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Abstract

We study spatio-temporal variation of peer effects in rooftop photovoltaic adoption

of households. Our investigation employs geocoded data on all potential adopters

and on all grid-connected photovoltaic systems set up in Germany through 2010.

The detailed locational data allows us to construct an individual measure of peer

effects for each potential adopter across Germany. Using a discrete choice model

with panel data, we find evidence that the impact of peers on adoption decisions is

non-linearly decreasing in distance to a location. The pattern is most pronounced

for distances up to 200 meters. We also find that peer effects in photovoltaics

adoption decrease over time and that German solar system adopters are of high

socio-economic status.

Keywords: Peer effects, installed base, discrete choice, technology adoption,

technology diffusion, imitation, photovoltaics, solar, Germany

JEL classification: O33, C35, Q55, R10

∗Corresponding author is Johannes Rode: Technische Universität Darmstadt,
Chair of International Economics, Bleichstraße 2, 64283 Darmstadt, Germany, phone:
0049 6151 1657263, email: rode@vwl.tu-darmstadt.de

†Sven Müller: Karlsruhe University of Applied Sciences, Moltkestraße 30, 76133 Karls-
ruhe, Germany, email: sven.mueller@hs-karlsruhe.de

1



1 Introduction

New technologies often diffuse more slowly than would be optimal (Rogers,

1983; Geroski, 2000; Oster & Thornton, 2012). The diffusion of new tech-

nologies (in space and time) results from a series of individual decisions to

adopt (i.e., to begin using the new technology). Understanding factors driv-

ing the adoption decision and identifying early adopter characteristics may

help to foster the diffusion.

We analyze the spatio-temporal diffusion of all rooftop photovoltaic sys-

tems set up by households in Germany through 2010. Photovoltaics (PV)

are solar cell systems for producing electric power. Several studies revealed

that peer effects influence individual technology adoption decisions in gen-

eral (Brock & Durlauf, 2010; Conley & Udry, 2010; Oster & Thornton, 2012)

and PV adoption in particular (Bollinger & Gillingham, 2012; Müller &

Rode, 2013; Islam, 2014; Rai & Robinson, 2013; Noll et al., 2014; Graziano

& Gillingham, 2015; Richter, 2013; Rode & Weber, 2016). As rooftop PV

systems have a high visibility, peers are – in this context – considered as

proximate adopters of preceding periods. If peer effects indeed drive adop-

tion, installation seeds could be used by firms and political decision-makers

to raise the diffusion speed by steering adoption to locations where adoption

is most intended and efficient (Müller & Rode, 2013; Islam, 2014; Graziano

& Gillingham, 2015; Rode & Weber, 2016).

Most studies on PV adoption aggregate data to regions or local spatial

units. Aggregating the data does not allow us to build a specific measure

of the peer effect for each adopter and may therefore deliver biased results.
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Bollinger & Gillingham (2012) analyze PV adoption in zip code areas in

California. Their data set includes some 85,000 systems installed between

2001 and 2011.1 In contrast, Müller & Rode (2013) study explicitly the

individual decisions to adopt PV. They use an individual measure of the

peer effect for each potential adopter but only consider about 300 PV systems

installed in the city of Wiesbaden, Germany, through 2009.

Since the decision to adopt (in a certain period of time) is a discrete one

(Karshenas & Stoneman, 1992), we, e.g., follow Gowrisankaran & Stavins

(2004) and Müller & Rode (2013) and employ a discrete choice model (Mc-

Fadden, 2001) to analyze all potential adopters’ individual decisions to adopt

a PV system across a whole country. I.e., we study the adoption of PV sys-

tems in Germany using individual (choice maker) level panel data through

2010. Exact locational data on all photovoltaics adopters (almost 900,000)

and potential adopters (some 18 million) allows us to be the first to build a

specific measure of the peer effect for each potential adopter per time period

across a whole country. By doing so, we can confidently identify peer effects

and find out how peer effects in PV system adoption vary over time and

space.

The more previous technology adopters exist, the lower uncertainty re-

garding the technology may be, e.g. in terms of reliability, investments costs

and operating costs. In consequence, valuable experiences from previous

1There are several other studies on PV adoption employing aggregate data: Graziano
& Gillingham (2015) analyze a data set of almost 4,000 PV systems and aggregate it to
block group level in Connecticut. Richter (2013) studies some 330,000 PV installations
aggregated to some 2,200 zip codes in England and Wales. Rode & Weber (2016) analyze
580,000 PV systems installed in Germany through 2009. They aggregate the data to a
500 meter grid of rings which results in 1.4 million spatial units across Germany.
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adopters may be less relevant during later stages of the diffusion path. We

hypothesize that the influence of peer effects may decrease over time.

Further, we are interested in the determinants of districts with many

PV adopters and PV adopter characteristics. Rogers (1983) describes early

adopters as being of high socio-economic status. We hypothesize that in our

study PV adopters may be associated with measures indicating high income

and low population density (Graziano & Gillingham, 2015; Müller & Rode,

2013) as PV diffusion may still be in an early diffusion phase in Germany.

Photovoltaic systems are a sustainable energy technology. Due to a

strong subsidy system, Germany had the highest PV capacity installed per

capita in the world through 2012 (PVPS, 2013). Figure 1 illustrates the

spatio-temporal dimension of our data. The figure shows that in many years

there are substantially fewer new PV systems in the east than in the west

of Germany, which may be due to a general economic development lag in

the east (Redding & Sturm, 2008). This observation makes us hypothesize

that the peer effect in PV adoption may also vary over space. There may

be differences in the peer effect’s level in the east and the west of Germany.

Comin & Rode (2013) illustrate that more PV systems per capita are installed

in rural areas compared to cities. Therefore, we also investigate differences

in the peer effect in PV adoption between rural and urban areas.

Our analysis reveals that peer effects in PV system adoption are largely

localized. The peer effect’s impact on the decision to adopt decreases over

time. We find different scales of the effects in rural and non-rural areas, and

a larger peer effect in the east compared to the west of Germany. Our study

indicates that changes in the subsidy system may have increased uncertainty
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Figure 1: Natural logarithm of yearly annex of PV installations divided by
number of potential adopters across Germany. The lighter a region is colored
in the figure, the more PV systems are installed in the corresponding year
while controlling for the number of buildings.

for potential adopters. In consequence, the relative importance of peer effects

may have grown again.

Identifying peer effects comes with well-known challenges. We use spa-

tial fixed effects (for 77,847 spatial districts) for each year to control for
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unobserved heterogeneity. This procedure controls for different adoption

probabilities during different stages of the common S-shaped technology dif-

fusion path (Rogers, 1983) in every single district-year combination. This

approach also controls for different subsidy levels per year (and the subsidy’s

district-specific impact per year) or any other district-year-specific adoption

shock. Robustness tests with individual adopter fixed effects and placebo

regressions with randomly allocated PV systems across Germany confirm

our findings. We also consider Manski’s (1993) ‘reflection problem’. The

reflection problem refers to situations in which the adoption decision of an

individual depends on others in her reference group and vice versa. Further,

a case study with building-specific data on global radiation indicates that

the peer effect in PV adoption may in fact be larger than our Germany-wide

analysis reveals. Finally, we analyze a second data set on solar energy system

adoption in Germany: an analysis of (representative) survey panel data from

the socio-economic panel (SOEP, 2013) indicates that solar energy adopters

are of high socio-economic status.

In Section 2, we introduce our modeling approach and our data. The

results are shown in Section 3. Section 4 summarizes the paper and provides

an outlook on further research.

2 Modeling approach and data

In parts, we follow Gowrisankaran & Stavins (2004), West (2004) and Müller

& Rode (2013) when we introduce our discrete choice (logit) model with

panel data. Thereafter, we describe our data.
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2.1 Estimation model

Logit regression analysis is a well-established approach in the literature on

technology adoption (e.g., Feder et al. (1985) and Gowrisankaran & Stavins

(2004)). In making the choice whether or not to adopt the technology, the

choice maker weighs up the marginal advantages (and disadvantages) of adop-

tion. Let us denote the (to the analyst) unobservable utility from adoption

to choice maker n in period t as

un,t = vn,t + εn,t (1)

with vn,t as the deterministic, i.e., observable, utility of n to adopt in t and

error term εn,t that contains unobserved attributes. The actual choice, yn,t,

is a discrete (binary) choice. The observed values of yn,t are related to un,t

as follows:

yn,t =


1 if un,t > 0,

0 otherwise.

(2)

Because a choice maker adopts once at most within the considered time

span the property
∑

t yn,t ≤ 1 holds. Since un,t in (1) is a stochastic quantity,

the probability that choice maker n chooses to install a photovoltaic system

in year t is

Pn,t = Pr (yn,t = 1) = Pr (un,t > 0) . (3)

If we now assume that εn,t are independent and identically extreme value
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distributed (Train, 2009), then

Pn,t =
evn,t

1 + evn,t
. (4)

Accordingly, the odds ratio which defines the probability of adoption relative

to non-adoption is given as:

OR =
Pn,t

1− Pn,t
= evn,t . (5)

To measure the impact of the peer effect on the decision to adopt, i.e., to

install, a photovoltaic system we consider

vn,t = βIbasen,t−1 + γXn,t + δt + αin + ηin,t + ζn. (6)

In the following we explain the various variables and parameters of the de-

terministic utility (6). The installed base (Farrell & Saloner, 1986; Bollinger

& Gillingham, 2012; Graziano & Gillingham, 2015)

Ibasen,t =
∑
m∈N,
m6=n|
dn,m≤D

t∑
l=0

ym,lf (dn,m) (7)

is a spatio-temporal lag variable that measures the dependencies between

choice makers n and m: Ibasen,t considers the influence of the decision of

choice maker m in periods through period t on the decision of choice maker

n in period t. dn,m > 0 denotes the Euclidean distance in meters between

the location of n and the location of m. D is a cut-off parameter to be set
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by the analyst. We may assume that there is no remarkable influence of

PV installations farther away from location n than D. Hence, the installed

base measures the number of preexisting PV installations within radius D

around the location of choice maker n, with the importance of each location

weighted by f(dnm) (here, the importance declines in distance dn,m).

In our analysis (Section 3), we employ different values of D and func-

tional forms of f (dn,m). In our baseline specification, we set D = 200m and

f (dn,m) = 1/dn,m. Of course, choice maker n might only be influenced by

peers who adopted in the immediately preceding period, i.e., in t − 1. The

corresponding measure is denoted as Ibase non-cumulativen,t and is defined

in Appendix A.

Further, we denote the k-dimensional vector Xn,t as attributes related

to choice maker n with vector γ to measure the respective effects. Based

on (5) are

OR (β) = eβ, and (8)

OR (γk) = eγk (9)

the odds ratios associated with a one-unit increase in Ibasen,t (8) or a one-unit

increase in the kth control variable (9).

δt are temporal fixed-effects common across choice makers and αin are

locational effects fixed over time with i as the location related to choice

maker n. ηin,t are locational fixed effects for every year t and ζn are choice

maker n fixed effects. Of course, ηin,t, αin and ζn may be numerous. Since our

data are cross-sectional time-series (panel) data (see Section 2.2), we employ
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the fixed-effects logit model for panel data as described in Greene (2012, pp.

721–724).2 Using the corresponding conditional likelihood, we condition δt,

αin , ηin,t and ζn out from our model (6). β is the parameter of focal interest

since it measures the association of peer decisions on the odds of adopting,

i.e., the peer effect.

2.2 Data

Since 80% of the PV systems in Germany are installed on roofs (BMU (2011),

Dewald & Truffer (2011) and Rode & Weber (2016)), we consider buildings

as the predominantly potential sites for PV systems. Therefore, we are only

interested in PV systems on buildings. At some point, the owner of the

building chooses to install (i.e., adopt) in a certain period or not.

We do not observe the choice directly. However, we obtain the location

(in WGS84 coordinates) of 18,413,514 buildings in Germany in 2009 (Infas,

2009a).3 We assume that each building is owned by someone. Of course,

whether the building is owned by a private household or a house cooperation

(or a firm) makes a difference in terms of adoption. Unfortunately, we do not

obtain information on ownership. Still, to the best of our knowledge, no other

study on PV system adoption, particularly those using aggregate approaches,

accounts for ownership (see Bollinger & Gillingham (2012), Müller & Rode

(2013), Graziano & Gillingham (2015) and Rode & Weber (2016)).

2We also show standard logit estimates for the pooled data in Section 3.1,3.2 and 3.3.
3Note that Infas (2009a) only contains buildings with an address. We drop buildings

which have the same coordinates assigned and end up with 18,413,514 buildings. We as-
sume the number of buildings to be constant through our period of study. This assumption
is reasonable as the number of residential building only increased by 7.4%: from 16,977,662
in 2001 to 18,234,580 in 2010 (DESTATIS, 2016).
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We further assume that each building in Germany can be equipped with

one PV system. We observe whether there is a PV system at a given building

in a given year or not. Hence, we consider the buildings in Germany as the

choice maker n. We study the years t = 2000, . . ., 2010.4 As our measure

of Ibase is lagged in time, our estimation sample contains the years 2001 to

2010.

We obtain a data set that covers all 879,020 grid-connected PV sys-

tems installed in Germany through the end of the year 2010 (I-TSO, 2012).

The data set includes the location (we geocoded the address information to

WGS84 coordinates) and the year of installation.

We first drop solar systems that are obviously solar parks (by exclud-

ing those which have an indicating key word, such as ‘Solarpark’, in their

address). Then, each PV system is assigned to its closest building. See

Appendix B for details. Finally, we end up with 877,114 PV systems, each

allocated to a mutually exclusive building. As a result we obtain the ob-

served choices on adoption, i.e., the values of yn,t in (2).5 The corresponding

frequencies are given in Table 7 in Appendix D.1.

Figure 2 visualizes the spatio-temporal dimension of the dependent vari-

able yn,t by a small scale example. The example provides evidence that the

spatio-temporal diffusion process might be influenced by preceding PV instal-

lations nearby. Our variable of interest Ibasen,t (7) can be derived straight-

forward from this data.

4We start in 2000 since very few systems were set up before this date (see Figure 1 and
Figure 3). In 2000, the Renewable Energy Sources Act (“Erneuerbare-Energien-Gesetz”)
introduced a country-wide, high level feed-in tariff for electricity from PV. The level of the
feed-in tariff mainly changed on a yearly basis. E.g., see Agnolucci (2006), Altrock et al.
(2008) or Rode & Weber (2016) for details on the feed-in tariff.

5Note that yn,t is only 1 if a PV system is installed by choice maker n in year t. In
consequence, yn,t+1 will be 0 if a PV system was installed in t.
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We presume that the peer effect might be spatially non-stationary (Sec-

tion 1). Therefore, we consider a dummy variable East in that indicates

whether building n is located in a statistical district i which lies in the ac-

ceded territories of the former German Democratic Republic.

-
Building

PV -1999

PV 2000

PV 2001

PV 2002

PV 2003

PV 2004

PV 2005

PV 2006

PV 2007

PV 2008

PV 2009

PV 2010

District border

0 100m

Figure 2: Example of the PV adoption process. Hollow circles represent po-
tential adopters. Filled circles are PV installations. Newer PV installations
are colored in light gray.

We also take into account the dummy variable Rural jn denoting whether

building n is located in rural area j. Therefore, we use 2006’s CORINE

Land Cover (CLC) data set (CLC, 2009).6 The interaction of these dummy

variables with the installed base accounts for spatial-non-stationarity in peer

effects.

6This data set comprises vector data on a scale of 1:100,000. The minimum mapping
unit for the polygons is 0.25 sqkm. If n is located in a polygon that is not classified as
urban fabric (CLC 111, 112), industrial, commercial and transport units (CLC 121, 123),
mine, dump and construction sites (CLC 133), or sport and leisure facilities (CLC 142),
then Ruraln equals one (zero, otherwise).
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Of course, the utility a choice maker gains by adopting in a certain year

or not may also be influenced by factors (Xn,t) other than the installed base.

Unfortunately, we do not have additional information on the building level.

Instead, we consider time-invariant data on the location of building n.7 In

particular, Global Radiationon denotes the average yearly global radiation

in 10 kilowatt hours per square meter (kWh/sqm) according to n’s location

in one kilometer raster cells o provided by DWD (2010). A higher level

of global radiation indicates a higher potential to produce electricity and

therefore a higher remuneration potential to the owner of a PV system at a

given location. Hence, we expect the higher global radiation is, the higher

the utility from installing a PV system.

The elevation of n’s location might indirectly impact the choice to adopt

as well. Elevationpn denotes n’s elevation in 100m provided by 0.1 kilometer

raster cells p from Jarvis et al. (2008). If building n exhibits low values

of Elevationpn , i.e., close to sea level, the propensity for shadowing may be

lower compared to higher values of Elevationpn . On the other hand, there

may also be exposed sites on hills. Thus, we are unsure about the expected

relation between Elevationpn and the probability of adopting a PV system.

Population Density in denotes population density in sqm times 100 of

the statistical district i where n is located in 2009. We use 77,847 statistical

districts provided by Infas (2009b).8 Low values of Population Density in

may refer to places with a high share of single- and double-family homes. For

7Unfortunately, we lack time-variant data on a reasonably high spatial resolution.
8The average area of a statistical district is about 4.6 sqkm and the average number of

buildings in such a statistical district is 280.
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choice makers located in these places the decision to install a PV system may

be easier as fewer parties have to agree upon the installation on a certain

building. As a consequence, we expect the probability of PV adoption to

decline in Population Density in .

We expect that buildings located in statistical districts with high values

of Firm Density in – denoting the number of firms per sqkm – exhibit low

probabilities of adoption. Of course, it is reasonable to expect that the share

of single- and double-family homes is low in statistical districts with high

firm densities.

Purchasing Power in is the purchasing power index of the statistical dis-

trict i according to building n. An index value of 10 corresponds to the

median purchasing power of German households in 2009 (Infas, 2009b). The

propensity of high purchasing power of a choice maker located in a wealthy

statistical district is higher compared to a choice maker located in a statis-

tical district that exhibits low purchasing power. Since PV installations are

expensive (e.g. see Comin & Rode (2013)), we expect that the probability

of PV adoption increases with Purchasing Power in . The summary statistics

of Purchasing Power in and all the other variables can be found in Table 1.

3 Results and discussion

Estimating peer effects comes with well-known challenges. Failing to control

for unobserved heterogeneity can result in biased estimates. We control for

temporal (i.e., year) fixed effects capturing time-varying factors that have

a similar effect on the increase in the adoption decision across all spatial

14



Table 1: Descriptive statistics of full data set (specification M1, M2, M3 and
M10).

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0047 .068 0 1
Ibasen,t−1 1/dn,m .0093 .021 0 1
Ruraljn .2 .4 0 1
Eastin .18 .38 0 1
Global Radiationon 103 5.6 93 121
Elevationpn 2.1 1.9 -.08 19
Firm Densityin .1 .27 0 14
Population Densityin 1.9 3.5 0 134
Purchasing Powerin 9.9 1.6 0 32

N 184,135,140

Notes: 184,135,140 observations come from 18,413,514 choice makers (buildings) n over

10 years t (2001-2010). The choice makers are distributed across 77,847 districts i and 16

federal states.

units: for example, changes in federal legislation fostering PV adoption or

changes in their installation costs. The first column in Table 2 illustrates the

estimates for specification M1 with year fixed effects. The relevant descriptive

statistics are shown in Table 1 in Section 2.2. Specification M1 in Table 2

shows the exponentiated coefficient, which we can interpret as odds ratio (see

equation (8)).

Specification M1 reveals that the installed base has an odds ratio sig-

nificantly greater than one. In consequence, the installed base has a positive

influence on the decision to install a PV system. That is, the more proximate

PV systems in the preceding years, the higher the propensity of a potential

adopter to obtain a PV system in the current year. Potential adopters might

be influenced by the decisions of their peers. Imitation of spatially close pre-

cursors might indeed be an explanatory factor in PV system adoption; i.e.,

our results provide evidence for localized peer effect in the adoption of PV

systems.

15



Table 2: Odds ratio of spatio-temporal variation of peer effects in Germany.

(1) (2) (3) (4) (5)
M1 M2 M3 M4 M5

f
(
dn,m

)
1/dn,m 1/dn,m 1/dn,m 1/dn,m 1/dn,m

Cut-off 200m 200m 200m 200m 200m

Ibasen,t−1 93, 901.7∗∗∗ 383, 469.7∗∗∗ 201, 922.4∗∗∗ 213.1∗∗∗ 8424.2∗∗∗

(18.39) (21.86) (18.98) (4.85) (10.67)

Ibasen,t−1 × Year2002 0.501 0.192∗ 0.0695∗∗∗ 0.199 0.00184∗∗∗

(−0.89) (−2.16) (−3.42) (−1.27) (−6.78)

Ibasen,t−1 × Year2003 0.143∗∗ 0.0489∗∗∗ 0.0171∗∗∗ 0.0475∗ 0.000656∗∗∗

(−2.72) (−4.32) (−5.76) (−2.44) (−8.36)

Ibasen,t−1 × Year2004 0.804 0.306 0.0205∗∗∗ 0.00705∗∗∗ 0.0000713∗∗∗

(−0.30) (−1.68) (−5.56) (−4.25) (−11.08)

Ibasen,t−1 × Year2005 1.731 0.552 0.0150∗∗∗ 0.00731∗∗∗ 0.00000656∗∗∗

(0.82) (−0.94) (−6.26) (−4.33) (−14.01)

Ibasen,t−1 × Year2006 0.263∗ 0.0800∗∗∗ 0.00232∗∗∗ 0.00640∗∗∗ 0.000000439∗∗∗

(−2.07) (−4.12) (−9.23) (−4.46) (−17.14)

Ibasen,t−1 × Year2007 0.137∗∗ 0.0433∗∗∗ 0.00149∗∗∗ 0.00320∗∗∗ 0.000000464∗∗∗

(−3.14) (−5.22) (−9.98) (−5.13) (−17.22)

Ibasen,t−1 × Year2008 0.0900∗∗∗ 0.0307∗∗∗ 0.00124∗∗∗ 0.00270∗∗∗ 0.000000670∗∗∗

(−3.84) (−5.87) (−10.32) (−5.32) (−16.88)

Ibasen,t−1 × Year2009 0.0341∗∗∗ 0.0121∗∗∗ 0.000658∗∗∗ 0.00168∗∗∗ 0.000000772∗∗∗

(−5.41) (−7.47) (−11.34) (−5.77) (−16.74)

Ibasen,t−1 × Year2010 0.00986∗∗∗ 0.00353∗∗∗ 0.000271∗∗∗ 0.00176∗∗∗ 0.000000876∗∗∗

(−7.41) (−9.58) (−12.74) (−5.73) (−16.59)

Ibasen,t−1 × Ruraljn 0.0399∗∗∗ 0.0316∗∗∗ 0.143∗∗∗ 1.855∗∗∗

(−53.80) (−50.11) (−20.50) (5.07)

Ibasen,t−1 × Eastin 5.379∗∗∗ 95.46∗∗∗ 3.670∗∗∗ 1.970
(7.86) (20.92) (3.96) (1.54)

Ibasen,t−1 × Ruraljn × Eastin 36.87∗∗∗ 50.68∗∗∗ 20.86∗∗∗ 1.774
(8.24) (8.79) (4.42) (0.62)

Eastin 0.446∗∗∗ 0.819∗∗∗ 1.154
(−151.84) (−16.00) (0.34)

Ruraljn 2.385∗∗∗ 2.186∗∗∗ 1.371∗∗∗

(327.61) (283.68) (77.89)

Ruraljn × Eastin 0.589∗∗∗ 0.608∗∗∗ 0.811∗∗∗

(−52.35) (−48.58) (−15.58)

Observations 184,135,140 184,135,140 184,135,140 91,145,630 8,581,810
DFM 19 25 39 16 22
Final log-likelihood L -5,165,155 -5,078,625 -4,997,443 -4,087,285 -1,709,292

LR: χ2 (DF) 173,061 (6) 162,363 (14)
LR: p-value 0 0
LR test against M2 ->M1 M3 ->M2
Yeart fixed effects Yes Yes Yes No Yes
Federal staten fixed effects No No Yes No No
Districti×Yeart fixed effects No No No Yes No
Choice makern fixed effects No No No No Yes

Exponentiated coefficients; robust t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: The dependent variable is always yn,t, i.e., choice maker n’s observed choice in terms of (newly) installing a PV system in t.
Specification M1, M2 and M3 are estimated via logit. The panel of 18,413,514 choice makers over 10 years t (2001-2010) results in the
184,135,140 observations. We estimate specification M4 and M5 with the conditional logit estimator (see footnote 16). The sample is
the same as in specification M1-M3. However, the conditional logit estimator drops all positive (or all negative) outcomes (in terms of
Districti×Yeart groups for specification M4, and in terms of choice makern groups for specification M5). I.e., for specification M4
Districti×Yeart groups with no adoption (or if all choice makers adopt at once), and, for specification M5, all non-adopters are dropped.
This procedure results in less observations.
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3.1 Temporal variation of peer effects

As we want to study temporal differences in the peer effect, specification M1

provides insights on the peer effect per year. An obvious interpretation is

in terms of a 0.01 unit increase in Ibasen,t−1 which, e.g., corresponds to one

previously installed PV system 100 meters away. Specification M1 shows

that for a 0.01 unit increase in Ibasen,t−1 in 2001, we expect an increase of

(exp(ln(93, 902)/100) − 1) × 100% = 12% in the odds of installing a PV

system.

According to specification M1, the peer effect may decrease over time.

For example, multiplying Ibasen,t−1×Year2002’s exponentiated coefficient with

the exponentiated coefficient of Ibasen,t−1 indicates the odds ratio for 2002.

The level in the odds of installing in year 2002, 2004 and 2005 dooes not

significantly vary in comparison to 2001. However, a 0.01 increase (one sys-

tem 100 meters away) in the installed base, e.g, indicates an increase of

(exp(ln(93, 902× 0.09)/100)− 1)× 100% = 9.5% in the odds of installing a

PV system in 2008. Further, a 0.01 unit increase in Ibasen,t−1 boosts the odds

of installing PV by 8.3%9 in 2009 and by 7.1%10 in 2010. In consequence,

when policy-makers want to take advantage of peer effects to stimulate dif-

fusion, they should bear in mind that peer effects are more relevant during

the very early phase of technology diffusion.

9(exp(ln(93, 902× 0.03)/100)− 1)× 100% = 8.3%.
10(exp(ln(93, 902× 0.01)/100)− 1)× 100% = 7.1%.
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3.2 Spatial variation of peer effects

The purpose of this paper is not only to identify the temporal variation

of peer effects but also to study their spatial variation. Specification M2

(column (2) in Table 2) includes the time-varying measure of the installed

base and also controls for the east and rural parts of Germany as well as

their interaction. Since we include these interaction terms, M2’s odds ratio of

383,470 for Ibasen,t−1 refers to non-rural areas in the west of Germany in 2001.

Specification M2 in Table 2 reveals that for a 0.01 increase in the installed

base, we expect an increase of (exp(ln(383, 470)/100)− 1)× 100% = 14% in

the odds of installing a PV system (in non-rural areas in the west in 2001).

A likelihood ratio test confirms, M2 is superior to M1.

Interestingly, we find evidence for spatial non-stationarity: the odds

ratio for the interaction between Ibasen,t−1 and Eastin is significantly greater

than one, i.e., the peer effect may be more important (in non-rural areas) in

the east of Germany. For example, for M2, multiplying Ibasen,t−1×Eastn’s

exponentiated coefficient with the exponentiated coefficient of Ibasen,t−1 and

considering a 0.01 increase in the installed base yields an increase of 16%11 in

the odds of installing a PV system (for non-rural areas) in the east (in 2001).

Since the fraction of buildings with PV is lower in the east (see Figure 3), the

east may still be in a very early stage of the S-shaped diffusion path. Our

estimates on temporal variation of peer effects indicate that the peer effect

may be more important in the early stage of diffusion. During this stage,

uncertainty regarding the reliability of a PV system may be higher: therefore,

11(exp(ln(383, 470× 5.4)/100)− 1)× 100% = 16%.
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information from peers might be more important in the east compared to the

west of Germany. Similarly, the interaction between Ibasen,t−1 and Ruraljn is

significantly less than 1, i.e., the peer effect may be more important in non-

rural than in rural areas. In 2001, the increase in odds from a 0.01 increase

in Ibasen,t−1 is 10%12 for rural areas in the west, whereas it is 16%13 for rural

areas in the east.
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Figure 3: Cumulative fraction of buildings with PV system by
east and west, and rural and non-rural.

3.3 Omitted variables

Federal state and year fixed effects: To measure peer effects more confidently,

we should consider omitted variables. We can control for spatial fixed effects,

12(exp(ln(383, 470× 0.04)/100)− 1)× 100% = 10%.
13(exp(ln(383, 470× 0.04× 5.4× 36.9)/100)− 1)× 100% = 16%.
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e.g., on the federal state (NUTS-1) level.14 There are 16 federal states in Ger-

many. Federal state fixed effects absorb federal state-specific effects in the

adoption decision and could be caused by federal state-specific characteris-

tics affecting the usability of the technology: e.g., additional time-invariant

incentives to install PV in a specific federal state. M3 in Table 2 accounts

for federal state and year fixed effects and confirms our previous findings.

Again, although of lower magnitude, there is a significantly positive peer ef-

fect, which is lower in rural areas and higher in the east. A likelihood ratio

test confirms that we should prefer M3 over M2.

District × year fixed effects: Omitted variables on the local scale may

drive our results. We consider 77,847 districts taken from Infas (2009b). To

be very accurate, we take into account time-variant adoption shocks on the

district level. Such a shock could be, for example, a local advertisement

campaign by a PV seller, a new local subsidy fostering PV installations, a

housing development in which new local regulations force residents to install

PV, or simply different propensities to adopt at different stages on the S-

shaped diffusion path. We can control for such shocks by including time-

variant district specific fixed effects: district × year fixed effects.15

Table 2 shows the estimates for our baseline specification M4 with dis-

trict × year fixed effects. The relevant descriptive statistics are shown in

Table 8 of Appendix D.1.16 Specification M4 in Table 2 reveals that for a

14NUTS stands for “Nomenclature des unités territoriales statistiques”. It is the Euro-
pean Union’s Nomenclature of territorial units for statistics: a hierarchical system which
divides the economic territory (in case of NUTS-1 into the major socio-economic regions).

15A district fixed effect for every year of study, i.e. 77, 847× 10 = 778, 470 fixed effects.
16We use the conditional (fixed effects) logit model for panel data as described in Greene

(2012, pp. 721-724). Note, when estimating a conditional logit model, groups with all
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0.01 increase in Ibasen,t−1 we expect an increase of 5.5%17 in the odds of

installing a PV system (in non-rural areas in the west, in 2001). In line with

the previous estimates, the peer effect is lower in rural areas and higher in

the east.

As before, specification M4 confirms the peer effect’s decrease over time.

For a 0.01 increase in the installed base, we expect an increase of 3.8%18 in

the odds of installing a PV system in 2002 (in non-rural areas in the west).

A 0.01 unit increase in Ibasen,t−1 increases the odds of installing PV only

by 2.3%19 in 2003 and by 0.4%20 in 2004 (for non-rural areas in the west).

Figure 4 illustrates the diminishing odds to install from a 0.01 Ibasen,t−1

increase over time. The figure also illustrates differences between rural vs.

non-rural and east vs. west.21 In consequence, when policy-makers want

to take advantage of peer effects to stimulate diffusion, they should have in

mind that peer effects are mainly relevant during the very early phase of

technology diffusion (here, through 2003).

The figure also indicates a break in the diminishing odds of installing

from increases in Ibasen,t−1 in 2004. This break may be linked to changes in

the feed-in tariff by the Amendment of the Renewable Energy Sources Act

in 2004 (e.g., see Agnolucci (2006) and Altrock et al. (2008)). Between 2004

positive (or all negative) outcomes are dropped, i.e., the number of observations is lower
in specification M4 (and M5, which we discuss below) than for specification M1-M3 (and
M10, which we discuss below). I.e., for specification M4 Districti× Yeart groups with no
adoption (or if all choice makers adopt at once) are dropped. For M1, M2, M3 (and M10)
the number of observations corresponds to the number of buildings in Germany times the
number of years under study.

17(exp(ln(213)/100)− 1)× 100% = 5.5%.
18(exp(ln(213× 0.2)/100)− 1)× 100% = 3.8%.
19(exp(ln(213× 0.05)/100)− 1)× 100% = 2.3%.
20(exp(ln(213× 0.007)/100)− 1)× 100% = 0.4%.
21We should not be concerned by odds ratios smaller than zero as these naturally come

with saturation.
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Figure 4: Time-diminishing odds ratio to install a PV system due
to increase in the installed base by one system 100 meters away
for M4.

and 2009 the odds if installing from increases in Ibasen,t−1 decreased again.

In 2009, we observe another break. This break may be linked to changes in

the feed-in tariff by 2009’s Amendment of the Renewable Energy Sources Act

(e.g., see Altrock et al. (2008)). 2009’s amendment put in place an incentive

for self consumption of PV electricity. Both breaks indicate that changes in

the subsidy system may have increased uncertainty for potential adopters.

In consequence, the relative importance of peers may have grown again.

Individual-specific and year fixed effects: Our baseline regression in-

cludes district × year fixed effects. We could also think of individual-specific

effects which may influence the decision to install a PV system. Therefore,

specification M5 (column (5) in Table 2) includes choice maker (building)
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fixed effects and year fixed effects. Table 9 of Appendix D.1 contains the

corresponding descriptive statistics. When including choice maker fixed ef-

fects, only those choice makers who installed a PV system during our period

of study are considered in the analysis. M5 confirms a significantly positive

peer effect for 2001, 2002 and 2003 (in non-rural areas in the west). In the

following years the peer effect becomes negative, due to saturation.22 Spec-

ification M5 confirms that the peer effect is higher in the east. In contrast

to the previous results, M5 indicates a higher peer effect in rural areas than

in non-rural areas. Consequently, we are unsure how the peer effect differs

between rural and non-rural areas.

Rode & Weber (2016) find evidence for a larger peer effect at higher lev-

els of remaining non-adopters. This is in line with our finding of a higher peer

effect in the very early stages of diffusion. In contrast, Bollinger & Gilling-

ham’s (2012, p. 905) analysis indicates that the peer effect may increase over

time. Possibly, reasons for PV adoption largely vary in Bollinger & Gilling-

ham’s sample from California and ours from Germany, where feeding PV

electricity into the grid is highly subsidized: E.g. Bollinger & Gillingham

mention that marketing efforts leveraged peer effects in the later periods of

their study in California.

3.4 Robustness checks

In the following, we conduct several robustness tests. We return to our

baseline specification M4 with district × year fixed effects.

22In the east and in rural areas in the west, saturation starts in 2005 (according to
specification M5).
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Different cut-off distances: In Table 12 of Appendix D.2, we show esti-

mates with adjusted peer effect measures (and district × year fixed effects).

The results from our baseline regression M4 remain unaffected from reducing

the cut-off distance to 100m (M6, see column (1) in Table 10 in Appendix D.2

for the descriptives) or increasing the cut-off distance to 400m (M7, col-

umn (2) in Table 11 in Appendix D.2 contains the descriptives). According

to these results, the peer effect is highly localized: considering installations

farther away than 400 meters (or only those closer than 100 meters) signifi-

cantly decreases the explanatory power (see Horowitz test between M4 and

M7 (or M6) in Table 12 of Appendix D.2).23 We conclude that studies con-

centrating on peer effects at a high level of geographical aggregation may fail

to represent the peer effect appropriately. This in line with previous studies

on PV adoption. Bollinger & Gillingham (2012) find stronger peer effects on

the street level than on the zip code level. Rode & Weber (2016)’s analy-

sis also indicates a peer effect which occurs between adopters and potential

adopters who live within circles of 1 km radius or less around a 500 m grid of

points across Germany. Our analysis indicates that peer effects in PV adop-

tion may be even more localized. We find no additional explanatory power

from PV installations located farther away than 200 meters from a potential

adopter.

Only last year’s installations: Incorporating PV installations from the

last year instead of all previous installations in the installed base measure – as

outlined in Appendix A – does not affect our core findings (in Appendix D.2,

see M8 in Table 12, and Table 8 for the descriptives). This result indicates

23E.g., Ben-Akiva & Lerman (1985) describe the Horowitz non-nested hypothesis test.
The Horowitz test checks the hypothesis if the model with the lower adjusted likelihood
ratio index is the true model.

24



that – besides the most recent installations – older ones are also relevant

for the peer effect. Still, not shown estimates indicate that the most recent

previous installations are the most important for the peer effect. This find-

ing is in line with Graziano & Gillingham’s (2015, p. 19) evidence for a

“diminishing neighbor effect over time since prior installations”. M9 reveals

that redefining f
(
dn,m

)
to 1/d2

n,m confirms our previous results. In any case,

Horowitz tests confirm that M4’s explanatory power is significantly higher

than M6-M9’s.

Capacity-adjusted samples: So far, we have taken into account all PV

installations across Germany. We can use the capacity – a measure of

size – of each PV system to conduct a natural robustness test. A peer

effect should only exist for (small) household systems. In contrast, we do

not expect industrial investors to be affected by their neighbors. An in-

vestor who wants to install a (large) industrial PV system should search

for the best location across a large region or even the whole country.24 In

line with our previous findings, M4≤30kWp (column (1) of Table 16 in Ap-

pendix D.3) confirms a time-decreasing peer effect for household systems

(below a capacity of 30kWp). Table 13 (in Appendix D.3) contains the cor-

responding descriptive statistics. As expected, M4>1MWp (column (2) in Ta-

ble 16 of Appendix D.3) rejects a significantly positive peer effect for indus-

trial PV systems (above a capacity of 1MWp). Table 14 (in Appendix D.3)

contains the corresponding descriptive statistics. Of course, the installed

base measure’s mean is smaller for industrial PV systems than for household

24Also see Comin & Rode (2013) for a similar approach to distinguishing household and
industrial PV adoption.
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systems. The fact that we can only confirm a peer effect for household PV

systems also supports our approach of considering buildings as choice makers.

Placebo test: We conduct a placebo test to verify that our estimations

do not by definition find a positive peer effect in PV system adoption. We

randomly allocate the same number of PV installations, which were in fact

installed in Germany per year, to the existing buildings. In Appendix D.3,

M4Placebo (column (3) in Table 16) shows estimates for the resulting data

set and Table 15 the corresponding descriptive statistics. M4Placebo reveals

no significantly positive peer effect in PV adoption. I.e., the placebo test

supports the validity of our findings.25

The reflection problem: Our findings remain unaffected by lagging our

peer effect measure by two years (e.g., see Richter (2013) and Rode & Weber

(2016)).26 We can therefore confidently rule out that the ‘reflection problem’

described by Manski (1993) biases our results. The reflection problem applies

to situations where the adoption decision of an individual n depends on others

in n’s reference group and n’s adoption also affects other group members.

Bearing in mind that we study PV adoption on a yearly basis, it is reasonable

to assume that an individual who adopts in t also decided to adopt in t or t−1.

If so, i was affected by the behavior of reference group members at t− 2 or

before. In consequence, the time lag is very likely to rule out the possibility

that the individual could have affected the adoption decision of reference

group members, which in turn influenced the individual’s adoption.27

25Note that the difference in the descriptives is due to dropping districts with all zero
outcomes in a year (see footnote 16).

26The results are available upon request.
27We also conduct a similar test where we neglect previous installations within a radius

of 100m. Then, identifying the peer effect only relies on previous installations in a ring
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Neglecting randomly allocated systems: In Section 3, we outline our data

processing approach. One relevant step is that we allocate PV systems to

their nearest building but allocate a PV system randomly to another build-

ing (in the same district) if the nearest building is already occupied. We

confirm the robustness of our findings to neglecting the PV systems which

are allocated randomly to another building.28

Neglecting PV adopters after adopting: So far, we have analyzed a bal-

anced panel. The dependent variable yn,t is the choice of n in terms of (newly)

installing a PV system in t. In consequence, we have treated PV adopters

in the years after they have adopted PV in the same way as non-adopters.29

However, there are no more choice options after adopting. We can simply

take this into account by constructing an unbalanced panel which excludes

the PV adopters in the years after they have adopted PV (but still consider

the PV adopters when calculating Ibasen,t−1). This procedure confirms our

previous results.30

3.5 Case study

We conduct a case study for the cities of Darmstadt, Karlsruhe, Marburg,

and Wiesbaden. We study these cities because building-specific global ra-

diation data [Global radiation (Building-specific)n] is available. The case

study helps us to check if we can indeed disregard building-specific data on

global radiation for our analysis of Germany. Building-specific data on global

between 100m and 200m distance to the choice maker (see Graziano & Gillingham (2015)
for a similar analysis). This approach confirms our previous findings.

28The results are available upon request.
29In consequence, we have systematically underestimated the peer effect.
30The results are available upon request.
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radiation indicates that certain buildings are not appropriate or less appro-

priate for PV systems, e.g. due to shadowing from neighboring buildings or

a building’s roof orientation and inclination. The case study allows us to test

whether neglecting these factors in the Germany-wide analysis is appropriate.

Table 3 shows the case study data.

Table 3: Characteristics for case study cities.

Characteristic Darmstadt Karlsruhe Marburg Wiesbaden Sum

Residents in 2010 144,402 294,761 80,656 275,976 795,795
Number of buildings 100,004 83,819 40,872 113,548 338,243
Number of PV systems through 2010 374 1,058 450 463 2,345
Districts 109 302 56 177 644

Data on residents in 2010 is taken from DESTATIS (2013).

Darmstadt (2008), KEK (2010), Marburg (2011) and Wiesbaden (2009)

provide spatial data from the cities including information on buildings and

detailed data on global radiation.31 Appendix D.4 gives details on the case

study data.

Due to the low number of PV systems installed in the four cities through

2010, we estimate a time-invariant coefficient for the peer effect. Table 4

again shows odds ratios. Specification MA, MB, and MC (column (1), (2),

(3) in Table 4) include district × year fixed effects. Employing building-

specific data on global radiation confirms a significantly positive peer effect.

Comparing specification MA with MC indicates that we may have underes-

timated the peer effect when studying all installations across Germany: the

31Certainly, the level of detail is different for the specific cities. For example, in 2010,
Karlsruhe had more than twice as many residents than Darmstadt (see Table 3). Nev-
ertheless, in our data set the number of buildings is larger in Darmstadt compared to
Karlsruhe. Since we obtain similar results from the following study for each city indi-
vidually, we neglect the different level of detail (which we also control for by our fixed
effects).
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odds ratio for Ibasen,t−1 increases if we control for building-specific data on

global radiation. A likelihood ratio test shows that using building-specific

data on global radiation (MB->MC) significantly improves the explanatory

power of our case study estimations.32

Table 4: Odds ratio of peer effects for Case Study.

(1) (2) (3)
MA MB MC

f
(
dn,m

)
1/dn,m 1/dn,m 1/dn,m

Cut-off 200m 200m 200m

Ibasen,t−1 17.44∗∗∗ 16.98∗∗∗ 27.92∗∗∗

(3.72) (3.68) (4.12)

Global Radiationon 0.891 0.881
(−0.62) (−0.68)

Global Radiation (Building-specific)n 1.014∗∗∗

(23.77)

Observations 1,089,105 1,089,105 1,089,105
DFM 1 2 3
Final log-likelihood L -13,655 -13,655 -13,248

LR: χ2 (DF) 1 (1) 814 (1)
LR: p-value .45 4.5e-179
LR test against MB ->MA MC ->MB
Periodt fixed effects No No No
Federal staten fixed effects No No No
Districti×Periodt fixed effects Yes Yes Yes
Addressn fixed effects No No No

Exponentiated coefficients; robust t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: The dependent variable is always yn,t, i.e., choice maker n’s observed choice in
terms of (newly) installing a PV system in t. The panel of 338,242 choice makers in the
four cities over 10 years t (2001-2010) results in the 3,382,420 observations. We estimate
specification MA, MB and MC with the conditional logit estimator (see footnote 16).
Note that the conditional logit estimator drops all positive (or all negative) outcomes
(here, in terms of Districtn× Yeart groups). I.e., Districti× Yeart groups with no
adoption (or if all choice makers adopt at once) are dropped. This procedure results in
1,089,105 observations.

3.6 District and adopter characteristics

District characteristics: We are interested in the characteristics of districts

with many PV systems. If we take into account district characteristics, we

cannot include fixed effects at the local level. Besides controlling for federal

state and year fixed effects, specification M10 (column (4) in Table 16, Ap-

32The insignificance of Global Radiationon (specification MB) makes sense as we control
for district × year fixed effects and variation in Global Radiationon is close to zero within
each district-year.
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pendix D.3) accounts for spatial differences in global radiation, elevation, firm

density, population density and purchasing power (Table 1 contains the cor-

responding descriptives). These controls improve the model fit significantly

(see likelihood ratio test against M3) and indicate an even larger effect for our

measure of the installed base (in comparison with specification M3). M10

confirms a significant, diminishing peer effect over time, which is lower in

rural areas and higher in the east.

Regarding district characteristics, we observe that a unit increase in

global radiation increases the odds of installing a PV system by (1.05− 1)×

100% = 5% (in non-rural areas in the west).33 This finding is appropriate as a

high level of solar radiation indicates a higher potential to produce electricity

and confirms a large income potential from a PV system. If we compare the

area with the lowest value of global radiation (93×10kWh/sqm) with the one

with the maximum amount (121×10kWh/sqm), we observe that the odds of

installing is (exp(ln(1.05) × 28) − 1) × 100% = 292% higher in the German

region with the maximum global radiation (in non-rural areas in the west).

Although in both cases the odds of installing PV rise, increases in global

radiation are associated with lower increases in the odds of installing PV in

the east and with higher increases in rural-areas.

A unit increase in elevation – referring to 100m – increases the odds of

installing PV by 4% (in non-rural areas in the west). In contrast, a unit

increase in elevation decreases the odds of installing PV between 6% and 7%

in rural areas and the east. Indeed, if choice maker (building) n exhibits a

33A one unit increase refers to an increase in 10kWh/sqm of yearly averaged global
radiation.
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low value of Elevationpn the propensity for shadowing by hills may be lower

compared to higher values of Elevationpn . Similarly, the odds of installing

PV decreases by 22% with every unit increase in firm density (in non-rural

areas in the west). This decrease is even larger in rural areas but does not

differ significantly between the east and the west. The negative association of

firm density and PV adoption makes sense as most PV systems are private.

According to M10, disproportionately many PV systems can be found in

sparsely populated areas. Graziano & Gillingham (2015) also find more PV

systems in less densely populated areas. A one unit increase (0.3 standard

deviations) in population density decreases the odds of installing PV by 13%

(in non-rural areas in the west). The decrease in the odds is higher in rural

areas but lower in the east. We expect that the propensity of choice makers

located in areas with low population density to own a house is high. This

finding indicates again that most PV installations are residential small-scale

systems. Graziano & Gillingham (2015) find weak evidence for a positive as-

sociation between household income and increased adoption. Our estimates

may indicate that more PV systems can be found in areas with low pur-

chasing power. However, measures of income (or purchasing power) may be

heterogeneous within a statistical district i. To account for this income het-

erogeneity, we consider individual survey panel data from the Socio-Economic

Panel (SOEP, 2013) representative for Germany.

Adopter characteristics: About 30,000 individuals from 11,000 German

households take part in the SOEP every year. Interestingly, the SOEP in-

cludes yearly data on solar energy system adoption for the years 2007-2012 in

Germany. Solar energy refers to PV systems and solar thermal systems. The
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difference between both is that while solar thermal systems produce energy

that can only be used to heat water, PV systems produce electricity that can

be either used or sold to the electric grid. In terms of an analysis like ours,

there is no relevant difference between both types of solar energy systems

(Comin & Rode, 2013).34

There is no small scale locational information included in the public

SOEP data, i.e., it does not allow us to study peer effects. However, analyzing

the individual level data allows us to investigate whether PV adopters are of

high socio-economic status.

A choice maker n’s household is h. Some variables are available on

the household level h, other variables are on the choice maker level n, both

for each year t. Solarhn,t is one if household h adopts a new solar energy

system in year t (otherwise zero). See Appendix E for details on the variable

definitions and their descriptives.

The estimates in Table 5 illustrate that solar energy adopters are of

high socio-economic status. Choice makers living in large dwellings, who are

employed and own the dwelling they live in have higher odds of adopting a

solar energy system (see first column in Table 5). The estimates also indicate

a negative association of PV adoption and population density, e.g. measured

by a significantly positive odds ratio of PV adoption for households with a

garden. If we focus on home owners who have a garden (second column in

Table 5), we see that solar energy adoption is also associated with high levels

34Since 2007, most solar energy systems installed in Germany have been PV systems.
In 2007 there were 1 million solar thermal systems installed in Germany while there were
only 360,000 PV systems (BSW-Solar, 2014). By 2012, the number of PV systems was
1.3 million while the number of solar thermal systems was 1.8 million.
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of real household income. Focusing on home owners (with a garden) makes

sense as these will probably have taken the decision to adopt a solar energy

system themselves (Comin & Rode, 2013). In contrast, tenants may be less

involved in the adoption decision.35

Table 5: Odds ratio of solar energy adopter characteristics for SOEP data.

All Home owners with garden

(1) (2)
∆Solarhn,t ∆Solarhn,t

ln
(
Real household incomehn,t

)
1.114 1.338∗∗∗

(1.51) (2.67)
Dwelling sizehn,t 1.004∗∗∗ 1.003∗∗∗

(5.16) (2.68)
Vocational trainingn,t 0.987 1.020

(-0.17) (0.18)
Collegen,t 0.963 0.813∗∗

(-0.50) (-2.03)
Workingn,t 1.237∗∗∗

(3.30)
Gardenhn,t 2.436∗∗∗

(5.81)
Home ownerhn,t 1.264∗∗∗

(2.60)
Time×NUTS-1 fixed effects Yes Yes
Observations 85,568 39,671
DFM 7 8
Final log-likelihood L -6684.8 -4059.9

Exponentiated coefficients; robust t statistics in parentheses clustered on federal state-year groups
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Notes: The dependent variable is always yn,t, i.e., choice maker n’s observed choice in terms of
(newly) installing a solar system in t. We estimate specification MI and MII with the conditional
logit estimator (see footnote 16). The conditional logit estimator drops all outcomes (here, in
terms of Federal statei× Yeart groups). I.e., Federal statei× Yeart groups with no adoption (or
if all choice makers adopt at once) are dropped. This procedure results in less observations.

Not shown estimates indicate that the socio-economic status of solar

energy adopters is even higher in the east than in the west. Solar energy

adopters from the east have a significantly higher real household income and

live in larger dwellings. This finding confirms a previous result illustrated

in Figure 3: Since the fraction of buildings with PV installations is lower in

the east, the east may still be in a very early stage of the S-shaped diffusion

path.

35We only take into account respondents who do not claim to have removed their solar
system. There is strong evidence that this group best illustrates the effects under study.
Comparing the SOEP data set with reported data from the German transmission system
operators, shows that disproportionately many solar systems were removed according to
the SOEP data, see Comin & Rode (2013).

33



4 Conclusion

To the best of our knowledge, this is the most comprehensive study on PV

adoption conducted so far (in terms of the number of adopters). We built

upon a geocoded data set of all PV systems in Germany and all potential

adopters through 2010. This paper is the first which uses an individual peer

effects measure for each potential PV adopter across a whole country.

In line with Bollinger & Gillingham (2012), Müller & Rode (2013),

Graziano & Gillingham (2015) and Rode & Weber (2016), we confirm peer ef-

fects in PV adoption. However, our study indicates that peer effects mainly

impact PV adoption during the very early phases of the diffusion path in

Germany. Further, the spatial range of peer effects is very limited (only to

about 200m). Several robustness test confirm these findings.

Our results also indicate that changes in the subsidy system may have in-

creased uncertainty for potential adopters. Due to the increased uncertainty,

the relative importance of peer effects may have grown again. Finally, we

find that solar energy adopters are of high socio-economic status.

The policy implications of our study are straightforward. Our results

reveal that it would be efficient to influence the adoption of PV systems using

seed installations in the very early periods of diffusion since the importance

of peer effects decreases over time. Seeding is most promising at locations

with low population density and high global radiation with many households

of high socio-economic status.36

36Certainly, we study PV adoption after political decision makers decided to foster PV.
We do not evaluate which energy technology or which mix of energy technologies is the
best choice for a certain country.
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Further disentangling of the peer effect may be rewarding. For example,

it may be interesting to find out if the identified effect is driven by communi-

cation from face to face or whether seeing a PV system at work is sufficient.
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The following is not intended to be included in the journal version

of the article, but as an online appendix.

Appendix

A Non-Cumulative Peer Effects

Since the subsidy system for PV systems changes during the period of study,

only peers who adopted in the preceding year (t − 1) may pass on reliable

information regarding, e.g., the reliability, initial costs, and the net present

value of PV systems. Therefore, we consider the non-cumulative installed

base as

Ibase non-cumulativen,t =
∑
m∈N,
m 6=n|
dn,m≤D

om,t,1f (dn,m) . (10)

B Allocation of PV systems to buildings

Table 6 in Appendix C shows the geocoding accuracy of the address data

on 879,020 PV installations. We neglect the fact that a PV system may

be uninstalled because this is the case for only 0.35% of the systems under

study. Each of the 879,020 PV installations is assigned to its closest building.

269,752 buildings end up with more than one allocated PV system.37 This

is due to inaccuracy in geocoding, missing address information in the PV

37These do not drive our results. We confirm our findings with a data set which neglects
the PV systems allocated to these 269,752 buildings.
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system data set and the possibility that more than one PV system has been

installed on one building or the PV system is installed on a building with

no address. We randomly allocate the PV systems from these observations

to another building located in the same statistical district.38 The 77,847

statistical districts are taken from Infas (2009b). This procedure results in

877,114 PV systems, each allocated to a mutually exclusive building.

C Geocoding

For only 28,862 – thus, 3.28% – of the installations the entity type of the

geocoding accuracy is unknown and the confidence less than medium, see

Table 6. However, 86.59% of the installations have a high geocoding con-

fidence, and 86.54% have a high geocoding confidence and are allocated to

addresses or road block entities.

Table 6: Geocoding accuracy.

Entity type Confidence Frequency in category

Address High 599,746
Address Medium 25,786
Neighborhood Medium 62
PopulatedPlace High 8
PopulatedPlace Medium 3,201
Postcode1 High 18
Postcode1 Medium 19,092
RoadBlock High 160,929
RoadBlock Medium 40,524
RoadIntersection High 402
RoadIntersection Medium 390
Unknown 28,862

Sum 879,020

38Later on, we conduct robustness checks which confirm that this procedure does not
drive our results.
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D Tables

D.1 Frequencies and descriptives

Table 7: Frequencies of choices (∆yn,t).

Yeart Alternative Frequency in category

≤1999 0: No (or no new) PV system installed 18,404,144
1: New PV system installed 9,370

2000 0: No (or no new) PV system installed 18,403,951
1: New PV system installed 9,563

2001 0: No (or no new) PV system installed 18,388,390
1: New PV system installed 25,124

2002 0: No (or no new) PV system installed 18,394,739
1: New PV system installed 18,775

2003 0: No (or no new) PV system installed 18,393,381
1: New PV system installed 20,133

2004 0: No (or no new) PV system installed 18,366,533
1: New PV system installed 46,981

2005 0: No (or no new) PV system installed 18,347,253
1: New PV system installed 6,6261

2006 0: No (or no new) PV system installed 18,349,923
1: New PV system installed 63,591

2007 0: No (or no new) PV system installed 18,336,697
1: New PV system installed 76,817

2008 0: No (or no new) PV system installed 18,298,322
1: New PV system installed 115,192

2009 0: No (or no new) PV system installed 18,231,899
1: New PV system installed 181,615

2010 0: No (or no new) PV system installed 18,169,822
1: New PV system installed 243,692

Sum of PV installations over all years 877,114

Table 8: Descriptive statistics specification M4, M8 and M9.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0094 .097 0 1
Ibasen,t−1 1/dn,m .015 .026 0 1
Ibase non-cumulativen,t 1/dn,m .0041 .011 0 .9
Ibasen,t 1/d2

n,m .00032 .0011 0 .08
Ruraljn .22 .42 0 1
Eastin .13 .33 0 1

N 91,145,630

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010). The

choice makers are distributed across 77,847 districts i and 16 federal states. The conditional

logit estimator drops all positive (or all negative) outcomes (in this case, in terms of

Districti× Yeart groups). I.e., Districti×Yeart groups with no adoption (or if all choice

makers adopt at once), are dropped. This procedure results in 91,145,630 observations.
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Table 9: Descriptive statistics specification M5.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .1 .3 0 1
Ibasen,t−1 1/dn,m .015 .03 0 .99
Ruraljn .34 .47 0 1
Eastin .069 .25 0 1

N 8,581,810

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t

(2001-2010). The choice makers are distributed across 77,847 districts i and

16 federal states. The conditional logit estimator drops all positive (or all

negative) outcomes (in this case, in terms of choice makern). I.e., choice

makers with no adoption are dropped. This procedure results in 8,581,810

observations.
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D.2 Adjustments to peer effects measure

Table 10: Descriptive statistics specification M6.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0094 .097 0 1
Ibasen,t−1 1/dn,m .0087 .021 0 1
Ruraljn .22 .42 0 1
Eastin .13 .33 0 1

N 91,145,630

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010).

The choice makers are distributed across 77,847 districts i and 16 federal states. The

conditional logit estimator drops all positive (or all negative) outcomes (in this case,

in terms of Districti×Yeart groups). I.e., Districti×Yeart groups with no adoption

(or if all choice makers adopt at once), are dropped. This procedure results in

91,145,630 observations.

Table 11: Descriptive statistics specification M7.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0094 .097 0 1
Ibasen,t−1 1/dn,m .0048 .017 0 .9
Ruraljn .22 .42 0 1
Eastin .13 .33 0 1

N 91,145,630

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010).

The choice makers are distributed across 77,847 districts i and 16 federal states. The

conditional logit estimator drops all positive (or all negative) outcomes (in this case,

in terms of Districti× Yeart groups). I.e., Districti×Yeart groups with no adoption

(or if all choice makers adopt at once), are dropped. This procedure results in

91,145,630 observations.
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Table 12: Odds ratio of spatio-temporal variation of peer effects in Germany.

(1) (2) (3) (4)
M6 M7 M8 M9

f
(
dn,m

)
1/dn,m 1/dn,m 1/dn,m 1/d2n,m

Cut-off 100m 400m 200m 200m

Ibasen,t−1 193.7∗∗∗ 58.33∗∗ 1.12314e + 18∗

(4.79) (3.27) (2.42)
Ibasen,t−1 × Year2002 0.157 0.271 0.00218

(−1.46) (−0.92) (−0.31)
Ibasen,t−1 × Year2003 0.0473∗ 0.107 3.79e− 10

(−2.42) (−1.58) (−1.09)
Ibasen,t−1 × Year2004 0.00881∗∗∗ 0.0183∗∗ 2.34e− 21∗

(−4.05) (−3.03) (−2.57)
Ibasen,t−1 × Year2005 0.00775∗∗∗ 0.0157∗∗ 5.38e− 21∗∗

(−4.29) (−3.24) (−2.63)
Ibasen,t−1 × Year2006 0.00557∗∗∗ 0.00980∗∗∗ 1.29e− 25∗∗

(−4.58) (−3.62) (−3.23)
Ibasen,t−1 × Year2007 0.00414∗∗∗ 0.0105∗∗∗ 7.57e− 25∗∗

(−4.91) (−3.61) (−3.17)
Ibasen,t−1 × Year2008 0.00302∗∗∗ 0.00704∗∗∗ 3.15e− 26∗∗∗

(−5.23) (−3.95) (−3.39)
Ibasen,t−1 × Year2009 0.00184∗∗∗ 0.00450∗∗∗ 1.96e− 29∗∗∗

(−5.70) (−4.33) (−3.83)
Ibasen,t−1 × Year2010 0.00200∗∗∗ 0.00506∗∗∗ 1.91e− 28∗∗∗

(−5.63) (−4.24) (−3.71)
Ibasen,t−1 × Ruraljn 0.158∗∗∗ 0.194∗∗∗ 8.93e− 10∗∗∗

(−16.73) (−12.52) (−9.14)
Ibasen,t−1 × Eastin 2.803∗∗ 2.461∗ 4589362.9∗∗

(2.93) (2.32) (2.79)
Ibasen,t−1 × Ruraljn × Eastin 16.16∗∗∗ 13.74∗∗∗ 5.49223e + 14∗∗

(3.88) (3.42) (3.29)
Ruraljn 1.362∗∗∗ 1.352∗∗∗ 1.364∗∗∗ 1.347∗∗∗

(80.86) (81.95) (82.62) (80.48)
Ruraljn × Eastin 0.818∗∗∗ 0.824∗∗∗ 0.819∗∗∗ 0.827∗∗∗

(−15.28) (−14.86) (−15.26) (−14.60)
Ibase non-cumulativen,t−1 452.6∗∗∗

(4.30)
Ibase non-cumulativen,t−1 × Year2002 0.123

(−1.29)
Ibase non-cumulativen,t−1 × Year2003 0.0302∗

(−2.04)
Ibase non-cumulativen,t−1 × Year2004 0.00911∗∗

(−3.00)
Ibase non-cumulativen,t−1 × Year2005 0.0174∗∗

(−2.74)
Ibase non-cumulativen,t−1 × Year2006 0.0185∗∗

(−2.71)
Ibase non-cumulativen,t−1 × Year2007 0.00542∗∗∗

(−3.54)
Ibase non-cumulativen,t−1 × Year2008 0.00581∗∗∗

(−3.55)
Ibase non-cumulativen,t−1 × Year2009 0.00170∗∗∗

(−4.44)
Ibase non-cumulativen,t−1 × Year2010 0.00216∗∗∗

(−4.30)
Ibase non-cumulativen,t−1 × Ruraljn 0.0461∗∗∗

(−15.19)
Ibase non-cumulativen,t−1 × Eastin 6.213∗∗

(3.07)
Ibase non-cumulativen,t−1 × Ruraljn × Eastin 53.87∗∗

(3.21)

Observations 91,145,630 91,145,630 91,145,630 91,145,630
DFM 16 16 16 16
Final log-likelihood L -4,087,505 -4,087,571 -4,087,894 -4,087,522
Horowitz test statistic (signific. level) -4 (4.3e-06) -5 (2.0e-07) -7 (7.0e-14) -5 (2.0e-06)
Horowitz test against M4 ->M6 M4 ->M7 M4 ->M8 M4 ->M9
Yeart fixed effects No No No No
Federal staten fixed effects No No No No
Districti×Yeart fixed effects Yes Yes Yes Yes
Choice makern fixed effects No No No No

Exponentiated coefficients; robust t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: The dependent variable is always yn,t, i.e., choice maker n’s observed choice in terms of (newly) installing a PV system in t. We
estimate specification M6-M9 with the conditional logit estimator (see footnote 16). The sample is the same as in specification M1-M3 of
Table 2. However, the conditional logit estimator drops all positive (or all negative) outcomes (here, in terms of Districti× Yeart groups).
I.e., Districti× Yeart groups with no adoption (or if all choice makers adopt at once) are dropped. This procedure results in less
observations.
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D.3 Capacity-specific estimates, placebo test and dis-

trict characteristics

Table 13: Descriptive statistics specification M4≤30kWp .

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0086 .092 0 1
Ibasen,t−1 1/dn,m .014 .026 0 1
Ruraljn .22 .42 0 1
Eastin .12 .33 0 1

N 88,156,268

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010).

The choice makers are distributed across 77,847 districts i and 16 federal states. The

conditional logit estimator drops all positive (or all negative) outcomes (in this case,

in terms of Districti× Yeart groups). I.e., Districti×Yeart groups with no adoption

(or if all choice makers adopt at once), are dropped. This procedure results in

88,156,268 observations.

Table 14: Descriptive statistics specification M4>1MWp .

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .003 .055 0 1
Ibasen,t−1 1/dn,m .0011 .0052 0 .16
Ruraljn .23 .42 0 1
Eastin .3 .46 0 1

N 4,206,326

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010).

The choice makers are distributed across 77,847 districts i and 16 federal states. The

conditional logit estimator drops all positive (or all negative) outcomes (in this case,

in terms of Districti× Yeart groups). I.e., Districti×Yeart groups with no adoption

(or if all choice makers adopt at once), are dropped. This procedure results in

4,206,326 observations.

Table 15: Descriptive statistics specification M4Placebo.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .0074 .086 0 1
Ibasen,t−1 1/dn,m .048 .046 0 .96
Ruraljn .19 .39 0 1
Eastin .18 .38 0 1

N 115,408,422

Notes: There are 18,413,514 choice makers (buildings) n over 10 years t (2001-2010).

The choice makers are distributed across 77,847 districts i and 16 federal states. The

conditional logit estimator drops all positive (or all negative) outcomes (in this case,

in terms of Districti×Yeart groups). I.e., Districti×Yeart groups with no adoption

(or if all choice makers adopt at once), are dropped. This procedure results in

115,408,422 observations.
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Table 16: Odds ratio of spatio-temporal variation of peer effects in Germany.

(1) (2) (3) (4)
M4≤30kWp

M4>1MWp M4Placebo M10

f
(
dn,m

)
1/dn,m 1/dn,m 1/dn,m 1/dn,m

Cut-off 200m 200m 200m 200m

Ibasen,t−1 250.4∗∗∗ 991, 193.7 0.0948∗∗∗ 823, 275.3∗∗∗

(4.96) (0.82) (−12.55) (20.62)
Ibasen,t−1 × Year2002 0.169 8236.0 1.110 0.0210∗∗∗

(−1.39) (0.39) (0.37) (−4.76)
Ibasen,t−1 × Year2003 0.0293∗∗ 1.01486e + 13 1.427 0.00517∗∗∗

(−2.79) (1.22) (1.27) (−7.18)
Ibasen,t−1 × Year2004 0.00807∗∗∗ 2245.8 1.383 0.00275∗∗∗

(−4.09) (0.39) (1.40) (−8.37)
Ibasen,t−1 × Year2005 0.00812∗∗∗ 8.07e− 11 1.218 0.000838∗∗∗

(−4.20) (−1.10) (0.90) (−10.44)
Ibasen,t−1 × Year2006 0.00811∗∗∗ 9.95e− 14 1.032 0.0000790∗∗∗

(−4.21) (−1.61) (0.14) (−13.97)
Ibasen,t−1 × Year2007 0.00386∗∗∗ 0.000122 1.342 0.0000494∗∗∗

(−4.91) (−0.52) (1.36) (−14.78)
Ibasen,t−1 × Year2008 0.00361∗∗∗ 1.76e− 09 1.241 0.0000402∗∗∗

(−5.01) (−1.16) (1.04) (−15.20)
Ibasen,t−1 × Year2009 0.00286∗∗∗ 2.94e− 09 1.215 0.0000210∗∗∗

(−5.24) (−1.16) (0.97) (−16.25)
Ibasen,t−1 × Year2010 0.00307∗∗∗ 2.07e− 09 1.182 0.00000859∗∗∗

(−5.18) (−1.18) (0.85) (−17.63)
Ibasen,t−1 × Ruraljn 0.197∗∗∗ 0.125 0.859 0.0980∗∗∗

(−16.47) (−0.43) (−1.42) (−31.30)
Ibasen,t−1 × Eastin 4.135∗∗∗ 160556.8∗ 0.867 442.5∗∗∗

(3.85) (2.57) (−1.41) (27.58)
Ibasen,t−1 × Ruraljn × Eastin 12.86∗∗∗ 4.25e− 08 1.719∗ 22.67∗∗∗

(3.35) (−1.15) (2.14) (6.92)
Eastin 1.412 0.523 0.940 2.731∗∗∗

(0.80) (−1.47) (−0.26) (3.35)
Ruraljn 1.305∗∗∗ 1.445∗∗∗ 0.957∗∗∗ 1.028

(63.55) (12.41) (−8.86) (0.48)
Ruraljn × Eastin 0.841∗∗∗ 0.752∗∗∗ 0.992 19.31∗∗∗

(−12.11) (−4.72) (−0.74) (5.60)
Global Radiationon 1.052∗∗∗

(114.43)
Global Radiationon × Ruraljn 1.006∗∗∗

(11.04)
Global Radiationon × Eastin 0.976∗∗∗

(−8.26)
Global Radiationon × Ruraljn × Eastin 0.966∗∗∗

(−6.77)
Elevationpn 1.036∗∗∗

(36.13)
Elevationpn × Ruraljn 0.942∗∗∗

(−37.88)
Elevationpn × Eastin 0.933∗∗∗

(−14.70)
Elevationpn × Ruraljn × Eastin 1.053∗∗∗

(8.12)
Firm Densityin

0.783∗∗∗

(−17.42)
Firm Densityin

× Ruraljn 0.614∗∗

(−2.85)
Firm Densityin

× Eastin 0.945

(−1.14)
Firm Densityin

× Ruraljn × Eastin 2.516

(1.77)
Population Densityin

0.869∗∗∗

(−118.95)
Population Densityin

× Ruraljn 0.815∗∗∗

(−19.56)
Population Densityin

× Eastin 1.080∗∗∗

(24.50)
Population Densityin

× Ruraljn × Eastin 1.154∗∗∗

(4.37)
Purchasing Powerin 0.834∗∗∗

(−159.99)
Purchasing Powerin × Ruraljn 1.002

(1.09)
Purchasing Powerin × East(i)n 1.086∗∗∗

(13.34)
Purchasing Powerin × Ruraljn × Eastin 1.004

(0.32)

Observations 88,156,268 4,206,326 115,408,422 184,130,380
DFM 16 16 16 59
Final log-likelihood L -3,690,752 -71,922 -4,363,174 -4,928,134

LR: χ2 (DF) 138,618 (20)
LR: p-value 0
LR test against M10 ->M3
Yeart fixed effects No No No Yes
Federal staten fixed effects No No No Yes
Districti×Yeart fixed effects Yes Yes Yes No
Choice makern fixed effects No No No No

Exponentiated coefficients; robust t statistics in parentheses; ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: The dependent variable is always yn,t, i.e., choice maker n’s observed choice in terms of (newly) installing a PV system in t.
We estimate specification M4≤30kWp

, M4>1MWp and M4Placebo with the conditional logit estimator (see footnote 16). The sample

is the same as in specification M1-M3 of Table 2. However, the conditional logit estimator drops all positive (or all negative) outcomes
(here, in terms of Districti× Yeart groups). I.e., Districti× Yeart groups with no adoption (or if all choice makers adopt at once) are
dropped. This procedure results in less observations. For M10, we use the standard logit estimator. A small number of observations is
dropped in comparison to M1-M3 as for these small number of observations data on some adopter characteristics are missing.
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D.4 Case study

Taking the four cities – Darmstadt, Karlsruhe, Marburg and Wiesbaden –

together we end up with 338,242 observations (i.e., buildings and therefore

potential places for PV installations). As not all PV systems fall inside a

building-polygon we allocate 743 out of 2,345 to their nearest building. Of

these 743, the median distance to the nearest building is 28 meter. Due to

inaccuracy in geocoding and the possibility that more than one PV system

could be installed on one building, 128 buildings have several PV systems

installed. As we (also) assume one PV system per building in the case study,

we allocate them to a random building in the same spatial unit. Table 3

shows that we have all in all 644 spatial districts for the four cities under

study. Table 17 and Table 18 present the frequencies of the categories for

the case study and the descriptive statistics.
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Table 17: Frequency of choice alternatives for case study of four cities.

Yeart Alternative Frequency in category

≤1999 0: No (or no new) PV system installed 338,217
1: New PV system installed 25

2000 0: No (or no new) PV system installed 338,172
1: New PV system installed 70

2001 0: No (or no new) PV system installed 338,128
1: New PV system installed 114

2002 0: No (or no new) PV system installed 338,196
1: PV system installed 46

2003 0: No (or no new) PV system installed 338,195
1: New PV system installed 47

2004 0: No (or no new) PV system installed 338,169
1: New PV system installed 73

2005 0: No (or no new) PV system installed 338,055
1: New PV system installed 187

2006 0: No (or no new) PV system installed 338,043
1: New PV system installed 199

2007 0: No (or no new) PV system installed 337,983
1: PV system installed 259

2008 0: No (or no new) PV system installed 337,943
1: New PV system installed 299

2009 0: No (or no new) PV system installed 337,784
1: New PV system installed 458

2010 0: No (or no new) PV system installed 337,674
1: New PV system installed 568

Sum of PV installations over all years 2,345

Table 18: Descriptive statistics specification MA, MB and MC.

f
(
dn,m

)
Mean Std. Dev. Min. Max.

yn,t .00067 .026 0 1
Ibasen,t 1/dn,m .0056 .015 0 .96
Global Radiationon 106 2.7 99 110
Global Radiation (Building-specific)n 60 50 0 130

N 3,382,420

Notes: In the case study, the 3,382,420 observations come from 338,242 choice makers (buildings) n over

10 years t (2001-2010). The choice makers are distributed across 644 districts i in four cities.
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E SOEP

The socio-economic panel is a representative, yearly, longitudinal survey

of German households and individuals. A choice maker n’s household is

h. Some variables are available on the household level: Solarhn,t is one if

household h adopts a new solar energy system in year t (otherwise zero).

ln (Real household incomehn,t) is the natural logarithm of household h’s real

income in EUR in year t , Dwelling sizehn,t is household h’s housing unit size

in sqm, Home ownerhn,t is a dummy which is only one if the household owns

the dwelling it lives in (in year t), and Gardenhn,t is a dummy which is only

one if the household’s dwelling has a garden (in year t).

Other variables are on the choice maker level: Workingn,t is a dummy

which is one if the choice maker’s labor status is working. Vocational trainingn,t

is a dummy which is one if the choice maker holds a vocational degree. The

dummy is set to one if the respondent states that she completed one of the fol-

lowing (zero otherwise): Lehre (Apprenticeship), Berufsfachschule, Gesund-

heitswesen (Vocational School), Schule Gesundheitswesen (Health Care School),

Fachschule, Meister (Technical School), Beamtenausbildung (Civil Service

Training), Sonstiger Abschluss (Other Training). Collegen,t is a dummy

which is one if the choice maker holds a college degree. The dummy is

set to one if the respondent states that she completed one of the follow-

ing (zero otherwise): Fachhochschule (Technical College), Universität, TH

(University, Technical College), Hochschule im Ausland (College Not In Ger-

many), Ingenieur-, Fachschule (Ost) (Engineering, Technical School (East)),

Hochschule (Ost) (University (East)). Table 19 contains the descriptive

statistics.
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Table 19: Descriptive statistics specification MI and MII.

Mean Std. Dev. Min. Max.

∆Solarhn,t .017 .13 0 1
ln

(
Real household incomehn,t

)
7.8 .59 3.7 12

Dwelling sizehn,t
108 48 8 938

Workingn,t .57 .5 0 1
Gardenhn,t .68 .47 0 1
Home ownerhn,t .55 .5 0 1
Vocational trainingn,t .67 .47 0 1
Collegen,t .23 .42 0 1

N 85,568

Notes: 85,568 observations come from an unbalanced panel of choice makers n over

6 years t (2007-2012). The choice makers are distributed across 16 federal states.
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