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ABSTRACT

Compliance Behavior in Networks:
Evidence from a Field Experiment’

This paper studies the spread of compliance behavior in neighborhood networks involving
over 500,000 households in Austria. We exploit random variation from a field experiment
which varied the content of mailings sent to potential evaders of TV license fees. Our data
reveal a strong treatment spillover: ‘untreated’ households, who were not part of the
experimental sample, are more likely to switch from evasion to compliance in response to the
mailings received by their network neighbors. We analyze the spillover within a model of
communication in networks based on DeGroot (1974). Consistent with the model, we find
that (i) the spillover increases with the treated households’ eigenvector centrality and that (ii)
local concentration of equally treated households produces a lower spillover. These findings
carry important implications for enforcement policies.
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1 Introduction

Research across various fields shows that social learning affects many important outcomes: the
adoption of new products and technologies (Conley and Udry, 2010; Banerjee et al., 2013),
political opinions (Baldassari and Bearman, 2007; Algan et al., 2015), formal and informal
insurance (Ambrus et al., 2014; Cai et al., 2015) as well as financial decisions (Hong et al.,
2005; Bursztyn et al., 2014) are all influenced by social learning (for a survey see Mobius and
Rosenblat, 2014).

An important strand of research highlights the role of networks and their characteristics
in shaping the outcomes of social learning (Jackson, 2008). Theoretical studies have analyzed
the role of network-level measures (Jackson and Rogers, 2007; Golub and Jackson, 2012) and
properties of individual nodes — such as centrality, clustering, or homophily — in the diffusion of
information (Jackson et al., 2012; Currarini et al., 2009; DeMarzo et al., 2003; Banerjee et al.,
2014; BenYishay and Mobarak, 2015). Empirically testing the predictions from these models is
crucial as they have significant implications, e.g., for the optimal targeting of policy interven-
tions (Alatas et al., 2012; Beaman et al., 2015). However, causal evidence on how individual
network positions influence the spread of information is still scarce — primarily, because credible
identification requires not only an experimental design but also a large data set which ideally
covers many different networks.! Using detailed micro data on more than 500,000 Austrian
households and a large-scale field experiment, the present paper exploits such a research design.

We analyze social learning in neighborhood networks in the context of legal compliance. Our
analysis builds upon a randomized control trial that tested different strategies to enforce com-
pliance with TV license fees. The experiment introduced exogenous variation in the treatment
of 50,000 potential license fee evaders. In a baseline treatment, households received a letter
that asked them why they were not paying fees. In a threat treatment, the letter communi-
cated an imminent inspection and emphasized possible financial and legal consequences from
non-compliance. Relative to a control group that did not receive any mailing, the two letter
treatments significantly increased compliance. Mediated by a higher perceived risk, the threat
triggered the largest effect (Fellner et al., 2013).

In this paper we study the treatments’ impact on the compliance behavior of the untreated

population. Since neither receiving a letter nor compliance is observable, behavior can only

'The existing evidence comes mostly from a development context. For example, in a pioneering study on
microfinance in Indian villages, Banerjee et al. (2013) find that a measure of ‘diffusion centrality’ explains the
importance of a node in information aggregation, albeit without experimental variation. The challenges in the
identification of network effects are detailed in Jackson (2015).



spread via treatment-induced communication. We explore communication patterns in a large
online-survey. The survey documents, among others, a high communication frequency among
neighbors especially in rural areas, where communication intensity declines with the geographic
distance to the next neighbor. The evidence further documents people’s willingness to share
information on TV license fee enforcement with their neighbors.

Using precise micro data and geo-coded information on the full population of small Austrian
municipalities, we compute neighborhood networks based on geographic distance. Motivated
by the survey evidence, we assume two households to be linked if they live within a given
distance, for instance, 50 meters.?2 A network is composed by all households that are directly
and indirectly linked. The networks thus reflect population density and the way settlements are
spread over the municipalities’ areas. Identification of the treatment effects on the untreated
neighbors is achieved by the fact that, conditional on the number of households covered by the
experiment, the treatment of these ‘experimental households’ varies exogenously. Consistent
with this idea, we find no correlations of our treatment variables with observable network and
municipality characteristics. The empirical design thus allows us to overcome the identification
problems associated with social learning (Manski, 1993).

Our basic results document a pronounced spillover effect: untreated households, who were
not part of the experimental sample, are more likely to switch from evasion to compliance in
response to letters received by neighbors in the same network. Our estimates suggest that
sending one additional threat [baseline] letter into a network increases each untreated evader’s
propensity to comply by 7 [5] percentage points. A back of the envelope calculation implies that
1,000 additional threat [baseline] mailings spread over 3,764 neighborhood networks would induce
230 [150] untreated households to start complying. While the comparison between direct and
indirect treatment effects is complicated by different sample compositions, it is worth stressing
that the overall spillover appears to be (at least) similar in magnitude to the direct treatment
impact.

Several pieces of evidence indicate that neighborhood networks are crucial in shaping the
social learning process behind the effect. For instance, if we increase the distance threshold
defining a network link to above 500 meters or if we estimate at the level of (quite small)
municipalities, the spillover effect vanishes. The same holds for placebo tests, which allocate
households from the same municipality to randomly generated networks: again, we find a null

effect. We also exploit the fact that many mailings were mistakenly targeted to households who

2We document that all our results are qualitatively robust to distance assumptions up to 500 meters.



were already complying. The analysis reveals larger spillovers when there is scope for a direct
treatment effect on compliance (for a comparable result, see Banerjee et al., 2013). However,
even letters sent to compliant households (who cannot stop evading by definition) trigger a
small but significant spillover. Behavioral changes among targeted households are therefore not
necessary to induce the indirect treatment effects.

To further investigate the role of networks in mediating the spillovers, we introduce a model
of communication and learning in networks. Using an updating process in the spirit of DeGroot
(1974) (as applied in, e.g, DeMarzo et al., 2003; Golub and Jackson, 2010, 2012), we analyze the
treatments’ impact on the spread of compliance. We focus on two testable predictions which
have received significant attention in the literature. The first is that ‘eigenvector centrality’, a
particular measure of a node’s centrality within a network, determines its influence on social
learning outcomes (DeMarzo et al., 2003). The second prediction suggests that a higher level of
homophily, i.e., a higher likelihood of households to be linked to others who are similar to them-
selves, hampers social learning (Golub and Jackson, 2012). To test this prediction we explore
the local concentration of treatments, which considers two neighbors as similar if they are in
the same treatment. Conditional on two neighbors being in the experiment, random treatment
assignment ensures that this layer of similarity varies exogenously. Just as other dimensions of
homophily, local treatment concentration captures important dimensions of similarity of neigh-
bors (e.g., their post-treatment beliefs and propensities to comply). Local concentration is also
measured with an index commonly used to measure homophile. Crucially, however, unlike the
inherently endogenous concept of homophily, local concentration is exogenous to other house-
hold characteristics. It therefore allows us to isolate the network effects of similarity in shaping
the spillover.

Our data support the first prediction: the higher the eigenvector centrality of the injection
points, i.e., the households targeted by letters, the larger the treatments’ indirect effects on the
untreated neighbors in the network.? From a policy perspective, this means that targeting a
network’s most ‘central’ households will maximize the intervention’s indirect effects on compli-
ance. In fact, our estimates suggest that the gains from targeting might be substantial, boosting

spillovers by 25 to 50%.

3This effect is robust to the inclusion of the injection points’ degree, clustering coefficient, betweenness cen-
trality as well as the interactions of these characteristics with the share of treated households. None of these
interactions are statistically significant nor are there any significant interactions with average network-level char-
acteristics.



Consistent with the second prediction, we find that local treatment concentration within a
network — similarity of neighbors in terms of receiving the same treatment — tends to decrease the
spillover: the higher the local concentration of mailings in a network, the lower is their indirect
effect on untreated households. Since, unlike typical homophily measures, our measure of local
concentration is exogenous, we offer a first, causal evidence on the negative effects of network
neighbors’ similarity on social learning (Golub and Jackson, 2012). The finding has again a clear
policy implication: mailing campaigns should avoid local concentration. To achieve a maximum
spillover, mailings should be spread broadly within a given network.

Finally, we also show that the spillovers from baseline letters are limited to the first-order
neighbors of treated households but reach further in the case of threat mailings, showing yet
another dimension in which the threat treatment has a bigger impact. Overall, the findings from
our refined analysis of network and node characteristics point out key properties of networks
which mediate spillovers and further corroborate that the structure of our geographic networks is
useful to capture patterns of social learning among neighbors, beyond what mere spatial distance
can achieve.

This study contributes to several important strands of literature. We document that social
learning can shape evasion and avoidance decisions not only within firm- (Pomeranz, 2015) or
family- (Alstadszeter et al., 2014), but also in neighborhood networks. Our findings point out how
geographic information, which is readily available (via address data) in many applications, could
be incorporated in the design of interventions that account for enforcement spillovers (Rincke
and Traxler, 2011; Kaufmann et al., 2012; Pomeranz, 2015). Broadly speaking, the targeting of
audits or inspections should not only be based on individual-specific indicators, but also on an
individual’s position within a network. In doing so, geographic information appears particularly
relevant when enforcement activities are ‘geographically correlated’, as it is the case with most
door-to-door inspections at households or firms (e.g., Olken, 2007). Beyond enforcement, our
results speak to a much broader set of applications that might exploit neighborhood communi-
cation, e.g., to effectively seed (fundraising) programs (Landry et al., 2006; Bruhin et al., 2014),
to provide information on tax incentives (Chetty et al., 2013) or public health programs (Miguel
and Kremer, 2004), or in marketing campaigns more generally (Goldenberg et al., 2009). Given
the growing role played by geographic-proximity based social networks (such as Nextdoor.com),
we expect neighborhood applications to gain further momentum in the future.

Our study also provides experimental evidence supporting the predictions from an important

model of communication and learning in networks (DeMarzo et al., 2003; Golub and Jackson,
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2012). To the best of our knowledge, we are the first to empirically identify a negative effect
from a targeted node’s homophily on a social learning outcome. Our evidence also highlights the
importance of weak ties in passing information in the tradition of Granovetter (1973). While
neighborhood networks represent, in Granovetter’s terminology, weak rather than strong ties,
we nevertheless identify sizeable treatment spillovers that derive from social learning among
neighbors. However, our results also indicate that it is essential to consider details of geographic
proximity and network structure in order to capture social interaction effects. In this respect,
our paper differs from other studies that rely on agents’ geographic proximity but do not exploit
any geographic network structure (e.g., Bayer et al., 2008; Kuhn et al., 2011).

We also contribute to the growing literature on how networks shape agents’ decisions in many
important domains, such as insurance (Ambrus et al., 2014; Cai et al., 2015), job referrals (Bea-
man and Magruder, 2012; Dustmann et al., 2015) or microfinance (Banerjee et al., 2013), among
others. Many of these studies elicit social networks via surveys (or in some cases by extracting
information from social media). In this regard, our approach also presents a methodological in-
novation in that we rely on geographic neighborhood networks, which can be important vehicles
of information transmission. Using geographic networks, we avoid the sampling issues described
in Chandrasekhar and Lewis (2014). While geographic networks can be easily obtained and
call for further research in other settings, the usefulness of a geographic approach will certainly
depend on the type of communities (geographic proximity tends to be important in smaller
municipalities but not in major cities) and the types of issues considered (whether the issue is
a relevant topic of conversation among geographic neighbors).*

The remainder of the paper is organized as follows. Section 2 provides further information on
the institutional background and the field experiment. Section 3 reports survey results on com-
munication patterns among neighbors. Our main data are described in Section 4, and Section 5
presents our basic results. Section 6 introduces a simple theoretical model of communication

and tests several comparative statics predictions from that model. Section 7 concludes.

4Geographic networks have been shown to matter in quite diverse domains such as households’ energy con-
sumption (Allcott, 2011), blood donations (Bruhin et al., 2014) or the diffusion of knowledge of the tax code
(Chetty et al., 2013). Beaman et al. (2015), who study technology adoption, show that seeding based on geo-
graphic networks works fairly well. While seeding based on a complex model of elicited social networks increases
spillovers, the geographic network approach is much cheaper and easier to implement.



2 Background of the Field Experiment

2.1 License Fees

Obligatory radio and television license fees are a common tool to fund public service broadcasters.
A typical license fee system is operated by Fee Info Service (henceforth FIS), a subsidiary of the
Austrian public broadcasting company. In Austria, the Broadcasting License Fee Act prescribes
that all ‘households’ (including apartment sharing communities, etc.) owning a TV or a radio
must register their broadcasting equipment with FIS. The authority then collects an annual
license fee of roughly 230 euro per household.? Households face an incentive to evade the fee
because public broadcasting programs can be received without paying.

FIS takes several actions to enforce compliance. Using official data from residents’ registra-
tion offices, they match the universe of residents with data on those paying license fees. Taking
into account that 99% of all Austrian households are equipped with a radio or a TV (ORF
Medienforschung, 2006), each resident who is not paying fees is flagged as a potential evader
(unless another household member has been identified as paying). Potential evaders are then
contacted by mail and asked to clarify why they have not registered any broadcasting equipment.
Data on those who do not respond are handed over to FIS’ enforcement division. Members from
this division personally approach households and make door-to-door inspections (see Rincke and
Traxler, 2011). A detected evader is registered and typically has to pay the evaded fees for up
to several past months. In addition, FIS can impose a fine of up to 2,180 euro. If someone does
not comply with the payment duty, legal proceedings will be initiated.

The enforcement efforts are reflected in the compliance rate: in 2005, around 90% of all
Austrian households had registered a broadcasting equipment and paid a total of 650 million
euro (0.3% of GDP).% The number of registered households is in constant flux. New registrations
emerge from mailing campaigns, door-to-door inspections as well as from unsolicited registra-
tions. The latter originate from households who register, for instance, using a web form or by

calling a hotline.”

5The fee is independent of the number of household members and varies between states. In 2005, the year
covered by our data, the fee ranged between 206 and 263 euro.

SFIS’ ‘official’ estimate for the compliance rate in 2005 was 94%. This estimate, however, may vary quite a
bit depending on several assumptions (see Berger et al., 2015).

"Households can also deregister from license fees by stating that they no longer possess any broadcasting
equipment. In practice, however, this is hardly observed as such households are thoroughly inspected by FIS’
enforcement division.



2.2 Field Experiment

Fellner et al. (2013) tested different enforcement strategies in a field experiment. In coopera-
tion with FIS they randomly assigned more than 50,000 potential evaders, who were selected
following the procedures described above, to an untreated control group or to different mailing
treatments. All mailings, which were sent out during September and October 2005, included a
cover letter and a response form with a prepaid envelope. The experiment varied whether or
not the cover letter included a threat. The cover letter in the baseline mailing treatment simply
clarified the legal nature of the interaction and asked why there was no registered broadcasting
equipment at this household. In the threat treatment, the letter included an additional para-
graph which communicated a significant risk of detection and emphasized possible financial and
legal consequences from non-compliance (see the Supplementary Appendix for the cover letters’
text).

Fellner et al. (2013) found that the mailings had a significant impact on compliance. Most
of the treatment responses occurred during the first weeks: within the first 50 days of the
experiment, only 0.8% registered their broadcasting equipment in the control group. In the
baseline mailing treatment, the fraction was 6.5pp higher. The threat treatment raised the
registration rate by one additional percentage point. Beyond 50 days, there were no observable
differences in registration rates. Complementary survey evidence suggested that, in comparison
to the control group, all mailings had a strong positive impact on the expected detection risk.
Relative to the baseline, the threat mailing further increased the expected sanction risk. This
pattern is consistent with the larger effect of the threat treatment.

The present paper studies whether the treatments triggered any spillover effects on the un-
treated population that was not covered by the experiment. More specifically, we exploit the
experimental variation to analyze if the mailing interventions affected untreated neighbors of
those that were targeted. Given that neither the intervention itself (receiving a mailing®) nor
the behavioral response (registering with FIS and starting to pay license fees) is observable,
communication among neighbors is necessary for any spillover from treated households to un-
treated neighbors. In a first step, we will therefore discuss survey evidence on communication

patterns.

8Similar as in other countries, the privacy of correspondence is a constitutional right in Austria. Violations
are punished according to the penal code (§118).



3 Communication among Neighbors

To study communication between neighbors we ran a survey with a professional online survey
provider. The company maintains a sample that is representative for Austria’s adult population.
From this pool we surveyed a subsample of almost 2,000 individuals. Participants were asked
about the geographic distance to and the communication frequency with their first, second and
third closest neighbors in terms of geographical (door-to-door) distance. We also elicited the
relevance of TV license fees in the communication among neighbors. Details of the survey are
relegated to Supplementary Appendix.

The survey’s main results are the following: First, the survey indicates that the average
communication intensity among neighbors is fairly high, averaging about 60% of the intensity
of communication with a respondent’s best friends from work/school. This finding is consistent
with other evidence which suggests that neighbors form an important part of people’s social
capital.”

Second, the intensity of communication declines with geographic distance. This pattern,
which is consistent with other evidence documenting that geographic proximity is an important
determinant of social interaction (e.g., Marmaros and Sacerdote, 2006), is observed when we
compare the communication with the first-, second- and third-closest neighbors: moving from
closer to more distant neighbors, we see a strong drop in communication frequencies. A similar
correlation is obtained when we explore variation in the door-to-door distance to the closest
neighbor: the further away this neighbor, the lower is the reported communication frequency.
(Below we will return to the fact that communication levels drop strongly once we move beyond
a distance of 200 meters.)

Third, the survey indicates that the positive link between geographic proximity and com-
munication intensity is systematically violated in larger, more urban municipalities. This is due
to households living in apartment buildings. By definition, these households live very close to
each other but, at the same time, communicate fairly infrequently with their neighbors.!® This

problem does not seem to occur in more rural regions: The survey data show that in small mu-

9The International Social Survey Programme’s 2001 survey, for instance, shows that 11.2% of Austrians would
turn to their neighbors as first or second choice to ask for help in case they had the flu and had to stay in bed for
a few days. Similar rates are observed for other central and north European countries (e.g., Switzerland: 16.0%,
Germany: 9.4%, Great Britain: 10.6%). For southern European countries (e.g., Italy: 4.7%) and the US (6.3%)
the data document lower rates.

9Tt is worth noting that our evidence supports arguments made by Jacobs (1961), who criticized the urban
planning policy of the 1950s/60s with its emphasis on large apartment blocks — precisely because it prevents many
types of social interaction common in smaller municipalities.



nicipalities — where apartment buildings tend to be smaller and less anonymous — the ‘closeness’
of neighbors in apartment buildings is not aligned with lower communication frequencies (see
Supplementary Appendix). As further discussed below, this motivates our focus on networks
from small municipalities.

Fourth, concerning the content of communication among neighbors, we observe that, in
general, TV license fees are a relatively uncommon topic (similar to neighbors talking about
job offers or financial opportunities). However, the survey reveals that people are willing to
pass on license fee related information to their neighbors, once some relevant news arrives: for a
scenario where a household receives a FIS mailing which indicates a possible inspection, almost
two out of three respondents say that they would share this information with their neighbor
and ‘warn’ them. This seems reasonable, as inspections are strongly locally correlated. Overall,
the evidence thus suggests that households are willing to initiate communication with their

neighbors after receiving a mailing.

4 Data

To evaluate the impact of the experiment on the non-experimental population we build on several
unique sets of data provided by FIS. The first data cover the universe of all Austrian households
and includes precise address information from official residency data (zip code, street name and
number, floor, apartment number) together with FIS’ assessment of the households’ compliance
before the implementation of the field experiment. FIS derives this information — compliant
or not (i.e., potentially evading) — from their data on all households paying license fees, data
on past mailing campaigns and field inspections as well as data from the residents’ registration
office.

A second dataset covers the population from the field experiment (a subset of the first data)
and indicates which households were in which treatment. The third dataset contains information
on all incoming registrations — unsolicited registrations, responses to mailings, and detections
in door-to-door inspections — after the experiment. Using these data we can observe behavioral
changes in compliance. In particular, we can observe registrations among the population from
the field experiment and unsolicited registrations among those that were not covered by the field

experiment. Our analysis will focus on the latter population.



4.1 Sample

The survey documents that geographic proximity is positively correlated with communication
frequencies among neighbors in small but not necessarily in large municipalities (see Section 3).
In line with this finding, we focus on municipalities with less than 2,000 households (corre-
sponding to a population size of approximately 5,000 — the cutoff for small municipalities in
the survey). The restriction is further motivated by the fact that these jurisdictions are pre-
dominantly characterized by detached, single-family houses. Less than 20% [5%] of households
in these municipalities live in buildings with three [ten] or more apartment units.'’ For the

geographical network approach introduced below, this is an important attribute.

Full sample. The sample restriction leaves us with 2,112 municipalities (out of 2,380) with an
average of 1,700 inhabitants and a population density of 99 inhabitants per square kilometer.
We geocoded the location of each single household from these municipalities.'? In a few cases we
failed to assign sufficiently precise geographic coordinates; we then excluded the affected parish
(‘Zdhlsprengel’). With this procedure we arrive at a sample of 576,373 households. Among this
sample, we distinguish three types: (I) potential evaders from the experimental sample, (II)
potential evaders that were not covered by the experiment, and (IIT) compliant households (not

part of the experiment).

Type I: Experimental participants. Our sample includes 23,626 households that were
part of the field experiment. Summary statistics for these type I households, which will serve
as ‘injection points’ in our analysis of indirect treatment effects, are provided in the first three
columns of Table 1. The table splits the experimental sample according to the different treatment
groups: 1,371 households were in the control group, 11,117 in the baseline mailing and 11,078 in
the threat mailing treatment. Consistent with Fellner et al. (2013), we observe three patterns:
(i) The observables are balanced across the treatments; this holds for age, gender, and several
network characteristics introduced below.'? (ii) The registration rates for the mailing treatments
is significantly higher than in the untreated group. After the first 50 days of the experiment,

1.09% of all households in the control group registered for license fees. For the baseline mailing

' Among municipalities with 2,000 — 3,000 households, the share jumps to 39% [15%).
12The geocoding was implemented with software from a commercial provider of GIS tools (WIGeoGIS).

13Table 1 does not include any point estimates for the between treatment-group difference. However, as it is
clear from the summary statistics, no variable turns out to be statistically different across the three groups. Note
further that the high share of males is due to FIS’ procedure treating male individuals as household heads.

10



treatment it was 7.01%. (iii) The threat mailing has a stronger effect: Table 1 indicates a

registration rate of 7.65%.

Table 1 about here.

Type II: Potential evaders not covered by the experiment. In addition to the exper-
imental participants, the sample includes 131,884 type II households who where classified as
potential evaders at the time of the experiment. There are at least three reasons why these
households were not part of the experimental sample. First, FIS excludes those who were ‘un-
successfully’ contacted with mailings in the past from future mailing campaigns. Second, all
households that first appeared in the official residents’ registration record during the experi-
ment’s setup time could not be included in the experiment (e.g., recently formed households).
Hence, some type II households might be long-time, others short-term evaders. Third, the clas-
sification of potential evaders is also based on information that was not available to FIS during

the experiment’s setup phase (see below).

It is worth noting that type I and II households together account for a fourth of our total
sample. This high fraction, which is well above the overall rate of non-compliance, reflects
the fact that FIS’ method to identify potential evaders is imperfect and delivers many ‘false
positives’ — i.e., compliant households that are wrongly flagged as evaders. This point is also
reflected in Table 1 which shows that the ex-ante compliance rate (before the experimental
intervention) among type I households was roughly 36%. A non-negligible fraction of the mailing
targets could therefore not respond by switching from evasion to compliance — a fact that we
will exploit in our analysis. Finally, note that the classification of potential evaders in the
non-experimental sample makes use of ex-post information (e.g., from enforcement activities
and behavioral responses after the experiment). This allows eliminating many false positives
and yields a more accurate measurement of (non-)compliance. As a consequence, the ex-ante

compliance rate in the type II sample should be considerably lower than in the type I sample.

4.2 Geographical Networks

Our analysis studies if potential evaders who were not covered by the experiment (type II
households) start to comply with license fees in response to experimental interventions (the
treatment of type I households) in their geographical network of neighbors. We therefore focus on

networks that cover at least one type I and at least one type II household. We call these relevant
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networks. To derive geographical networks we first compute Euclidean distances between all
households in each municipality. Whenever the distance between two households ¢ and j is
below an exogenous threshold z, we say there is a link between i and j. A network then consists
of all households that are either directly or indirectly linked. Households that are directly linked
to i are referred to as i’s first-order neighbors (FONs), households one link further away as
second order neighbors (SONs). Figure 1 illustrates this approach and shows how it produces

disjoint networks.

Figure 1 about here.

A reasonable choice for the threshold z can be motivated by the survey evidence which sug-
gests that communication frequencies with FONs decline sharply once the geographical distance
exceeds 200 meters (see Supplementary Appendix, Figure S.2). This suggests z < 200 meters.
Note further that larger thresholds leave us with fewer but larger networks. This point is illus-
trated in Table A.1 in the Appendix. The table displays the number of relevant networks as well
as the number of different household types per networks for different thresholds z. For z = 50 we
observe the largest number of relevant networks. Since this will facilitate any between-network
analysis, we will use a threshold of 50 meters as a benchmark for our analysis. To assess the
robustness of our findings with respect to z, we rerun all our main estimations for networks
based on thresholds between 25 and 2000 meters.

With a 50-meter threshold we arrive at 3,764 relevant networks that were covered by the
experiment. The networks come from 771 different municipalities and include about 68,000
households (type I, IT and III; see also Table A.1). Among these, there are 14,787 type II
households. Summary statistics for this group are provided in Panel A of Table 2. The variable
degree shows that the median [mean] type II household is linked to 6 [11] FONs that live within
50 meters distance. Average Eigenvector centrality is 0.19 and the mean clustering coefficient
equals 0.73, indicating that about three out of four FONs are directly linked among themselves.
The table further shows that 54% [12%] of type II households have at least one FON [SON,
second-order neighbor| that is covered by the experiment. The mean Euclidean distance to the
closest type I household is 97 meters. Finally, the variable registration rate indicates that 8% of
type II households unsolicitedly registered within 50 days after the experiment. Note that this

number is twice as high as the average registration rate among all non-experimental potential

4 The different network characteristics are discussed in detail below as well as in Appendix B.2.
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evaders (i.e., type II households inside and outside of networks covered by the experiment; see
Table 1, column (4)).'® Below we will show that the higher registration rate can be explained
by the presence of spillover effects from experimental to non-experimental households in these

networks.
Table 2 about here.

Panel B reports descriptive statistics at the network level. The network size, in the following
denoted by Nj, has a median [mean| of 6 [18] households. For each network k, we computed
variables that measure the treatment coverage: Total, captures the rate of other households in
the experiment sample divided by Ny — 1. Similarly, Basey, Threat; and Control, indicate the
ratios of other households targeted with a baseline, a threat mailing and untreated experimental
households, respectively. Using (Nj — 1) as denominator assures that the treatment rates vary
between zero and one.'® Table 2 shows that, from the perspective of a type II household in
an average network, 45% of the other households in a networ