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Abstract
Measuring networks in the field—usually by asking individuals systematically about their networks–
entails complex design choices, with large consequences for the resulting data. Because observations in
a network are interconnected, well-established practices from non-network survey settings can lead
researchers astray. Despite the increasing focus on networks in political science, little guidance is available
for researchers facing high-stakes decisions when designing a study to elicit networks. This paper serves as
a practical guide. It offers a simple framework for constructing a network theory, illuminates tradeoffs like
measuring more nodes versus more ties per node or asking for names versus selections from a list, and
proposes a new technique for cleaning relational data.
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People’s social relationships serve as crucial sources of information and influence, with important
implications for politics. The presence, quality, and pattern of these relationships—features of social
networks—have been found to affect outcomes like voting behavior (Sinclair 2012), public opinion
(McClurg 2006), policymaking (Scholz et al. 2008), social capital (Jackson et al. 2012), protests
(González-Bailón and Wang 2016), and political violence (Parkinson 2013; Larson and Lewis 2018),
as well as public health decisions (Rao et al. 2007) and technology adoption (Conley and Udry 2010;
Ferrali et al. 2018).

In the wake of promising findings such as these, scholars are increasingly undertaking fieldwork
that entails eliciting original data on networks among individuals or small groups via surveys. This is
the case because observational data on relevant networks are rarely readily available. While social
media can offer promising avenues for collecting network data, they are not informative in rural,
developing country settings where their use is often minimal, nor can they answer questions
about networks relevant to face-to-face transmission of information or services. Eliciting networks
via surveys have been central to advances in knowledge about, broadly speaking, the consequences
of network position for individual behavior (Barr et al. 2009; Baldassarri and Grossman 2013;
Baldassarri 2015; Breza et al. 2015); the spread of information through a group (Banerjee et al.
2014; Alatas et al. 2015; Larson and Lewis 2017); the presence and magnitude of peer influence
(Conley and Udry 2010; Banerjee et al. 2013; Paluck et al. 2016); and the way social networks change
in response to shocks (Fafchamps and Gubert 2007; Jackson et al. 2012). The contexts for these stud-
ies vary widely, for example from villages in the Philippines and India to high schools in the US.

In any context, however, measuring networks in the field is not a straightforward task. Since
respondents in a network are interrelated—and thus cannot be taken as independent and identically
distributed observations—problems that would be minor under “the usual” independent sampling
procedures can compound into large problems that generate misleading results in a network con-
text. To measure any one network, the way nodes and links are sampled, and the way survey
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questions are worded and ordered have large consequences for the resulting data. Moreover, for a
given group of people, numerous different networks could be measured. Because resources, time in
the field, and the attention span of respondents are all finite, researchers measuring networks face a
large set of high-stakes tradeoffs that can be difficult to evaluate prior to collecting data.

Yet little practical guidance is available for the measurement of networks in the field. While
researchers have ready access to guides to formal network theory (Wasserman and Faust 1994;
Easley and Kleinberg 2010; Jackson 2010; Siegel 2011), statistical methods using network data
that already exist (Butts 2008; Kolaczyk 2009), and causal inference on networks (Fowler et al.
2011), such works do not aim to assist researchers with the myriad choices involved when design-
ing a study that collects original network data from people. An exception and useful starting point
is Marsden (2005), which reviews the findings from studies testing the consequences of design
decisions in sociology and psychology.

This paper’s aim is to help researchers design a network elicitation study. Naturally, there is no
one-size-fits-all design; the optimal design will vary study by study. Consequently, we stress that
carefully specifying a network-related theory first is crucial to guide complex design decisions.
Simply put, one must know which network(s) she/he is trying to capture and why before design-
ing a study to do so. We begin by presenting a simple framework for constructing such a theory.

We then address a batteryof dimensionsonwhichnetwork studies can vary, andhence aboutwhich
a researcher faces choices.We highlight the often subtle tradeoffs entailed in each. The first set of trade-
offs we consider pertains to the method of eliciting the network: how exactly should the study identify
the presence of a link between two people?The second set pertains to precision: howpreciselymust the
true network bemeasured, andwhat are the consequences of a variety of options formeasuring itmore
coarsely? Our supporting information also considers a third set which pertains to cleaning the data
after collection: how should problems like spelling discrepancies across names or ties to people outside
the sample be handled? The third set is easy to ignore ex ante, but anticipating these problems allows
researchers tobuild in straightforward safeguards that vastly simplify the cleaning expost. The support-
ing information also introduces a new technique for cleaning relational name data.

Finally, we emphasize the need to determine the importance of network structure to the
research question, and offer a classification to help with this assessment. The more the research
question depends on structure—identifying how central people are, how socially distant any two
people are, and so on—the more important it is to measure a network as thoroughly as possible.
Since most network studies seek to uncover network structure and samples that are subsets of the
population of nodes of interest recover structural properties poorly, a key implication is that most
network studies would benefit from prioritizing surveying as many nodes as possible. This consid-
eration is particularly important for researchers planning to collect data in, and contrast network
structures between, multiple locations. While measuring networks in many locations with few
nodes each can be a tempting option, each location’s measured network may fail to preserve
the structural properties of interest.

1. Measuring the right network
The first step in any networks study is identifying the network that is of interest. Although at first
blush this may seem like a straightforward task, in practice, specifying a theory of which network
matters and why can be challenging, warranting careful thought and substantive knowledge of the
context under study. All design decisions hinge on having a carefully specified network theory.

1.1. Specifying a network theory

A network among a set of nodes N (here usually taken to be a set of people) is a record of the
presence or absence of a link (also called a “tie” or an “edge”) between every pair in N. For any set
of nodes N, pairs of nodes could be linked in many ways.
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Formulating a network theory requires three steps:

1. Define a set of nodes
2. Specify the type of links
3. Specify the function of the links

In many studies, the nodes of interest will be people. When this is the case, a network theory
minimally requires answering the questions: which people are included in the network, how
are they connected, and what do the connections do? The final question is easy to overlook,
but is essential to the design of network elicitation. Networks are theorized to matter because
the ties do something: transmit information, spread disease, indicate opportunities for learning,
generate obligation, and so on. Being precise about their theorized function will simplify many of
the design choices. Specifying the link function can also be thought of as specifying the mechan-
ism by which links affect outcomes. Table 1 summarizes these steps.1

As an example, in a study of how information spreads through a village, a theory may hold that
people receive new information from people they trust. This theory would regard the set of village
residents as the nodes, trust as the link type of interest, and the transmission of credible infor-
mation as the link function.

As another example, in a study of how people decide whether to vote, a theory may hold that a
person can feel compelled to vote if her/his most intimate friends would judge her/him badly if
she/he abstains. For this theory, a voting district’s population could be the nodes, the link type is a
close friendship, and the ability to convey effective peer pressure is the link function.

For any set of nodes, there are many different links that could connect them in theory. This is
particularly true for studies theorizing that the “social network” is the network of interest. There
is no single “social network” among a group of people, even in theory. Links connoting blood
relatives, friends, business confidants, coworkers, conversation partners, and schoolmates are
all sociable. Researchers must first carefully specify why sociable ties may matter, and then define
and measure ties that correspond to this function. If ties matter in theory because they let people
share trusted information face-to-face, then the ties must capture the ability to share news
face-to-face as directly as possible. If ties matter because they let people verify uncertain informa-
tion, then the ties must capture the ability to verify information. While it may be tempting to
remain agnostic and say the social network entails all of these link types, this imprecision in
the theory can result in data that mask network effects (Larson and Rodríguez 2018).

For each of the design issues raised in the remainder of the paper, we will discuss how to evalu-
ate the tradeoffs with respect to the network theory underlying the project. The more precisely
the nodes, link type, and link function can be specified, the easier it will be to evaluate the trade-
offs inherent in the study design.2

1.2. Operationalizing a network theory

Once the network theory is specified by the following steps (1)–(3), network measurement
requires two additional steps:

4. Determine which nodes to include
5. Operationalize link type

1It is important to specify the link function as precisely as possible. To study the spread of new technology through a vil-
lage, specifying the link type as “friendship” and the link function as “connoting friendship” is not very useful. Why might
friendship matter for the spread of technology? The answer to this question– perhaps that friends model each other’s behav-
ior—will be a more useful link function to specify.

2Steps 1-3 lead to a minimally specified network theory. Some projects may require more detail, for instance specifying the
process that generates the links. Moreover, some projects may be interested in testing competing sets of hypotheses; for these,
multiple theories may need to be specified, each of which leads to sets of hypotheses.
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Step (4) requires a judgment call on the boundary separating the group of interest. Step (5) entails
pinning down a set of rules to establish when a link will count as present in the data. The follow-
ing sections will help make these decisions.

2. Eliciting networks
Researchers have many survey-based options for eliciting network ties. Different techniques are
optimal in different contexts. How respondents are prompted to give names, which tie types are
measured, the order of the questions, and how missing respondents are handled while in the field
all affect the resulting picture of the network in the data; theory-driven choices will ensure that
the data are informative for the research question.

2.1. How to collect the ties

The two main techniques for directly eliciting social networks are asking respondents to name
names—the “name generator” approach—and asking respondents to select names (or photos,
in contexts of low literacy) from a list.

The list approach requires the availability of a census, and that a finite set of options for ties be
theoretically appropriate.3 Respondents are less likely to forget ties if they are selecting them from
a full census (Brewer 2000), which results in the detection of more weak ties compared to name
generator methods. Exactly how many more varies: list methods have been found to recover
between about 20 percent (Sudman 1988; Brewer 2000) and about 1000 percent (Hammer
1984) more ties than name generators.4 Particularly long censuses risk exhausting respondents
and so introducing error as their attention wanes. Pretesting can reveal the length of time required
to consider a whole census and inform the decision of whether to use this method.

In short, list methods are best suited to situations in which the boundary of network ties is
straightforward, a census is readily available, the length of the census is not too long, and erring
on over-inclusion is helpful to the study.

Name generators are questions of the form “With whom do you discuss important matters?”
or “Name up to five people with whom you have shared an office in the past.” These questions
rely on the respondent recalling and reporting the links of interest.

Name generators need not restrict the option set of ties (though they can by prompting
respondents to only consider people within some set: “Name up to five …in this village”).
This method has been shown to collect relatively strong ties, and the ties offered in response

Table 1. Constructing a Network Theory

Attribute Question to Ask Examples

Nodes What is the set of things Villagers; adult females;
that are connected? members of an organization; voters

Link Type What is the relevant connection Friendship; trust; shared geographic space;
between two nodes? experience as colleagues; kinship

Link Function What does a link between Transmits information;
two nodes do? spreads disease;
Why is the presence of such exposes one to other’s opinions;
a link important? conveys peer pressure

3For instance, using the list approach with a village roster will only capture within-village ties, which measures within-
village connectivity and paths through the village well. This approach might not measure overall popularity well, since
this may depend on ties to individuals outside the village. For more on selecting the boundaries of a network, see
Laumann et al. (1989).

4Because list methods draw out weak ties, they risk over-reporting to such an extent as to render the network meaningless.
Pretesting is important to reveal whether respondents are inclined to answer “yes” to the presence of a tie to every single
person on the list.

126 Jennifer M. Larson and Janet I. Lewis

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/p

sr
m

.2
01

9.
5

D
ow

nl
oa

de
d 

fr
om

 h
tt

ps
://

w
w

w
.c

am
br

id
ge

.o
rg

/c
or

e.
 V

an
de

rb
ilt

 U
ni

ve
rs

ity
 L

ib
ra

ry
, o

n 
22

 Ju
l 2

02
1 

at
 1

8:
03

:0
2,

 s
ub

je
ct

 to
 th

e 
Ca

m
br

id
ge

 C
or

e 
te

rm
s 

of
 u

se
, a

va
ila

bl
e 

at
 h

tt
ps

://
w

w
w

.c
am

br
id

ge
.o

rg
/c

or
e/

te
rm

s.

https://doi.org/10.1017/psrm.2019.5
https://www.cambridge.org/core
https://www.cambridge.org/core/terms


to a network prompt tend to be socially related to one another as well (Brewer 1995; Fiske 1995;
Marin 2004), which is particularly useful for studies aiming to detect local structure such as
clustering.5

When the boundary of network ties is not straightforward, a census is not readily available (or
assembling one would compromise the study), the population is large, or detecting strong ties is
important, name generators can be best.6

Most of these determinants are matters of feasibility. The issue of strong tie detection is a mat-
ter of theory. Given the link function, will the research question be better answered if the
respondent gives every single person who meets a criterion, even if she/he needs to be reminded
by seeing that name on a list, or will it be better answered if the respondent only gives the names
most salient to the respondent that meet the criterion? If the former, over-including weak ties is
best, which favors the list method; if the latter, prioritizing strong ties is best, which favors the
name-generator method.7

2.2. Operationalizing link types

Given a method for collecting the ties, there are three issues to consider when operationalizing the
link type: what to measure, how to prompt respondents to reveal the link, and how many different
measurements of a link type to take.

Eliciting networks through surveys requires respondents to recall their ties. Because salient,
concrete things are easier to recall, the link function is a useful starting point for crafting elicit-
ation questions. The survey can measure the link type by asking respondents about the link func-
tion, or about a concrete instance of the link functioning. For example, in Barr et al. (2009), the
theory suggested that the relevant link type was social relationships, which function to make vil-
lagers behave in a trusting and trustworthy way with one another. The authors operationalized
this link type by asking about a concrete activity that likely connotes trust: “Who do you usually
talk to about any kind of problem in this village” (p. 74). Because theory suggests that social ties
function as sources of political discussion (Klofstad et al. 2009), the 1985, 1987, and 2004 versions
of the General Social Survey operationalize the link type by inquiring about people with whom a
respondent discusses important matters: “From time to time, most people discuss important mat-
ters with other people. Looking back over the last six months—who are the people with whom
you discussed matters important to you?” In Paluck et al. (2016), potential sources of influence
in schools were identified with the more concrete activity of spending time together: “whom did
you choose to spend time with, face to face or online?”

Knowledge of the local context is crucial for identifying an appropriate activity that captures
the concept. To measure transactional relationships, Banerjee et al. (2013) asked about activities
specific to the context of the Indian villages under study such as borrowing and lending rice and
kerosene.

Asking about concrete activities not only helps with recall, but also avoids a related problem
with prompts that are too vague. Respondents in different contexts may understand a vague con-
cept to be different than the meaning intended by the researcher. The concept of “friendship” is
particularly susceptible to this problem: a mismatch between researchers’ and respondents’
understanding of the concept has been documented in US samples (Fischer 1982) and has

5Shakya et al. (2017) find that, in a comparison of 12 name-generators used in rural villages in India, those measuring
domestic interactions detect the highest values of clustering.

6For more on the choice between specific kinds of name generators, especially with applications to sociology, see Klofstad
et al. (2009); Bidart and Charbonneau (2011); Sokhey and Djupe (2014).

7For example, for a theory that holds that social ties are important because they spread awareness of a new product, over-
including weak ties may be sensible since even weak ties may spread this kind of information. Conversely, for a theory posit-
ing that social ties let people entrust their highly sensitive secrets about a regime with one another, capturing the strongest ties
may be more informative.
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been anecdotally noted by researchers conducting pretests throughout the developing world. This
problem can be avoided by asking about activities that should indicate what the researcher means
by friendship.8 For instance, if friendship is theorized to matter because friends spend time
together and expose one another to their political views, asking about those with whom the
respondent spends a lot of time may be preferable to asking about those whom the respondent
regards as a friend. The more precisely the link function is specified in theory, the easier it will be
to devise these questions.

If the link function can be captured reasonably well by a single question, then money, time,
and attention are saved by asking just the one question to elicit ties. Researchers may prefer to
use multiple questions when the theoretical tie of interest does not have a single obvious oper-
ationalization, the function is abstract and can only be made more concrete by asking about mul-
tiple aspects separately, or when the research aims to test competing network theories. Section 3
of the supporting information gives examples of studies that collect multiple types of ties and
which ties they collect.

Beyond recall issues, learning reliable information about networks through surveys requires
that subjects openly report their ties to the researcher. As in all fieldwork, this requires that
the researcher be highly knowledgeable about and sensitive to the local context. In particular,
contexts of authoritarianism, clientelism, and gender inequality, among others, require a great
deal of awareness of how these contexts may influence responses (Schwedler 2006;
Gonzalez-Ocantos et al. 2012; Shih 2015). Pretesting surveys helps to detect systematic response
biases, especially if paired with knowledge about what biases to look for in a given context.

As a final note, some link types are easier to measure than others, which can generate temp-
tation to operationalize the link type with an easier-to-measure proxy. For instance, the availabil-
ity of GPS devices makes geographic networks easy to measure, so that two individuals are
considered to share a link if their homes are geographically close. Shared membership in groups
can be easier to learn via surveys than the individuals to whom a person is connected. Common
origin can also be relatively easy to learn. While there are some research questions for which these
networks will be meaningful, there are many others for which they will not.

The theorized link function helps sort the two by way of two questions. First: given the the-
orized link function, how likely is it that all links with this function will be captured by the proxy?
Second: given the theorized link function, how likely is it that all links detected by the proxy serve
this function? The greater the likelihood for both questions, the better the proxy. If the answer to
the first question is “very likely” and the answer to the second question is “not very likely,” then
the correct links are likely to be a subset, possibly a small subset, of the links contained in the
proxy, effectively over-counting links. For more on using proxies in place of direct elicitation sur-
vey questions, see Gross and Jansa (2016).

3. Level of precision
A precisely-measured network among a set of nodes N is a record of the presence or absence of a
link for every pair of nodes in N. Precision is expensive: network portions of surveys take a sub-
stantial amount of time. The longer the survey, the fewer can be collected on a fixed budget and
the greater the risk of exhausting respondents’ attention before the survey’s end.

The key determinant of how precisely a network must be measured is the extent to which the
network structure is of interest. At one extreme are studies concerned exclusively with independ-
ent attributes of nodes. These are uninterested in how the nodes relate to one another and instead
seek to estimate, say, the mean age or education status of a population. Small random samples of
nodes will recover estimates of population values reasonably well. At the other extreme are the

8For a clever behavioral approach to measuring friendship, see the Facebook game used in Rao et al. (2007) which incen-
tivizes respondents to list the friends of the form the researchers were most interested in.
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studies interested in the way each person is interconnected with every other person. Studies inter-
ested in how central each person is in the network relative to each other person (eigenvector cen-
trality), or on average how socially proximate a person is to every other person (closeness
centrality) are closer to the second extreme. Sampling a number of nodes less than the full popu-
lation, even randomly, can poorly represent these values(Lee et al. 2006; Chandrasekhar and
Lewis 2011).9

Figure 1 helps classify types of network attributes along the continuum from fully independent
to fully relational data. Some attributes of a network, such as a person’s total number of connec-
tions, are less demanding. Any person’s connections (out-degree) can be determined by simply
talking to that person. Other attributes are relatively more demanding. To know a respondents’
total number of first- and second-degree contacts (friends and friends of friends, for instance),
the researcher needs information in addition to that which the respondent will provide about
herself. To know how connected a person is in the grand scheme of the network—her/his
eigenvector centrality, for instance—then the researcher needs to know about a much larger
set of connections (or the absence of them).

Network attributes that are farther to the right in Figure 1 require more information about the
network structure. One implication is that, in general, the more information required about the
network structure, the less informative data collected on only a small subset of nodes will be.

Figure 2 demonstrates this point for four real social networks, two from Indian villages in
Banerjee et al. (2013), and two from Ugandan villages in Larson and Lewis (2017). On average,
smaller samples perform poorly at recovering the network structure; they perform especially poorly
at recovering more demanding structural features, even simply preserving the nodes’ rank ordering
by them.10 The only exception is of course out-degree, which can be measured perfectly for respon-
dents in both directed and undirected networks with information provided exclusively by respon-
dents. For the same reason, neighborhood size can also be measured well in small samples in
undirected networks. In directed networks, where a link connecting i to j and a link connecting
j to i can be different (as when i may lend to j without j lending to i), even the neighborhood
size is better measured in larger samples. The more the network attribute of a node depends on
the full set of connections throughout the network (such as eigenvector centrality and transitivity),
the more nodes must be included in the study. In light of the damage to network structure that
sampling introduces, sampling the largest possible number of nodes should be a top priority.

Figure 1. The more the network attributes of interest depend on interconnections throughout a network, the more pre-
cisely a network needs to be measured. Studies interested in network features like centrality, path lengths, transitivity,
reciprocated ties, etc. suffer from small samples.

9Researchers can calculate statistics like centrality for the measured networks, but the value and even the ranking of nodes’
centrality scores may bear little resemblance to the scores in the true network.

10The supporting information considers this point in greater detail and shows the results from eight total social networks.
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3.1. Reductions in precision and their costs

In a perfect world, researchers interested in network structure would measure the network with
full precision—capture every node of interest, and measure the presence or absence of every pos-
sible link among them. There are options for reducing precision, all of which shorten the survey
at the cost of introducing some error. Here we present the tradeoffs surrounding five of them.
Researchers should take these tradeoffs into careful consideration before deciding to reduce
the precision with which the network is measured.

Each will refer to the respondent offering her/his network information as an “ego” and the
names she/he lists as her/his “alters.”

3.1.1. Reducing precision by capping the number of ninks
Any one respondent in N can have as many as n− 1 links to others in N, and possibly many more
to others outside of N. Researchers have the option of letting a respondent list or select from a
roster every single alter that meets a criterion.

The downside is that each extra name considered by the respondent adds time to the survey. If
the network is dense, lots of respondents will have many names to name or select. Researchers
have the option to cap the number of alters that each respondent can offer.

Figure 2. Consequences of random sampling from four real social networks at different sample sizes for six network attri-
butes. Figures display the average Kendall rank correlation between nodes’ true network feature and the observed network
feature when a sample of a certain size is drawn. Networks A and B are undirected social networks from Banerjee et al.
(2013), and Networks C and D are directed social networks from Larson and Lewis (2017). On average, small samples per-
form especially badly for more demanding structural features.
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A cap on the number of alters tends to take the form “name up to x people with whom you
have …” or “select up to x people from the following list with whom you have …” The larger the
value of x, the longer the survey will take.

Two considerations should guide the choice of x. First, is variance in out-degree important to
the research question? A cap on the number of alters necessarily right-censors out-degree.
Individuals who offer x names all appear the same in the data even though some may truly
have more than x out-links in the network. If a key analysis will entail distinguishing respondents
based on their degree centrality or popularity, then xmust be large enough to generate variance.11

Research has shown that eliciting three to five alters produces reliable information on network
density (Marsden 1993), and that eliciting one alter for multiple networks is worse than eliciting
multiple alters for fewer networks (Marin and Hampton 2007). Pretesting the networks question
will reveal the likelihood that respondents hit the cap when offering ties; if many do and variance
is of interest, the cap should be increased.

Note that degree is not the only network statistic that relies on variance in out-degree.
Sometimes reciprocated ties—a names b and b names a—are used to proxy for strong ties.
This measure works best when any tie is given sufficient opportunity to show up as reciprocated
in the data. If everyone is only free to offer one name, few ties that are genuinely reciprocated will
show up in the data as reciprocated. The larger is x, the more reciprocated ties will be detected.

A final consideration that should drive the choice of x is whether documenting the absence of a
link is important. Projects focused on the way that people are connected can afford to miss links;
projects focused on the way that people are not connected need to more carefully document the
absence of links. For a project interested in how social ties are arranged, setting x 1 could poten-
tially be informative. On the other hand, setting x 1 would be much less informative for a project
interested in whether two tribes are connected by social ties. The latter is interested in the doc-
umenting absence of ties between tribes and so should offer a strong test for missing ties. The
smaller the x, the weaker this test.

3.1.2. Reducing precision by measuring households instead of individuals
Taking nodes to be households instead of individuals can shorten surveys by effectively reducing
the sample size. In this case, links are present when households are connected in some way
with other households. The cost is the loss of information within household. Theory and
context can help establish whether the network operates at the level of the household or the
individual. For instance, to measure the reach fertilizer use training, losing within-household
variation may be irrelevant if farming practices are undertaking by households as units.
Connections among households then could be meaningful channels along which this information
spreads.

Two considerations should guide the choice of aggregating up to the household level versus
keeping networks at the level of the individual. First, is the research question at the level of
the household or the individual? If at the level of the household, then so long as cross-household
links are defined and operationalized carefully, this can be the best network to measure.12 Second,
does the research question require information about nodes or links for which there is within-
household variance? Answering the second question may be difficult ex ante, but can be esti-
mated with pretesting or by contacting local experts in advance. If yes, then aggregating at the
household level may be inappropriate.

11For example, Eveland Jr et al. (2013) shows that recording too few ties in a political discussion network misses detecting
hubs—the few people with many more ties than average—who play important roles in political discussion.

12See the study of enrollment in a microfinance program in Banerjee et al. (2013). Networks are measured at the household
level because enrollment is at the household level. Likewise, in Cruz et al. (2014), networks are measured at the family level,
where political support is mobilized.
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3.1.3. Reducing precision by using proxies for network position
One way to dramatically save survey time is to measure properties of the network without meas-
uring the network itself. The most popular version of these measures aims to estimate the size of a
person’s social network. Rather than asking respondents to name individuals, the researcher asks
for the number of ties with a series of questions of the form “how many X do you know” where X
is a reasonably popular first name. Responses can be used immediately as a relative measure of
popularity, or summed or scaled to estimate degree in a social network (Killworth et al. 1998;
McCarty et al. 2001; McCormick et al. 2010; Calvo and Murillo 2013).

The number of people with certain first names that a person knows gives a measure of popu-
larity or general social network size. These simplifications can also be used to estimate degree in
more specific networks by asking questions of the form “with how many people do you Y ” where
Y is an activity or specific relationship. Using a single question that asks respondents to estimate
the number of people in their network has been popular in communication studies and American
politics (Moy and Gastil 2006; Eveland and Hively 2009; de Zúñiga and Valenzuela 2011).

These simplifications offer substantial time savings; if the only network feature that the
researcher needs to collect is degree, these can be worthwhile substitutes for eliciting precise net-
works and tend to perform reasonably well (Bell et al. 2007). Moreover, these methods better
recover true zeros: listing no names in response to a network elicitation question is a weaker sig-
nal that that person in fact has no ties of that sort than responding ‘zero’ to the question of how
many ties of a sort a person has (Fischer 2009).

The most obvious downside is that no additional details of the network are measured. These
methods have two other limitations. First, measures of popularity that depend on counts of the
number of names a person knows can be difficult to relate to the precise underlying network. A
person who knows more names has a larger social network in some sense, but many research ques-
tions require knowing more than this. A person who knows more people does not necessarily have
the most access to credit or the most sources of gossip or the largest number of trusted contacts.13

Second, the flip side of this method providing a more conservative test for zero ties is that it
provides a weaker test for the presence of ties. Studies that hinge on the presence or absence of
strong, deep connections may do better eliciting names to recover this variance.

3.2. Maintaining precision through cleaning data

Even the most carefully collected data need to be cleaned. Network data present special challenges
for cleaning because responses are interconnected. Even if measurement error is random with
respect to links, the error may not equally affect nodes. Making sure ties are reported correctly,
and carefully deciding how to assemble the ties into a network for analysis, makes or breaks
ultimate inferences. There are forward-looking steps the researcher can take when designing
the survey to simplify cleaning the data after collection. We present an overview of these methods
in Section 2 of the supporting information.

4. Conclusion
As theories of political phenomena increasingly account for interconnectedness between people,
researchers must adjust our methods of data collection to capture these relationships. The above
is intended as a guide, in order to help researchers think through design issues before eliciting
networks in the field. Doing so is an increasingly common research practice in political science,
and a necessary one since data on relevant networks are rarely available via observational data.

13While proxies for degree (network size) are most common, research suggests it may also be possible to detect who holds
the most central positions in a network without measuring the network. Banerjee et al. (2014) shows that people can fairly
reliably identify people who would be the best injection points for information diffusion in a network; if research hinges on
identifying them, it may be possible to ask some people to do so rather than elicit whole networks.
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Of course, eliciting networks via surveys is not the only option. In-depth, repeated interviews
are a useful approach in highly sensitive contexts (e.g. Parkinson (2013)). Technology opens up
several other avenues for observing networks. In contexts where people regularly use online social
media, this offers an observable measure of certain online interactions (see González-Bailón and
Wang (2016)). In fact, researchers have documented a strong correspondence between the deter-
minants of the strength of relationships maintained online and offline (Bisbee and Larson 2017),
and people’s strongest ties on Facebook are often their strongest ties offline (Jones et al. 2013).
Mobile phones also present opportunities to observe networks, including the possibility of tracing
movement (Christia et al. 2017) and tracking who calls whom (Eubank 2018). Sociometric badges
worn by participants record movements relative to one another and offer another observable
measure of some kind of social tie (Olguin et al. 2006). Common to all of these approaches is
the need for strong theory. While the technology only records certain kinds of ties (following,
retweeting and mentions on Twitter), it is up to the researcher to make sure that it is these
ties that are most relevant to the question at hand. The same principles of study design—espe-
cially the need for careful theory—apply in these domains as well.

We have walked the reader through several important tradeoffs to consider when designing a
study that will measure networks in the field. Throughout, we have stressed the hazards of
importing sampling techniques from settings where observations are independent, and the
importance of considering design tradeoff before arriving in the field. Careful thought ex ante
maximizes the chance that scholars make the best use of finite time and resources in the field
and return with data that can meaningfully answer research questions. In particular, the stronger
the underlying network theory—which nodes matter, exactly which links among them matter
and why—the easier the design will be. While research teams heading to the field can consider
theory case by case, this guide also highlights the value of strong theory on its own.

Our hope is that this guide makes network data collection in the field easier and less error-
prone, and encourages those who would have otherwise been deterred by such an onerous task
to reconsider. The more political science is able to pin down the relationship between networks
and political outcomes, and can be precise about which links in networks affect which outcomes,
the more fruitful the empirical study of networks will be.

Supplementary Material. The supplementary material for this article can be found at https://doi.org/10.1017/psrm.2019.5

Acknowledgments. We gratefully acknowledge Cesi Cruz, Franziska Keller, Lucy Martin, Sarah Parkinson, Matthew
Simonson, and Josef Woldense for helpful comments on this paper.
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