with price quartile dummies
1% quartile 0.030™"
(0.007)
2" quartile 0.005
(0.003)
3 quartile 0.009™"
(0.002)
4™ quartile 0.023™"
(0.005)
Observations 1,433,155

The dependent variable Log-price is the natural logarithm of the sale price. Solar panel takes the value of 1 if the
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property description implicitly mentions solar panels and 0 otherwise. All other covariates are included in the
models. Robust standard errors are in parentheses. ***, ** and * correspond to 1%, 5% and 10% statistical
significance levels, respectively.
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