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Abstract 

The impact on energy performance certificates on housing prices has been 
investigated extensively in recent years. However, the results from these 
investigations are mixed. We add to the literature by more specifically controlling 
for potential biases by employing a combination of alternative approaches to 
estimate the causal relationship between house prices and energy performance 
certificates. We use a traditional hedonic modeling approach, but we are 
additionally using propensity score methods to be able to compare treated houses 
with a control group. We also investigate the impact of outliers, spatial 
dependency, and parameter heterogeneity of our estimates. Moreover, we use 
quantile regression technique to test the hypothesis that the capitalization effect 
varies across the price distribution. Our results indicate there is an upward bias if 
we are not controlling for outlier and selection bias. Regardless of the propensity 
score method approach, the results are lower than a model (around 3 percent 
capitalization compared to 6 percent). However, our results do not support that 
the impact of energy performance certificates varies in the price distribution. 
Consequently, the certificates are not differently capitalized in the high-end 
housing price segment. Finally, our results do not support the hypothesis that the 
energy performance certificate should be more capitalized into house prices in the 
northern and colder parts of Sweden than in the south of Sweden. 

Keywords: energy performance certificates, climate, hedonic price 
equation, selection bias, propensity score method 
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1. Introduction 

The importance of housing on climate change cannot be underestimated. According to some estimates, 

the building sector accounts for as much as 40 percent of total energy consumption. Energy consumption 

can be derived from the construction of the building, but as much as 70 percent of the energy 

consumption comes from the operation of the buildings (see, e.g., Takano et al., 2015). According to 

statistics from Eurostat, the residential sector represents 25 percent of final energy consumption in the 

EU. 

Moreover, 65 percent of final energy consumption in the residential sector is for heating their homes. 

Energy cost is, therefore, a large proportion of household disposable income. In many countries have 

the energy cost as a percentage of total household expenditures increased. For example, the European 

Commission has estimated the share of income spent on energy to around 6 percent in Denmark, and 

the share is moderately higher in the Netherlands (Eckartz, 2016). Statistics Sweden has estimated that 

housing living cost as a percentage to disposable income is around 23 percent in 2014, and 5 percent of 

that is due to energy cost. The relationship between household income level and energy expenditure as 

a share of income is negative. Consequently, long-term energy efficiency policies like energy 

performance certificates or energy labeling of houses can play an essential role in decreasing greenhouse 

gas emissions from the residential sector but also potentially reduce the overall cost of energy for the 

households. 

Energy performance certificates (EPC) were introduced in the European Union in early 2000 to support 

reaching energy efficiency targets (the Energy Performance of Buildings Directive (2002/31/EC1; 

2010/91/EU2). Sweden has had an EPC database since 2007 (Arcipowska et al., 2014) and according to 

Mangold et al. (2015), 82 percent of the buildings in Sweden have an EPC. An EPC provides information 

on the energy consumption of the building. An independent certified energy expert produces it upon a 

request by the owner of the building, and the EPC is valid for ten years. In Sweden, it is a governmental 

body (Boverket) that is in control of qualified experts’ accreditation. An on-site visit is a mandatory 

requirement to issue an energy performance certificate (Arcipowska et al., 2014). The EPC comprises 

information about energy consumption for heating, cooling and water, the electricity in the building, 
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overall energy performance measured in kilowatt-hour (kWh) per square meter as well as the heating 

and ventilation systems. To compare buildings with each other, an energy classification, such as EPC 

grade, is included in the certificates. The A–G rating scale is similar to those used for refrigerators and 

other electrical appliances. Energy grades A stands for low energy consumption (50 percent of the 

requirement for a new building), and G stands for high energy consumption (235 percent of the 

requirement for a new building).  

EPC undoubtedly has the potential to become a vital piece of valuable information for the consumer of 

housing and should, therefore, be capitalized into housing values. Amecke (2012) presented a 

comprehensive survey done on German homeowners about the possible impact of EPC but arguing it 

typically has only minor importance in the purchasing situation. They claim that one of the reasons for 

this is that only a small part of the dwellings in Germany, at the time, have an EPC grade. Moreover, 

they argue that homeowners do not trust the rating, and it is difficult for the potential buyer to grasp the 

financial implication of the EPC. To conclude, they argue; therefore, that energy performance is a 

housing characteristic of minor importance. More important are, for example, location and size. Trusting 

the EPC grade is, of course, central, and consequently, the quality of the EPC is essential for trusting 

the grade. For example, Hårsman et al. (2016) investigated the quality of the EPC itself. They concluded 

that there was room for improvement. They even argued that EPC did not add any novel information for 

the potential buyer, and therefore the price impact should be limited.  

Over recent years, the research on the EPC capitalization effect on housing prices has been quite 

substantial. Most recent articles are, for example; Jensen et al. (2016) in Denmark, Fuesta et al. (2016) 

in Wales, Wahlström (2016) in Sweden and Ayala et al. (2016) in Spain. The results have, though been 

mixed. Some find substantial price premiums for high grades, while others find no premium at all. 

Hyland et al. (2013) investigated the housing market in Ireland, and their results suggest that an A-rated 

house receives a price premium of 9.3 percent compared to a D rating. Moreover, a B rating increases 

the price by 5.2 percent. Jensen et al. (2016), for example, are investigating the market response of the 

EPC grades on housing prices in Denmark over the period 2007 and 2012 with a data set of 117,000 
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observations including house prices and housing characteristics. The price premium for the rating A/B 

is around 6.6 percent (compared to the default rating D). Moreover, Fuerst et al. (2016) is investigating 

the impact of EPC grades using 192,000 observations in Wales over the period 2003 to 2014. The 

estimated price premium is highly statistically significant with a price premium of as high as 12-13 

percent for the rating A/B (compared to the default rating D). 

On the other hand, Wahlström (2016) investigated the impact of energy performance on the Swedish 

single-family house prices in 2009 and 2010. Her result indicates there is no price premium at all. 

Högberg (2013) is also investigating the Swedish housing market. Her result shows that energy 

performance has a positive impact on house prices. However, she only used a limited sample of 1,000 

observations. Cerin et al. (2014) results (also concerning Sweden) suggest that energy performance 

mainly has an impact on properties built before 1960 and in the low-price housing segment. Ayala et al. 

(2016) investigate the price of energy efficiency in the Spanish housing market using a data set of 1,500 

transacted homes. The explanation power of their hedonic model is on the lower side, and the estimated 

parameter concerning A-D EPC label is equal to a price premium of 5.4 percent. A recent article by 

Fuerst et al. (2016) is the Finish apartment market analyzed. Their findings suggest a premium of 3.3 

percent for apartments with an A/C energy performance rating. Even after controlling for maintenance 

cost, including energy cost, a premium of 1.3 percent is present, that is, EPC rating is capitalized with 

more than what is expected. The authors describe this as a green signaling effect. 

Bruegge et al. (2016) investigates the "Energy Star" certification on residential homes in Florida using 

data from 1997 to 2009. They show there exists a price premium for new homes, but the effect is smaller 

after a couple of years as the property age, contradicting Cerin et al. (2014) results. For newly built 

houses the price premium for Energy Star is about 1.2 percent. Recently, Zhang et al. (2018) also 

analyzed the US housing market, whether Energy Star certification provided any impact on sale prices 

on the Atlanta housing market between 2007 and 2010. The sample consists of around 12,000 homes, 

of which 343 are certified green homes. Their estimations show that homes that earn an energy certificate 

were sold with a premium of almost 12 percent. That is, substantially higher than Bruegge et al. (2016) 

estimates.   
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As observed, the estimated impact of energy performance is positive in most cases, but the effect varies 

a lot. The purpose of the present paper is to control for potential biases that can affect some of the earlier 

articles. That said, in the present paper, the key objective is to estimate the willingness to pay for high-

energy performance in housing. That is, our primary focus is the causal relationship between house 

prices and EPC. Our main contributions are; (1) data over a more extended period compared to earlier 

studies and in different climate zones, (2) controlling for the impact of outliers more effectively in the 

data set, (3) controlling for selection bias by using the propensity score method and (4) controlling for 

spatial dependency as well as (5) estimating the impact in the price distribution with quantile regression. 

The disposition of the paper is as follows: section two presenting the theoretical framework and used 

methodology, that is, the hedonic theory and the propensity score method. Section three presents the 

empirical analysis, and finally, we summarize and conclude in section four. 

2. Theoretical framework and used methodology 

Used conceptual framework is the classical hedonic theory introduced by Rosen (1974). Essentially, a 

hedonic equation is a regression of house prices against housing attributes and neighborhood 

characteristics that determine these prices. We can interpret the regression coefficients as estimates of 

the implicit prices of these attributes, that is, the marginal willingness-to-pay. Numerous articles have 

been published using the hedonic price model. Besides including housing attributes in our model, we 

are including an indicator for the energy performance of the house. It is not an attribute in the sense that 

it is a good. Instead, it is an indicator measuring the quality of the house concerning energy consumption. 

The estimated parameters concerning the energy performance can be interpreted as the willingness to 

pay for it. 

The focus here is the unbiased estimation of the hedonic price equation. However, some problems can 

create biases in the estimated parameters. One problem in large data sets and with many used variables 

is that it is difficult to detect for potential outliers. Another problem is endogeneity issues caused by 

selection bias or reversed causality. Another problem is the presence of spatial dependence and 

parameter heterogeneity. In addition, other problems that may occur are omitted variables bias, 

heteroscedasticity issues, and multicollinearity. 
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As Schumacker et al. (2002) emphasize, in analyzing data, applied researchers need to consider robust 

estimation methods for, for example, outliers. Zhang et al. (2016) also highlight the importance of 

eliminating the influence of outliers. They remove outliers based on two standard deviations from the 

mean of the dependent variable price and the independent variable size. However, the impact of outliers 

on estimated parameters is more complexed than that. Therefore, as a pre-test of the data used in the 

study, we are detecting outliers with several different measures. We are following the process laid out 

in Rousseeuw and Leroy (1987). In the first step, we are estimating a hedonic price equation; we firstly 

detect outliers with Cook’s D following by analyzing the absolute residuals. That is, the most influential 

observations are excluded, and then observations with large absolute residuals are down-weighted by an 

iterative process where observation weights are recalculated until convergence (see Huber, 1964 and 

Beaton and Tukey, 1974). Berk (1990) provides a comprehensive description of the methodology. In 

the present study, weights smaller than the 25th percentile of the distribution of the weights are excluded 

in the proceeding analysis.  

Many of the preceding cited articles analyzing the impact of EPC on house prices are adopting the 

hedonic framework. Just a few of them are addressing the problem of selection bias. The selection bias 

means there is a risk that there is a different probability that the observations are included in the sample. 

Another related endogeneity problem comes from the fact that high-price areas might attract housing 

investment with high EPC grades. That is, the causality goes in both directions. The propensity score 

method is addressing these problems. 

Therefore, in the following step, we are analyzing for potential impact of selection bias with the 

propensity score method. Rosenbaum and Rubin (1983) proposed the propensity score matching as a 

method to reduce the bias in the estimation of treatment effects with non-randomized data sets. The main 

idea is that matching treated (EPC of A/C rating) with control observations (EPC D/G rating) reduces 

the bias by controlling for observed heterogeneity between the treated group and the control group. The 

propensity score method has been used in this context in, for example, Jauregui et al. (2015) and 

Andersen and Nielsen (2017). Jensen et al. (2016) are, however, addressing the selection bias problem 

differently. Denmark was one of the first countries that implemented EPC. By dividing the period before 
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and after the public display of the rating in 2010, they can investigate the effect of it by using a 

difference-in-difference approach. Their results indicate the impact of the grade is relatively modest 

before 2010 and substantial after 2010. Regrettably, it is impossible to adopt this approach with the 

Swedish data we have access to. 

In the analysis, we estimate the propensity scores with logistic regression (logit model)1. The 

effectiveness of the methods depends on how well we can control for the heterogeneity between the 

treatment and control group. The balancing property states that the propensity scores and characteristics 

between the groups should be equal. We, therefore, test for this. 

We are using three different approaches to adjust the hedonic price equation (see, e.g., Austin 2011 for 

a useful review of different propensity score approaches). First, we are using a multivariate approach 

where the propensity scores are used as either a covariate, the same way as Hyland et al. (2013) are 

using Mill's ratio, or as in Reichardt (2013), the inverse of the propensity score is used as sample weights. 

Reichardt (2013) is utilizing this method when analyzing the effect of a rent premium of energy star and 

LEED-certified buildings. Hirano et al. (2003) demonstrate that weighting by the inverse of the 

propensity score leads to an efficient estimate of the treatment effect. Second, we are using a propensity 

score matching where we are using nearest neighbor matching, and radius matching. Only matched 

observations are used in the hedonic price equation (a similar approach in the real estate context has 

been used in Ding et al., 2011; Holupka and Newman, 2012; and Liu et al., 2013). Third, we are using 

stratification matching where a number of strata are constructed based on the distribution of the 

propensity scores. The strata are then used as fixed effects in the hedonic price equation. 

Quantile regression is used to test the hypothesis that the capitalization effect of the EPC varies in the 

price distribution. The estimation of quantile regression models aims to examine whether house prices, 

in the presence of high EPC grading, display an asymmetric behavior across the price distribution. The 

quantile regression model is in this respect more flexible than ordinary least squares (OLS). For a 

description of the method, see earlier work by Koenker and Bassett (1978). For examples of recent 

                                                           
1 pscore in Stata (see Becker and Ichino, 2002). 
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applications of quantile regression models, see McMillen (2008), Ceccato and Wilhelmsson (2011), 

Liao and Wang (2012), Zahirovich-Herbert and Gibler (2014), Zhang and Wang (2016), Zhang (2016), 

Amédée-Manesme et al. (2016), and Waltl (2016), as well as two recent papers by Rajapaksa et al. 

(2017) and Yoo and Frederick (2017). All these articles indicate quantile regression analysis is suitable 

for a segmented housing market. Zietz et al. (2008) was one of the first to use quantile regression in a 

hedonic modeling framework. The authors conclude some of the variation in estimated hedonic implicit 

prices derives from the fact that housing attributes are not priced the same across the price distribution. 

Hence, it is of interest to analyze whether the EPC effect is equal across the price distribution. The 

quantile regressions are estimated using only matched samples and without influential observations 

(outliers). 

Finally, we are controlling for spatial dependency with spatial autoregressive models (see, e.g., 

Wilhelmsson, 2002, for an overview of the spatial hedonic models). Fuerst et al. (2016) are addressing 

the spatial dependency problem by including fixed effects (postal code) in the hedonic price equation. 

However, solving the spatial dependency problem by only adding fixed location effects may be 

insufficient to reduce the problem. We have, therefore, estimated a spatial error model (SEM), spatial 

autoregressive model (SAR), and a spatial Dubin model (SDM) to find out whether we have any bias in 

our results. We are implementing two variations of inverse distance as the spatial weight matrix. We are 

following Elhorst's (2010) testing procedure by first estimate OLS and after that using Moran's I for 

testing for spatial dependence. In the following step, we are estimating the SDM and using the log-

likelihood ratio test (LR-ratio) to test SDM against SEM and SAR. The spatial weight matrix is a 

distance-based using inverse distance and inverse distance with a distance. The choice of spatial weights 

matrix is going to be based on goodness-of-fit measures like R2, AIC, and BIC. 

Omitted variable bias is addressed in a couple of published papers. In the present study, one omitted 

variable represents the quality of the house, which is potentially highly correlated to EPC. Houses with 

a high EPC grade are most certainly also of higher quality in other aspects. This will cause an upward 

bias in our estimate of EPC grade. To some extent, the quality is correlated with age that used in the 

propensity score matching. Hence, the problem should be of lesser magnitude. In the literature, omitted 
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variable bias has been handled by restricting the sample in various ways. Wahlström (2016) is limiting 

the data set into several sub-markets (age groups and regions) to test the robustness of the estimates. 

Fuerst et al. (2016a) on the other hand, restricting the data set by only including data from 2000.   

Wahlström et al. (2016) include the number of days with frost per year as one of the covariates into the 

hedonic price equation. The impact of the climate is highly significant in house prices. However, they 

do not test whether climate has an effect on the capitalization of EPC into house prices. We are testing 

the robustness of the estimates (parameter heterogeneity) by a spatial drift model that is testing the 

hypothesis whether estimated parameters are constant in space. Zhang et al. (2016) are addressing 

parameter heterogeneity with a spatial drift model across school districts. In a high-quality school 

district, the green housing certificates have a higher estimated impact on house prices (from 7.4 percent 

in low-quality school districts to 16.3 percent in high-quality school districts). We hypothesize that in 

colder areas in the northern part of Sweden and therefore were the energy cost higher, a house with a 

higher EPC grade should be capitalized into house prices to a higher degree. 

3. Empirical analysis 

In the empirical section, we are first presenting the data utilized in the study. After that, in step 1, we 

pre-test the data for outliers before we in step 2 presents descriptive statistics. Propensity scores are 

estimated in step 3, together with two different matching approaches before the final hedonic price 

equation is estimated in step 4. In step 5, the capitalization effect is estimated both on the average and 

across the price distribution. In step 6, we are testing the robustness of the estimates by estimating a 

spatial lag model and a spatial drift model. Moreover, in step 7, we are testing whether the capitalization 

is higher in the northern part of Sweden. 
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Data 

We are using data from Sweden covering the period between 2013 and 2018. In all, we can utilize more 

than 100,000 single-family housing arm-length sales in all municipalities in Sweden. Mäklarstatistik 

AB provides the data.  

As the dependent variable is the natural logarithm of house prices used, based on transaction price when 

the contract was signed. The variables included in the data are besides price (restricted to higher price 

than 340,000 SEK) the independent variables EPC, living area (less than 300 square meters), number of 

rooms (less than 10 rooms), plot size (larger than 1,000 square meters and smaller than 25,220 square 

meters), age and contract date (sale year after 2012) as well as information about location measured by 

longitude and latitude. 

Our key variable is EPC grade. To make our results somewhat comparable to some of the earlier studies, 

we are testing the hypothesis of a price premium of EPC grade A/C to the default grade D/G. That is to 

say; A-C is the treatment, and D-G is the control group if we are using Rosenbaum and Rubin (1983) 

terminology. Hence, the variable EPC is a binary variable where one is equal to the treatment group, 

and zero is equal to the control group. 

Step 1: Pre-test of data 

The preliminary hedonics price equation is estimated, and regression observation weights are calculated. 

As said, the natural logarithm of the price is used as dependent variables and included co-variates are 

EPC (binary variable indicating one for A-C grade), living area, number of rooms, plot size, age, and 

location as well as fixed monthly effects and fixed municipality effects. The coefficients concerning the 

default hedonic model are presented in Table 3. In figure 1 shows the distribution of estimated regression 

observation weights exhibited. 
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Figure 1.  Estimated regression weights 

 

The average regression weight is equal to 0.9, and the median is equal to 0.96. The standard deviation 

of the regression weights is equal to 0.13. At the percentile 0.25, the regression weight is equal to 0.87, 

which we are using as a cut-off value. After deleting potential outliers (around 20,000 outliers or 20 

percent of the original data), the data set consists of 73,000 transacted single-family houses after the 

deletion of the outliers. More than 5,000 of them are treated, that is, has an EPC grade of A-C and less 

than 68,000 are in the control group.  

Step 2: Descriptive analysis 

In figure 2 exhibits the distribution of EPC grades in the sample exhibited. The average grade is equal 

to D, and the median grade is equal to E. There are relatively few houses with grade A in the sample, 

around 1 percent and additional 6 percent with grade B. However, if we are investigating houses younger 

than 10 years, we can observe that more than 3 percent have grade A, and almost 19 percent have grade 

B. The median grade among homes built the last 10 years is C. Hence, this fact highlights the potential 

bias that might exist in the sample and force the use of propensity score method. 
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Figure 2.  Frequency EPC grades 

 

Table 1 shows descriptive statistics concerning the dependent variable and the independent variables for 

the treatment group, the control group, and all. 

Table 1.  Descriptive statistics in the treatment and control group. 

  Mean and standard deviation (within brackets) 

 Treatment Control Total 
Price 3,193,816 3,157,839 3,160,497 
 (1,874,043) (1,871,989) (1,872,152) 
Living area 141 130 131 
 (38) (37) (37) 
Number of rooms 5.50 5.18 5.21 
 (1.30) (1.34) (1.34) 
Age 43 50 50 
 (28) (28) (28) 
Plot size 2639 2266 2294 
 (18,506) (16,392) (16,558) 
Year-month 2016-04 2016-02 2016-02 
 (126) (128) (128) 
Latitude 59.50 58.46 58.54 
 (2.54) (2.08) (2.13) 
Longitude 15.61 15.19 15.22 
 (2.82) (2.54) (2.56) 
    
Number of observations 5,397 67,661 73,058 

 

The price difference between the treatment group and the control group is small and not statistically 

significant. On the other hand, some of the housing attributes differ substantially between the treatment 

0

5

10

15

20

25

30

35

A B C D E F G

All Age less than 10 years



14 
 

group and the control group. For example, the size of the houses in the treated sample is around 141 

square meters compared to only 130 square meters in the control group. We can also observe that the 

average age is lower in the treatment group. That is, it is more likely that a new larger house also has a 

higher EPC rating than an older and smaller home. This selection bias can potentially have some 

consequences when we estimate the EPC effect on housing prices.  

Step 3: Propensity score method 

In the first step of the propensity score matching, we have estimated the propensity score with logistic 

regression where treatment is the dependent variable and a set of housing attributes such as living area, 

age, plot size and number of rooms as well as location attributes such as longitude, latitude, municipality, 

and county. Time is also included in the propensity score model. Figure 3 displays the propensity score 

of the logistic regression.  

Figure 3.  Propensity score, logistic regression. 

  

The explanation power is on the lower side. However, the primary goal with the propensity score model 

is not to maximize the goodness to fit; the goal is to create as small differences between treated and 

0
5

10
15

D
en

si
ty

0 .2 .4 .6 .8 1
Pr(treatment)



15 
 

untreated as possible. Austin (2011) is proposing to start comparing the similarity between the groups 

in the matched sample by comparing means, medians, and standard deviations. As the following step, 

we are therefore applying propensity score matching. As said earlier, we are performing two different 

types of matching, specifically the nearest neighbor and radius. Table 2 exhibits the average values for 

some main attributes for the treated properties and control groups.   

Table 2. Balancing property, matched samples using nearest neighbor and nearest neighbor 
within radius. Average and standard deviation (within brackets). 

 

 

 

 

 

 

 

 

 

 

The first thing that we can observe is that there are small differences between the matching methods; 

they all produce almost the same matching transactions. Moreover, the number of treated transactions 

is nearly the same, and the control group is slightly smaller than the treated group. The total sample of 

matched transactions is considerably more limited than the total number of observations that we initially 

used. The difference in average values concerning the housing attributes is small. None of them are 

statistically significant at a 5% percent significance level. The difference in the matched sample with 

the unmatched sample is substantial. Compared with the statistics in Table 1, the matching procedure 

control for all differences. Based on this, we are confident we have balanced the data set effectively. 

 Nearest neighbor  Within 
radius 

 

 treated control treated control 
Age 43.34 44.39 43.36 44.38 
 (28.03) (26.96) (28.03) (26.96) 
Living area 141.12 139.19 141.08 139.21 
 (37.63) (38.37) (37.57) (38.41) 
Plot size 2631.79 2269.77 2632.25 2269.82 
 (18584) (17186) (18589) (17185) 
Number of rooms 5.50 5.44 5.50 5.44 
 (1.29) (1.33) (1.30) (1.33) 
Year- month 2016-04 2016-1 2016-04 2016-01 
 (126.58) (126.33) (126.57) (126.32) 
Latitude  59.51 59.31 59.51 59.31 
 (2.47) (2.47) (2.54) (2.47) 
Longitude 15.62 15.53 15.62 15.53 
 (2.83) (2.79) (2.83) (2.79) 
Price 3,198,484 3,297,273 3,196,713 3,297,606 
 (1,874,003) (2,046,237) (1,873,035) (2,046,121) 
     
Number of 
observations 

5,326 4,360 5,323 4,361 
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Concerning the price, the difference in average price in the treated and the control group is not significant 

and more surprising the difference has the wrong sign. 

Step 4: Hedonic price equation 

The next step is to run the hedonic regressions. The default model is a model where the outlier and 

selection bias is uncontrolled. The second and third model control for outlier and selection bias by using 

influential weights and the propensity score directly into the hedonic price equation. We are first 

including propensity score as a covariate (model name Multivariate 1) and by using the inverse 

propensity score as sample weights (Multivariate 2). Next, we are controlling for selection bias by only 

using the matched sample, namely by the nearest neighbor (Matched 1) and within a radius (Matched 

2). Finally, we are controlling for selection bias by using the estimated strata as fixed effects (Stratified). 

Table 3 exhibits the results from all the above models.  

Table 3. The preliminary hedonic price equation and with unmatched and matched samples. 

 Default Multivariate 
(1) 

Multivariate 
(2) 

Matched 
(1) 

Matched 
(2) 

Stratified 

EPC 0.0596 0.0322 0.0432 0.0311 0.0310 0.0328 
 (13.17) (9.36) (9.93) (6.24) (6.23) (9.67) 
Living area 0.0047 0.0044 0.0049 0.0047 0.0047 0.0041 
 (108.87) (113.88) (113.91) (55.60) (55.53) (104.19) 
Number of rooms 0.0348 0.0368 0.0478 0.0387 0.0387 0.0311 
 (28.93) (38.16) (41.69) (15.73) (15.69) (31.23) 
Plot size 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 
 (25.72) (15.38) (17.91) (10.45) (10.45) (27.14) 
Age -0.0016 -0.0016 -0.0018 -0.0030 -0.0029 -0.0010 
 (-38.73) (-32.48) (-37.29) (-31.27) (-31.20) (-19.48) 
Propensity score - 1.1272 - - - - 
  25.99     
Constant 54.9649 58.0831 51.1612 55.0238 55.0978 59.9495 
 (47.16) (46.70) (31.02) (21.17) (21.20) (61.77) 
Fixed strata effect No No No No No Yes 
Sample weights No No Yes No No No 
Fixed county and 
municipality effects 

Yes Yes Yes Yes Yes Yes 

Fixed time effects Yes Yes Yes Yes Yes Yes 
R2 adjusted 0.7490 0.8364 0.8256 0.8375 0.8374 0.8098 
Shapiro-Francia (p-value) 0.0000 0.0000 0.0000 0.0000 0.0001 - 
Breusch-Pagan (p-value) 0.0000 0.0000 - 0.0000 0.0000 - 
VIF (Treatment) 1.06 1.07 1.05 1.07 1.10 - 
No. of observations 94,597 72,181 72,181 9,686 9,684 72,022 

Note. In Multivariate (s) model propensity score used as an independent variable. In Multivariate (2) model is 
inverse of propensity score used as sample weights. The stratified modeling approach is using estimated strata 
from the propensity score rating as fixed effects. 
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Overall goodness-of-fit (adjusted R2) is around 74-84 percent which can be considered to be excellent 

and comparable to other hedonic price studies. The difference between the default model and the models 

controlling for outlier and selection bias is substantial. Estimated coefficients concerning living area, 

number of rooms and age are of reasonable magnitude, and they are all statistically significant. For 

example, one extra room is expected to increase the price with around 3 percent and a year older single-

family house will decrease the price by 0.16 percent. The estimates are also robust across specifications 

of the hedonic model. The EPC variable is estimated as lowest to be 3.14 percent (coefficient 0.031) in 

the Matched model 2 compared to 6.14 percent (coefficient 0.0596) in the Default model. That is 

equivalent to almost SEK 100,000 (Euro 9,278) and approximately SEK 200,000 (Euro 18,556), 

respectively. Hence, failure to take into account the outliers and potential selection problems can have 

significant consequences and policy implications.  

The low VIF-value concerning our EPC variable indicates that the multicollinearity problem is modest. 

Moreover, we can reject the null-hypotheses of heteroscedasticity (Breusch-Pagan test) and non-

normality (Shapiro-Francia test), respectively. 

Step 5: Quantile regression 

By using the propensity score matching and the quantile regression, we can analyze if the treatment 

effect varies in the price distribution. Table 4 shows the estimated treatment effect presented together 

with t-values in each percentile of the price distribution, and figure 4 presents the estimates as a 

continuous coefficient over the price distribution. 

Table 4. Treatment impact (quantile regression). Matched sample. 

Percentile coefficient t-value Impact (%) 
0.9 0.027 3.72 2.74 
0.8 0.030 4.42 3.05 
0.7 0.030 4.41 3.05 
0.6 0.036 5.66 3.67 
0.5 0.035 5.29 3.56 
0.4 0.031 4.56 3.15 
0.3 0.030 4.33 3.05 
0.2 0.032 4.41 3.25 
0.1 0.022 2.65 2.22 
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Figure 4. Treatment effect in the quantile regression specification. 

 It is 

interesting to observe that the impact of high-energy performance on the house prices does not vary as 

much as expected. It seems that our results do not support the findings by, for example, Cerin et al. 

(2014). Our results indicate the impact of EPC is present in all housing price segments and that the 

percentage impact is almost the same. The effect only varies between 2.22 and 3.67 percent. The highest 

estimated effects can be found in the middle price segment and the lowest in the 10th percentiles. 

Step 6: Robustness of the model 

Spatial dependency may be present even if we are controlling for space by including location covariates 

such as fixed effects for the municipality and the county as well as longitude and latitude. Our results 

are robustness tested by controlling for spatial dependence. Two different spatial weight matrices are 

used, namely, inverse distance and inverse distance within 4 kilometers. We estimate a spatial error 

model (SEM), a spatial autoregressive model (SAR) and a spatial Dubin model (SDM). We are 

estimating the models both with generalized two-stage least square estimation and maximum likelihood 

estimations. Total effects from the various models are presented in Table 5.  
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Table 5. Spatial error model, spatial autoregressive model, and Spatial Durbin model. (Direct 
effects). Matched sample. Maximum likelihood estimates. 

 SEM  SAR  SDM  
 W1 W2 W1 W2 W1 W2 
EPC 0.0317 0.0316 0.0303 0.0307 0.0318 0.0318 
 (6.44) (6.43) (6.11) (6.18) (6.41) (6.41) 
Age -0.0030 -0.0030 -0.0029 -0.0030 -0.0030 -0.0030 
 (-31.85) (-31.85) (-31.68) (-31.69) (-31.54) (-31.52) 
Living area 0.0047 0.0047 0.0047 0.0047 0.0047 0.0047 
 (56.53) (56.51) (56.37) (56.35) (56.15) (56.13) 
No. of rooms 0.0378 0.0379 0.0385 0.0385 0.0376 0.0377 
 15.62 (15.64) (15.85) (15.85) (15.41) (15.47) 
Plot size 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 
 (10.84) (10.81) (10.64) (10.63) (10.77) (10.74) 
Constant 54.9260 54.9875 55.3043 55.3236 54.9589 55.0908 
 (22.38) (25.97) (21.39) (24.74) (20.42) (19.87) 
Rho   0.0059 0.0039   
   (2.02) (1.40)   
Lamda 1.3319 1.0888     
 (22.37) (15.90)     
Fixed time effect Yes Yes Yes Yes Yes Yes 
Fixed county effect Yes Yes Yes Yes Yes Yes 
Fixed municipality effect Yes Yes Yes Yes Yes Yes 
Wald test (p-value) 0.0000 0.0000 0.0432 0.1621 0.0000 0.0000 
Pseudo R2 0.8427 0.8427 0.8428 0.8428 0.8433 0.8431 

 

The first thing we can notice is that our estimate concerning the EPC is remarkably robust 

across spatial econometric specifications. The estimates only vary from 3.07 percent to 3.18 

percent (not significantly different from each other). Moreover, spatial dependency is present, 

but it will not cause any bias in or estimates. Thirdly, the spatial component adds to the 

goodness-of-fit, but there is no substantial difference compared to a model without a spatial 

specification. Hence, we conclude that the spatial dependency in the hedonic model does not 

have any severe impact on our estimates. 

Step 7: Parameter Heterogeneity 

Sweden is a long country from the 55th degree to 68th-degree latitude (that is, closer to the North Pole 

than to the equator). Sweden has two different climate zones within the country, namely the subarctic 

climate zone (from 60 degrees latitudes and up) and the Hemiboreal climate zone. Figure 5 shows the 

map of Sweden and the difference in annual average temperature. In the southern part of Sweden is the 
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yearly temperature around 7-10 degrees Celsius and up in the north around 0 degrees. Warmer climate 

along the east coast than in the inland. Lower temperature up in the subarctic zone could potentially 

mean that EPC impacts house prices more as energy costs are more likely higher. As shown in Fuerst et 

al. (2016b), energy cost does have an impact on the willingness to pay for high EPC ratings in Finland. 

In order to test this hypothesis, we have created an interaction variable between treatment effect and a 

binary variable indicating latitude larger 60 degrees; that is, close to the subarctic climate zone. 

Figure 5.  Map of Sweden with an average annual temperature (Celsius). 

 

If the estimated parameter concerning the interaction variable is significant, we accept the hypothesis 

that the willingness to pay for the high rating is higher in the subarctic climate zone. Table 6 exhibits 

the results. They, however, indicate that the impact of EPC on house prices in the northern part of 

Sweden is not higher than in the southern region. Regardless of the matching method, the estimates are 

not significantly different from zero, indicating we surprisingly reject the hypothesis that energy 

expenses have an impact on capitalization. Hence, climate has an impact on energy cost and, therefore, 

potentially could have an impact on the willingness to pay for high EPC ratings, but that is not what we 

can observe. 
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Table 6. Parameter heterogeneity. Matched sample and stratified sample. 

 Interaction  South North Stratified 
EPC 0.0316 0.317 0.0323 0.0304 
 (5.37) (5.61) (3.12) (7.65) 
EPC-north -0.0015 - - 0.0086 
 (-0.14)   (1.14) 
Living area 0.0047 0.0047 0.0049 0.0041 
 (55.59) (49.69) (25.99) (104.17) 
Number of rooms 0.0387 0.0360 0.0446 0.0311 
 (15.73) (12.89) (8.64) (31.22) 
Plot size 0.0001 0.0001 0.0001 0.0001 
 (10.45) (8.02) (6.34) (27.13) 
Age -0.0030 -0.0029 -0.0031 -0.0010 
 (-31.24) (-27.09) (-15.24) (-19.48) 
Constant 55.0235 64.0562 39.2548 59.9585 
 (21.17) (19.40) (8.67) (61.77) 
Fixed strata effect No No No Yes 
Fixed county and 
municipality effects 

Yes Yes Yes Yes 

Fixed time effects Yes Yes Yes Yes 
R2 adjusted 0.8374 0.8347 0.7133 0.8097 
Shapiro-Francia (p-value)     
Breusch-Pagan (p-value)     
VIF (Treatment)     
No. of observations 9,686 6,957 2,729 72,022 

 

4. Conclusion 

The impact on energy performance certificates on housing prices has been investigated extensively in 

recent years. However, the results from these investigations have been mixed. We are trying to add to 

the literature by more specifically controlling for different types of biases. We are using a slightly 

different approach to estimate the causal relationship between house prices and energy performance 

certificates. We are using the traditional hedonic modeling approach, but we are also utilizing the 

propensity score method approach to be able to compare treated houses with a control group. We are 

also investigating the importance of outliers, spatial dependency, and parameter heterogeneity of our 

estimates. Moreover, we are using a quantile regression technique to test the hypothesis that the 

capitalization effect varies across the price distribution. 

Our main results indicate there is an upward bias in the estimated parameter concerning EPC if we are 

not controlling for outliers and selection bias. Regardless of the propensity score method approach, the 

results are lower than the default model not controlling for influential observations and selection bias. 
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The impact is substantial; 3 percent compared to 6 percent in the default model not controlling for 

various kinds of biases. Our estimated capitalization effect is around 3 percent which is slower than, for 

example, Jensen et al. (2016), Fuerst et al. (2016a) and Ayala et al. (2016). On the other hand, compared 

to Wahlström (2016), we estimated a statistically significant positive impact on the Swedish housing 

market. 

Moreover, our results do not support that the impact of energy performance certificates varies in the 

price distribution. Hence, the certificates differently capitalized in the high-end housing price segment. 

Finally, our results do not support the hypothesis that the energy performance certificate is higher 

capitalized in the northern and colder parts of Sweden contradicting expectations and the results by, for 

example, Fuerst et al. (2016b). 
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