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Abstract

This paper studies how the structure of friendship networks affects risk sharing in
villages. Using techniques for partially identified econometric models, we construct a
sharp bound on the true risk-sharing rate, which takes into account nomination errors
in survey responses, and implement interval estimation. We show that the diameter
of a network has a negative and significant impact on risk sharing. Our result implies
that policymakers can effectively improve risk sharing between households by adopting
policies that increase the network connectivity of individuals in the periphery of the
social network.
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1 Introduction
In times of trouble, individuals rely on friends and family. Such mutual assistance
is particularly important in developing areas, where formal risk-sharing devices
are scarce. Although full insurance of risks without a formal risk-sharing device
is impossible (Townsend, 1994), when underlying social networks are incomplete
(i.e., not all individuals are linked with one another), certain network structures
are still related to better risk sharing because they may be advantageous for infor-
mation processing. This paper investigates how the structures of social networks
affect risk sharing in villages.

The role of social networks in risk sharing has been widely studied in the lit-
erature (see Fafchamps, 2011, for a survey). Recently, Bloch, Genicot, and Ray
(2008) investigate the structure of self-enforcing insurance networks. Ambrus,
Mobius, and Szeidl (2014) further study the question how local obligations and
transfers aggregate up to good global risk-sharing, by developing a model in which
connections between individuals serve as social collateral to enforce informal in-
surance payments. To our knowledge, however, only a few papers (e.g., Jackson,
Rodriguez-Barraquer, and Tan, 2012) investigate which types of network struc-
tures are advantageous for risk sharing. Alatas, Banerjee, Chandrasekhar, Hanna,
and Olken (2016) show that information processing in a community depends on
its social network structure. Because risk sharing between households is based on
information about neighbors’ incomes and consumption, network structures are
likely to affect risk sharing as well.

Using the “Social Networks and Microfinance” data from Banerjee, Chan-
drasekhar, Duflo, and Jackson (2013), we find that more expanded friendship net-
works lead to less risk sharing. An important policy implication of our results
for developing areas with limited access to formal insurance devices, is that risk
sharing between households can be improved through policies that increase the
network connectivity of individuals in the periphery of the social network (e.g., a
transportation subsidy for those who are in the periphery of the network to partic-
ipate in social events).

Our empirical results are robust to measurement errors prevalent in risk-sharing
data. In our data, it happens that two individuals would borrow money from each
other, but neither of them would lend money to one another. To deal with such
measurement errors, we employ techniques for partially identified econometric
models and construct a bound for the true risk-sharing rate. We then apply an esti-
mation method for an interval outcome variable (Beresteanu and Molinari, 2008).
Comparison of results between estimations with and without taking into account
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measurement errors demonstrates the advantage of our estimation approach that
allows for an interval outcome variable.

2 Data
We use the “Social Networks and Microfinance” dataset from Banerjee et al.
(2013), which contains individuals’ characteristics and social connections from
75 villages in rural India. We use the friendship (i.e., close non-relative) network
and two types of risk-sharing networks: the Money network, which includes the
“borrow money from” and “lend money to” relations, and the Rice–Kerosene net-
work, which includes the “borrow rice/kerosene from” and “lend rice/kerosene
to” relations.

We consider the degree distribution, the first (largest) eigenvalue, the diameter,
and the clustering coefficient to represent the network structure (Jackson, Rogers,
and Zenou, 2017). The degree distribution is the most natural network character-
istic, in which the degree of a node is the number of links each individual in the
network has to other agents. As is standard in describing distributions, we use the
mean and the coefficient of variation, or equivalently, the relative standard devi-
ation of the degree distribution to capture the village composition of individuals
by popularity.1 In particular, the mean degree measures the density of links in
society and captures the fraction of possible links between all pairs of nodes that
are present in a network. Higher moments of the distribution such as the variance
or the coefficient of variation may have significant consequences for behavior as
well. As the coefficient of variation rises, the network resembles a hub-and-spoke
structure. In contrast, networks with a low coefficient of variation are closer to be-
ing regular, where individuals have similar degrees. Such variations in a network
structure may have an effect on risk sharing.

The first eigenvalue of the network adjacency matrix has become a key quan-
tity important for the study of a variety of network dynamic processes.2 Let λ1 (G)
denote the first eigenvalue of the adjacency matrix G. Bollobás, Borgs, Chayes,
and Riordan (2010) show that if the information transmission probability through
a link is greater than or equal to 1/λ1 (G), then almost all nodes become informed,

1We use the coefficient of variation instead of the standard deviation of the degree distribution
because the standard deviation is affected by the level and therefore not a useful measure by itself.
We thank a referee for pointing this out.

2An adjacency matrix is a square matrix such that its (i, j) element is one when i and j are
linked, and zero otherwise.
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and therefore, λ1 (G) can be deemed positively related to information aggregation
within the network (Alatas et al., 2016).

The diameter of a network measures the size of the network as determined
by the longest of all the path lengths of pairs. It represents the linear size of a
network, and measures the degree of a network’s expansion. Its value is negatively
correlated with the speed of information diffusion through a network; that is, if
the diameter of a network is long, then information diffusion will be slow.

Clustering is essentially a measure of the local correlation or dependence
among the locations of links. It captures to what extent the presence of a link
is correlated with the presence of proximate links. The role of clustering in en-
forcing social norms is extensively discussed in Coleman (1988). As one of the
commonly used statistics in the literature to capture this notion of clustering, the
total clustering coefficient Cn of network n measures how likely one individual’s
two friends are connected. Hence, it is directly related to the number of friendship
triangles in a network.3 The total clustering coefficient is defined as

Cn =
3×number of friendship triangles in network n

number of connected triplets of nodes in network n
. (1)

Table 1 shows the descriptive statistics of the aforementioned five network
characteristics.

Table 1: Friendship network characteristics
Mean SD Minimum Maximum

Average degree 6.116 0.521 5.195 7.429
CV of degree distribution 0.514 0.078 0.403 0.796
Diameter 12.480 1.528 9 16
First eigenvalue 14.488 4.925 7.950 30.322
Clustering coefficient 0.371 0.077 0.215 0.599

(1) CV: coefficient of variation
(2) Total: 75 villages

3An alternative measure of clustering is the average clustering coefficient in which one con-
siders the percentage of friendship triangles out of potential triples on a node-by-node basis and
then averages across nodes. Our estimation results are robust to those two different measures of
clustering.
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3 Empirical Framework
We let RS∗n be the true risk-sharing rate in village n:

RS∗n =
Number of pairs shared risks in village n

Total number of pairs in village n
. (2)

We attempt to regress the true risk-sharing rate RS∗n on village-level socio-economic
characteristics xn and on network characteristics zn as follows:

RS∗n = x′nβ1 + z′nβ2 + εn, (3)

where εn is the network-level unobserved variable.
In this paper, we observe nominated risk-sharing relations rather than realized

ones. Specifically, our data are based on the following survey questions: “Who
would you borrow money from?” and “Who would you lend money to?” There
exists a discrepancy that individual A would borrow money from individual B,
but B would not nominate A to be a risk-sharing partner to whom he or she would
lend money. Due to this nomination error, RS∗n is unobserved. Instead, we observe
the nominated risk-sharing rate RSn.

To deal with the nomination error, we compute a probability bound for RS∗n.
Note that there are two types of misnomination: nominating the wrong partner or
non-nominating an existing partner. We assume that the two types of misnomi-
nation occur with an equal probability, namely, the equal probabilities of indirect
misclassification (EPIM), introduced by Nicoletti, Peracchi, and Foliano (2011).
We let A∗n and An be the true and nominated sets of risk-sharing relations in village
n, respectively. Further, we define i j ∈ An to denote the nominated risk-sharing
relation between i and j. The EPIM assumption is then written as

Pr(i j /∈ A∗n|i j ∈ An) = Pr(i j ∈ A∗n|i j /∈ An). (4)

By the law of total probability, the true risk-sharing rate for village n is:

RS∗n = Pr(i j ∈ A∗n|i j ∈ An)Pr(i j ∈ An)+Pr(i j ∈ A∗n|i j /∈ An)Pr(i j /∈ An)

= (1−Pr(i j /∈ A∗n|i j ∈ An))Pr(i j ∈ An)+Pr(i j ∈ A∗n|i j /∈ An)(1−Pr(i j ∈ An))

= (1−Pr(i j /∈ A∗n|i j ∈ An)−Pr(i j ∈ A∗n|i j /∈ An))RSn +Pr(i j ∈ A∗n|i j /∈ An)
(5)

For each village, we compute the misnomination rate λn as the proportion of
pairs that are nominated in only one of the borrowing or lending networks.4 For

4We implement the procedure separately for each type of risk sharing.
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example, one (or both) of the two individuals in a pair wants to borrow money
from the other, but neither of them wants to lend money to the other. We let λn
be the maximum value for the probability of indirect misclassification. The true
risk-sharing rate then lies between RSn and (1−2λn)RSn +λn.5

For each village, we obtain a bound [RSL,n,RSU,n] = [RSn,(1−2λn)RSn+λn],
which covers RS∗n with probability one. With this interval-valued outcome variable
[RSL,n,RSU,n], there are many parameter vectors, each of which equally minimizes
the sum of squared residuals; therefore, the model is set identified. Intuitively
speaking, implementing a regression model of all possible combinations of values
in the interval variable on the explanatory variables yields the estimated identified
set. We employ an econometric approach for estimation and inference with inter-
val outcome data, introduced by Beresteanu and Molinari (2008). This approach
targets the entire identification set of population parameters for inference, and pro-
vides asymptotically exact size critical values with which to test hypotheses and
construct confidence intervals. It readily applies to the model with interval data
such as ours.

4 Results
Table 2 reports the mean, the standard deviation and the length of the bound for
RS∗n across 75 villages. For monetary risk sharing (Money), the length of the
bound is 0.09 percentage points on average, with a range between 0.025 and 0.234
percentage points. Given that risk-sharing relations are sparse (e.g., the average
nominated risk-sharing rate is 0.769%), these bounds are non-negligible.6

5Note that, if RSn ≤ 0.5, as in our data, then (1−2λn)RSn +λn ≥ RSn.
6The results are similar for the Rice-Kerosene network.
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Table 2: Bounds for the risk-sharing rate
Money

Mean SD Min Max
Misnomination rate 0.090% 0.045% 0.025% 0.242%
RSU 0.857% 0.283% 0.426% 1.921%
RSL 0.769% 0.249% 0.398% 1.696%
Interval length (percentage points) 0.088 0.044 0.025 0.234

Rice–Kerosene
Mean SD Min Max

Misnomination rate 0.071% 0.044% 0.017% 0.0023%
RSU 0.794% 0.267% 0.412% 1.751%
RSL 0.724% 0.240% 0.384% 1.620%
Interval length (percentage points) 0.070 0.043 0.016 0.224

(1) SD: standard deviation
(2) Total: 75 villages

We run both ordinary least squares (OLS) estimation (with the assumption
that the nominated risk-sharing rate was true) and interval estimation for the two
types of risk sharing to ensure robustness. Results are similar for both types of
risk sharing, and therefore, we focus on monetary risk sharing. We only report the
estimation results for specifications that include village-level socio-demographic
control variables because the results are almost identical without those control
variables.

The OLS and interval estimation results are respectively shown in Tables 3
and 4, where Columns (1)–(5) report results from five separate regressions with
network characteristics included one by one, and Column (6) presents estimates
for a regression equation, where all the network variables are included at the same
time. As discussed in Alatas et al. (2016), given the correlation among the net-
work variables, the partial correlations conditional on other network characteris-
tics are generally complicated and cannot be clearly interpreted.7 Therefore, our
interpretations and policy implication are primarily based on the results from the
one-by-one specifications.

7We thank a referee for pointing this out.
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Table 3: Results (OLS estimation)
VARIABLES (1) (2) (3) (4) (5) (6)
Panel A. The effect of network structure on risk sharing (Money)
Average degree -0.0003 -0.0002

(0.0006) (0.0010)
CV of the degree distribution -0.0023 0.0272***

(0.0043) (0.0081)
Diameter -0.0007*** -0.0008***

(0.0002) (0.00019)
First eigenvalue -0.00012** -0.0007***

(0.00006) (0.00016)
Clustering coefficient -0.0034 0.0223***

(0.0038) (0.0054)
R2 0.065 0.065 0.220 0.111 0.070 0.435
Controls Yes Yes Yes Yes Yes Yes
Panel B. The effect of network structure on risk sharing (Rice–Kerosene)
Average degree -0.0001 0.0001

(0.0006) (0.0010)
CV of the degree distribution -0.0020 0.0242***

(0.0041) (0.0081)
Diameter -0.0006*** -0.0008***

(0.00016) (0.0002)
First eigenvalue -0.0001* -0.0007***

(0.00006) (0.0002)
Clustering coefficient -0.0022 0.0218***

(0.0037) (0.0054)
R2 0.060 0.064 0.227 0.101 0.064 0.436
Controls Yes Yes Yes Yes Yes Yes
Observations 75 75 75 75 75 75

(1) CV: coefficient of variation
(2) Controls: average age, average education, and proportions of males, general caste individuals and village natives.
(3) *** p<0.01, ** p<0.05, * p<0.1
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When the network variables are included one by one, the diameter has a neg-
ative and significant effect on risk sharing, as shown in both OLS and interval
estimations. If a network diameter increases by one degree, the risk-sharing rate
in Money will decrease by between 0.05 and 0.09 percentage points. Given that
the average risk-sharing rate is 0.769%, such an increase in the diameter will re-
sult in at least a 6.5% decrease in risk sharing, which is economically significant.8

The diameter of a network is closely related to the expansiveness of the social
network and depends on the presence of individuals whose network connectivity
is substantially lower than others due to high costs of attachment to socially or
geographically distant nodes (Jackson and Rogers, 2005). Hence, the negative co-
efficient on the diameter indicates that less risk sharing occurs if relatively isolated
individuals exist in a village network.

The negative sign for the first eigenvalue implies that when village information
is more precisely aggregated, risk sharing appears to decrease, which seems coun-
terintuitive because asymmetric information on the income of others is related to
low risk sharing in the literature (e.g., Thomas and Worrall, 1990). However, as
shown in Column (2) in Table 4, once we take into consideration the nomination
errors in the regression, the first eigenvalue becomes insignificant. This result im-
plies that ignoring the nomination errors may mislead the effect of network vari-
ables on risk sharing, and demonstrates the advantage of the interval estimation
approach when measurement errors are present in risk-sharing data.

The average degree does not have a significant effect on risk sharing. Although
more connections typically help better communication, having a higher average
degree may not guarantee better information aggregation (Alatas et al., 2016).
Similarly, our finding indicates that the average degree is not strongly associated
with risk sharing. The coefficient of variation is also insignificant, implying that
regular networks in which individuals have similar degrees and networks that re-
semble a hub-and-spoke structure have no statistically different risk sharing rates.
The clustering coefficient also has no significant effect on risk sharing.

Including all network variables in the regression model as shown in Column
(6) of Tables 3 and 4, we once again find a negative effect of the diameter on
risk sharing. In contrast, the coefficient of variation of the degree distribution and
the clustering coefficient appear to be positively correlated with risk sharing. The
reason we obtain different results here from those shown in the one-by-one regres-
sions might be explained as follows. Holding all the other network characteristics
constant, raising clustering leads to more risk sharing. However, an increase in

8Note that the difference in diameter between the longest and shortest networks is 7 degrees.
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clustering of a network may not give a positive effect if such an increase changes
other patterns of the network.

Our analysis with the one-by-one specifications has an important policy im-
plication for developing areas, where formal microfinance devices are rare. Even
without access to formal insurance, policymakers can improve risk sharing be-
tween households by adopting policies that increase the network connectivity of
individuals in the periphery of the social network. Such policies include: support-
ing village leaders to regularly meet rather isolated individuals and subsidizing
transportation costs to individuals in the periphery of the network to encourage
their participation in social events.

It should be cautioned that the interpretation of our findings is constrained by
the survey design. There are two potential caveats of our study to consider. First,
the survey only covered roughly half of the population in each village, that is,
the other half do not have a chance to name who they would borrow money from
or lend money to. Hence, there is a potential issue due to missing information.
Second, there may be a trade-off between the quantity and quality of risk-sharing
friends, so having more risk-sharing friends does not necessarily mean that there is
a higher degree of insurance against idiosyncratic risk. However, in the survey, we
were not able to find questions which relate to and can thus be used to control for
the quality of risk-sharing friends. Further research may be carried out to extend
this study by expanding the survey to cover the whole population and adding
questions which can be used to measure the quality of risk-sharing friends to the
survey questionnaire.

5 Conclusion
This paper examines how the structure of friendship networks affects risk shar-
ing in villages. To yield results that are robust to nomination errors prevalent in
risk-sharing data, the techniques for partially identified econometric models are
employed, and the interval estimation is carried out for the two types of risk shar-
ing, the Money network and the Rice-Kerosene network. Our results indicate that
more expanded friendship networks lead to less risk sharing. Accordingly, poli-
cymakers can effectively increase risk sharing between households by adopting a
policy that improves the network connectivity of individuals in the periphery of
the social network in developing areas even when no formal insurance devices are
available.
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