
Does So
ial Capital redu
e moral hazard?A network model for non�life insuran
edemandGiovanni Millo∗, Gia
omo Pasini†This version: February 9, 2007Abstra
tWe study the e�e
t of moral hazard involved in non market 
on-tra
ts on the demand for marketed 
ontra
ts. We extend the Arnottand Stiglitz model on the 
oexisten
e of market and non�market in-suran
e to allow for the presen
e of So
ial Capital as a determinantof the severity of moral hazard in informal 
ontra
ts. We provide arigorous de�nition of So
ial Network and So
ial Capital by means ofan equilibrium 
on
ept typi
al of the Network literature. Su
h a for-mal approa
h gives us a 
lear guidan
e for measuring So
ial Capitaland validate the model on empiri
al data. The model is estimatedon a panel dataset, supporting our 
laim that So
ial Capital in
reasesthe demand for non�life insuran
e. We test for the presen
e of spatial
orrelation, and 
on
lude that the the spatial stru
ture of demand fornon�life insuran
e 
ontra
ts is determined by the spatial distributionof So
ial Capital.JEL Classi�
ation: C21, D85, G22, Z13Keywords: Insuran
e, So
ial Capital, Network stability, Spatial Paneldata model1 Introdu
tionSo
ial Capital is a 
on
ept not limited to so
iology: during the last 20 yearsit spread out and has been used a
ross almost all so
ial s
ien
es. Despitesu
h a great interest and huge amount of resear
h on it, it's still a sugges-tive word that reminds of many di�erent but related resear
h �elds, rather
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than a pre
ise 
on
ept. Further on, the study of so
ial 
apital has a lotto do with Italy: the seminal book by Putnam [15℄ about demo
ra
y andinstitutions' e�
ien
y a
ross Italy is a sour
e of overwhelming empiri
al ev-iden
e on the relevan
e of so
ial 
apital in Italian so
ial life. Fo
using one
onomi
s, re
ently Guiso et al. [12℄ found that so
ial 
apital in�uen
es theasset allo
ation 
hoi
es of Italian households: they started from the idea thatany �nan
ial 
ontra
t involves trust, whi
h is strongly 
orrelated to So
ialCapital, and found empiri
al results on this relation.Our question is whether it matters also on individual 
hoi
es about in-suran
e expenditure. In parti
ular, we are interested in demand for non�lifeinsuran
e 
ontra
ts. While life insuran
e 
an be assimilated to pension fundsand other �nan
ial assets in terms of e
onomi
 rationale - it's an investmentwhi
h gives a return - for non�life insuran
e things are di�erent. Householdsbuy a non�life insuran
e 
ontra
t to avoid the risk of su�ering losses in somefuture state of the world: they pay a �xed pri
e (the premium) to transfermoney from a future un
ertain state of the world to a 
ertain one. Arnottand Stiglitz [2℄ set up a model where together with market insuran
e, indi-viduals 
an enter in non�market mutual insuran
e 
ontra
ts. In their modelthe role played by non market insuran
e is related to peer monitoring: ifinformational asymmetry between the insurer and the 
ustomer still holdsin non�market 
ontra
ts, they are dysfun
tional and non�market insuran
edispla
es market 
ontra
ts redu
ing so
ial welfare. Vi
e versa, if individu-als 
an observe other individuals' e�ort, non�market 
ontra
ts are welfareenhan
ing sin
e they provide extra insuran
e 
overage at the market pri
eset by the insuran
e 
ompany. What they 
all peer monitoring is a
tuallythe severity of moral hazard in non�market agreements. We will show thatthe lower the level of moral hazard, the higher the aggregate demand formarket insuran
e. We will also formally link moral hazard and so
ial 
api-tal, 
on
luding that so
ial 
apital itself in
reases the aggregate demand forinsuran
e. A 
areful de�nition of So
ial Capital and its role in the modelallows us to test our 
on
lusions empiri
ally.Previous studies on Italy leave spa
e for su
h a model. Lenzi and Millo[13℄ found that the Italian insuran
e market exhibits spatial heterogeneityand spatial 
orrelation at the provin
e level even after 
ontrolling for a num-ber of demographi
s. If heterogeneity in the di�usion of insuran
e 
ontra
tsis due to di�eren
es in the degree of So
ial Capital, it is reasonable to thinkthat its di�usion does not follow administrative provin
e boundaries: there-fore, our explanation is 
oherent with the presen
e of spatial 
orrelation atthe provin
e level. The so
ial 
apital interpretation is suggestive also foranother reason: Durlauf and Faf
hamps [7℄ point out that a possible role forso
ial 
apital in e
onomi
 models is to limit market ine�
ien
ies when in-stitutions fail to resolve them: In Italy family ties are frequently substitutesfor ine�
ient institutions. Religious (mainly 
atholi
) 
ommunities as wellas some other professional and voluntary asso
iations play a role in supple-2



menting part of the so
ial welfare not provided by the State: disabled andelder people assistan
e or s
holarships are some examples.The paper is stru
tured as follows: the se
ond se
tion des
ribes Arnottand Stiglitz's [2℄ model. The following one extends it to provide a formalde�nition of So
ial Capital and to in
lude it as a determinant of the demandfor market insuran
e. Su
h an extension will be done within a Network ap-proa
h. Before going to empiri
al validation of our model we des
ribe thedataset. The �fth se
tion is dedi
ated to the de�nition of an empiri
al mea-sure for So
ial Capital. The sixth part des
ribes the estimation pro
edureand results. In the seventh se
tion we 
arry on the analysis of the spatialstru
ture of the model. Last se
tion 
on
ludes.2 The modelArnott and Stiglitz [2℄ were interested in the general equilibrium and welfaree�e
ts of non market insuran
e and peer monitoring. Their model providesthe ba
kground to study the e�e
t of moral hazard and therefore - as wewill see in the next se
tion - of So
ial Capital on the demand for marketinsuran
e.The starting point is the 
anoni
al moral�hazard model without non mar-ket insuran
e. There is a single and �xed damage a

ident. The probabilityof its o

urren
e, p(e), is stri
tly 
onvex and de
reasing in the individual'se�ort at a

ident avoidan
e, e, whi
h is not observable to the insurer. Indi-vidual wealth is w, the damage 
aused by the a

ident d. Individuals pay apremium β and re
eive a net payout α in 
ase the a

ident o

urs. Assum-ing a well behaved (in
reasing and stri
tly 
on
ave), separable and event�independent utility fun
tion, individuals maximize their expe
ted utility
EUM = (1 − p(e))U(w − β) + p(e)U(w − d + α) − e

= (1 − p(e))u0 + p(e)u1 − e
(1)At the 
ompetitive 
onstrained equilibrium, the insurer o�ers less thanfull insuran
e to indu
e the 
lients to augment their e�ort at a

ident avoid-an
e, i.e. d − α > β, meaning that the ordering of states of the world interms of utility is not altered: the wealth redu
tion in the �good� state of theworld, β, must be lower than the wealth redu
tion in the �bad� state, d−α.This equilibrium is stable only if 
lients pur
hase no additional insuran
e.Su
h a 
ondition must be enfor
eable by the insurer. This ex
lusivity 
on-dition is not far from what happens in the real world: insuran
e 
ompanies
annot for
e their 
lients to buy just one 
ontra
t, but they ask them toreveal whi
h other 
ontra
ts they have 
overing the same risk, and in 
aseof a

ident o

urren
e payout is divided proportionally among insurers.3



Non-market insuran
e is introdu
ed as follows: a 
ouple of symmetri
individuals, i and j, agree that if one of them has an a

ident and the otherdoesn't, the latter will transfer δ to the former. Ea
h of them realizes thatthe extra insuran
e will pay out if they have an a

ident and their partnerdoesn't, therefore their expe
ted utility 
hanges:
EUNMO

i = (1 − p(ei))(1 − p(ej))U(w − β) + p(ei)p(ej)U(w − d + α)

+ (1 − p(ei))p(ej)U(w − β − δ)

+ p(ei)(1 − p(ej))U(w − d + α + δ)

− ei

= (1 − p(ei))(1 − p(ej))u0 + p(ei)p(ej)u1

+ (1 − p(ei))p(ej)u2 + p(ei)(1 − p(ej))u3 − ei

(2)
Individuals maximize their utility 
onsidering α and β and therefore the
ontra
t's pri
e q as �xed: they per
eive that if they enter a mutual 
ontra
tthey 
an buy extra insuran
e at the market pri
e q. They 
hoose δ, whi
h isthe premium but also the payo� of the non�market agreement. Further onea
h of them 
onsiders her partner as rational and assumes she will 
hoosethe level of e�ort whi
h maximizes her own utility.If ea
h individual does not observe the others' e�ort, the ex
lusivity pro-vision 
annot be enfor
ed: ea
h 
lient pays an extra premium δ if the partnerhas an a

ident and he doesn't, while he re
eives an extra payo� δ in theopposite 
ase. It is optimal for them to redu
e the e�ort while the insuran
e
ompany is still o�ering the same 
ontra
t. This is a partial equilibrium re-sult sin
e it doesn't 
onsider the rea
tion of insuran
e 
ompanies to agents'behavior. In a General Equilibrium 
ontext the 
ompany knows that the re-quired level of e�ort for the o�ered 
ontra
t 
annot be enfor
ed: non marketinsuran
e 
rowds out market insuran
e and individuals substitute insuran
eprovided by a risk neutral insurer with that provided by a risk averse one.Individual's expe
ted utility, EUNMU , is lower than without non�marketinsuran
e.Vi
e versa, the authors show that if individuals 
an observe perfe
tly ea
hother's e�ort, it is optimal for the individuals to provide non market insur-an
e up to full 
overage to augment the risk sharing opportunity. Individuals
hoose δ and ei given q(α, β). Again ea
h of them assume the peers enteringnon�market agreements are rational, therefore the optimal level of e�ort willbe the same for everybody: as in the previous 
ase, ei = ej ⇒ p(ei) = p(ej).Then, (2) simpli�es to

EUNMO = (1 − p)2u0 + p2u1 + p(1 − p)(u2 + u3) − e (3)The utility maximizing non�market agreement is δ∗ = (d − α − β)/2,whi
h brings 
overage up to full insuran
e. Furthermore, substituting u2 and4



u3 in (3) and taking the derivative it's 
lear that expe
ted utility is in
reasingin δ between 0 and the utility�maximizing δ∗. The key di�eren
e with theprevious 
ase is that sin
e there is perfe
t peer monitoring there is no moralhazard in non�market agreements: therefore a positive value of δ implies apositive level of e. Furthermore, from �rst order 
onditions, it is easy toprove that the e�ort is not only positive but also in
reasing in δ between 0and the optimal level δ∗ as long as p(e) < 1
2
1. The e�ort is nevertheless lowerthan without non�market agreement sin
e the 
overage is now higher. Theinsuran
e 
ompany will rea
t to the e�ort redu
tion but won't be displa
ed:it maximizes its expe
ted utility with respe
t to β and α under the zeropro�t 
ondition α = 1−p

p β and assuming that individuals maximize theirown utility (i.e., e = e∗ and δ = δ∗). Up to now we proved that with peermonitoring at the new equilibrium individuals will enjoy full 
overage at thepri
e of substituting part (but not all) of the 
overage provided by a risk�neutral insurer with 
overage from a risk averse one. We 
an go further:we 
an prove non�market agreements are welfare enhan
ing. We must showthat EUM < EUNMO. From (1) and (3),
(1 − p)u0 + pu1 − e < (1 − p)2u0 + p2u1 + p(1 − p)(u2 + u3) − e

u0 + u1 < u2 + u3

u0 − u2 < u3 − u1

u(w − β) − u(w − β − δ) < u(w − d + α + δ) − u(w − d + α) (4)The inequality holds sin
e utility is stri
tly 
on
ave and β > d − α dueto moral hazard between the market insurer and 
lients. Su
h a result is
ru
ial on
e heterogeneity among individuals is introdu
ed. Insurers o�erdi�erent 
ontra
ts based on observed 
hara
teristi
s of individuals su
h asage or marital status and on past statisti
s as loss ratios in a parti
ularregion2. What they are not able to do, due to information asymmetry, is too�er di�erent 
ontra
ts based on individual e�ort. The result by Arnott andStiglitz tells us is that if the probability of a

ident o

urren
e is small, forany 
ontra
t o�ered α, β and for any positive level of non�market 
overage
δ up to δ∗, individual expe
ted utility is higher than without non marketagreements:

ENMO
j [U |Xj ] > EM

j [U |Xj ] (5)where Xj is a ve
tor of observable individual 
hara
teristi
s, EUNMOis expe
ted utility with non market 
ontra
ts and perfe
t peer monitoring,
EUM is expe
ted utility with only market insuran
e.1Su
h a 
ondition is reasonable: individuals want to insure against events with highlosses d but small probability p2the loss ratio for a type of a

ident is the ratio between 
laims paid and premiumin
ome. 5



Arnott and Stiglitz were interested in the welfare e�e
ts of non�marketagreements. We want to investigate how the demand for insuran
e 
hanges.Individual expe
ted utility without any insuran
e 
ontra
t is
Ej[U |Xj] = (1 − p(ej))Uj(wj |Xj) + p(ej)Uj(wj − d|Xj)In general, j is willing to buy insuran
e if

Ej [U |Xj ] < EY
j [U |Xj]where Y stands for M if only market insuran
e is available and Y =

NMO if there are also non�market agreements. The question is whetherthere exist `marginal' js that are willing to buy market insuran
e only ifnon�market insuran
e is also provided.Suppose non�market agreements are not available. If the insurer is ableto dis
riminate 
lients' preferen
es toward insuran
e perfe
tly but for the un-observed e�ort, those marginal js 
annot exist: the insurer 
an o�er di�erent
ontra
ts αX , βX to groups of homogeneous individuals 
lustering them onthe basis of X. If the insuran
e 
ompany is willing to sell any 
ontra
t withina group, it o�ers a 
ontra
t αX , βX su
h that everybody would maximizeutility buying the available 
ontra
t. In other words: within ea
h groupeither nobody buys any 
overage, or everybody does.Things are di�erent in the more realisti
 
ase in whi
h the insurer is ableto dis
riminate 
lients based on individual 
hara
teristi
s up to a 
ertainlevel. This means that not all x ∈ X are observable by the insurer, that isfor
ed to pool 
lients with di�erent preferen
es together. At equilibrium theinsurer o�ers a di�erent 
ontra
t αX , βX to ea
h group su
h that
EM

j [U |Xj , αX , βX ] > EM
j [U |Xj , α, β] ∀(α, β) (6)but sin
e the di�erent 
lients are pooled together αX , βX 
an't be optimalfor everybody:

∃j : Ej [U |Xj, αX , βX ] > EM
j [U |Xj, αX , βX ] (7)Now suppose non�market agreements are introdu
ed: (5) is valid for any
ontra
t α, β, meaning that it holds also for αX , βX . Therefore, there isspa
e for some j to be

ENMO
j [U |Xj, αX , βX ] > Ej[U |Xj , αX , βX ] > EM

j [U |Xj , αX , βX ] (8)If the insurer takes into a

ount the presen
e of the non�market agree-ments, the new optimal 
ontra
t is α∗
X , β∗

X and
ENMO

j [U |Xj , α
∗
X , β∗

X ] > ENMO
j [U |Xj, α, β] ∀(α, β) (9)6



While by (6)
EM

j [U |Xj, αX , βX ] > EM
j [U |Xj, α

∗
X , β∗

X ] (10)Then, sin
e j satis�es (6) by (9) and (10) it satis�es also
ENMO

j [U |Xj , α
∗
X , β∗

X ] > Ej [U |Xj , α
∗
X , β∗

X ] > EM
j [U |Xj, α

∗
X , β∗

X ] (11)The impli
ation of the model is therefore that if
• the insurer 
annot perfe
tly dis
riminate individuals, and
• there is moral hazard between the insurer and 
lients while there isperfe
t peer monitoring within non�market agreements,we should observe a (positive) marginal e�e
t on demand for market insur-an
e with the introdu
tion of non�market agreements.Nevertheless there is still something to do in order to a
hieve a testableimpli
ation: we would like to dis
riminate peers of individuals endowed withnon�market agreements and to measure the level of peer monitoring withinthose 
ommunities.It should be 
lear now that what Arnott and Stiglitz 
all peer monitoringis essentially the severity of moral hazard within the pair entering a nonmarket 
ontra
t. As the authors point out, the latter depends on re
ipro
alobservability of the e�ort but also on the duration of the partnership, thelevel of trust between them, the severity of punishment when deviating froman agreement, the power of reputation and so
ial pressure: in one word, theseverity of moral hazard depends on the sto
k of so
ial 
apital a 
ommunityis endowed with.3 A network�based de�nition of So
ial CapitalAs already pointed out in the introdu
tion, there isn't a 
lear�
ut de�ni-tion of So
ial Capital. It is an elusive 
on
ept that de
lines into parti
ularmeanings depending on the 
ontext where it is used. So
ial Capital is asuggestive idea, but in order to have a testable model we need to formalizethis 
on
ept. Durlauf and Faf
hamps [7℄ point out as a 
ommon feature ofmany de�nitions of So
ial Capital the fo
us on interpersonal relationshipsand so
ial networks. This is the reason why we use a network approa
hproposed by Vega�Redondo [16℄.Suppose that pairs of individuals that enter a non market insuran
e agree-ment with a given δ 
an 
hoose in ea
h period whether to put an e�ort

eNMU , whi
h is the one with moral hazard in the Arnott Stiglitz framework,or eNMO, e�ort without moral hazard. If expe
ted utility is de
reasing inthe e�ort, su
h a game is a Repeated Prisoner's dilemma. From (2),7



∂EU i

∂ei
=

[

− (1 − p(ej))u0 + p(ej)u1

− p(ej)u2 + (1 − p(ej))u3

]

p′(ei) − 1

= [(u3 − u0)(1 − p(ej) + (u1 − u2)p(ej)] p
′(ei) − 1

(12)whi
h is de
reasing in ei if β+δ < d−α−δ, i.e. the total 
ost of insuran
e,
β + δ must be lower than the loss su�ered when the a

ident o

urs. If this
ondition holds (together with p(e) < 1

2), the game rewritten in strategi
form with expe
ted utilities as payo�s is of the Prisoner's dilemma type(see �gure 1). Sin
e marginal utility is de
reasing in the (own) e�ort, forindividual i we 
an write
EUH

ij = EU(ei = eNMU , ej = eNMO) > EUNMO
ij

EUL
ij = EU(ei = eNMO, ej = eNMU ) < EUNMU

ij

Player i

Player j
eNMO eNMU

eNMO EUNMO
ij , EUNMO

ji EUL
ij , EUH

ji

eNMU EUH
ij , EUL

ji EUNMU
ij , EUNMU

jiFigure 1: the non�market insuran
e game in strategi
 formOn
e this game is put in a dynami
 setting, the so
ial network 
an bedes
ribed as in Vega�Redondo [16℄: we have a �nite population of agents
N = {1, 2, . . . , n} where ea
h pair of intera
ting agents i, j is involved inan in�nite repetition of the des
ribed game. Players' 
onne
ting de
ision is
aptured by a dire
ted graph ~g ⊂ N ×N , where ea
h dire
ted link (i, j) ∈ ~gis player i de
ision to 
onne
t with player j. Suppose now that every linkingde
ision lead to play. We have a de�nition for so
ial network:De�nition 1 (So
ial Network) The so
ial network indu
ed by the linkingde
ision ~g is the undire
ted graph g ⊂ N × N de�ned as

∀i, j ∈ N, (i, j) ∈ g ⇐⇒ [(i, j) ∈ ~g ∨ (j, i) ∈ ~g]and for any player i the set of her neighbors is
Ni = {j ∈ N : (i, j) ∈ g}

8



In order to 
omplete the repeated game model we need a rule for in-formation di�usion within the network: in our model information spreadaround the network only gradually. To be spe
i�
, at ea
h round beforeplaying i, j share information about their behavior with their neighbors, i.e.whether they deviated from the 
ooperative strategy. To sustain a 
ooper-ative equilibrium it's also ne
essary that ea
h agent adopts a strategy thatpunish de�an
e: i for
e herself to play a trigger strategy, i.e. she will swit
hto defe
tion with j as soon as she knows j deviated with some of her neigh-bors. More formally, for any agent i the strategy sg = (sg
1, . . . , s

g
n) is of thefollowing type:1. �rst, player i 
hooses whether to start her intera
tion with j puttinge�ort eNMO (whi
h is to 
ooperate) or to put e�ort eNMU ;2. in the following rounds, she rea
ts immediately to the news j did notstart with eNMO with some k ∈ Nj swit
hing irreversibly to eNMU inher game with j.In order to give a de�nition of an equilibrium, some additional notationis needed: πi(s

g) is the overall payo� from the link (i, j) given the strategy
sg; for every agent i sg

C and sg
D are the strategies that starts respe
tivelywith 
ooperation and defe
tion with all the agents k ∈ Ni.De�nition 2 (Pairwise�stable Network (PSN)) a PSN is a network wherefor every separate link, the two players have in
entives to sustain the 
oop-erative equilibrium, i.e.

∀(i, j) ∈ g πi(s
g
C) ≥ πi(s

g
D)The 
onne
tion of this de�nition with the So
ial Capital literature is
lear on
e the PSN is 
hara
terized in terms of 
ohesiveness. Let de�neDe�nition 3 (i�ex
luding distan
e) di(j, k), the i�ex
luding distan
e be-tween j and k is the shortest path joining j and k whi
h does not involveplayer i. In other words, it is the number of steps needed for any informa-tion held by j to rea
h k (and vi
e versa) without the 
on
ourse of i.ThenProposition 1 Let g be a So
ial Network where agents play the des
ribedgame, and they all fa
e a 
ommon dis
ount fa
tor η ∈ (0, 1). De�ne νik =

EUNMO
ik − EUL

ik Then, g is a PSN if and only if for all (i, j) ∈ g

EUNMO
ij +

∑

k∈Ni/{j}

ηdi(j,k)
[

ηEUNMO
ik + (1 − η)νik

]

≥ (1 − δ)EUH
ij9



Proof of proposition 1 is in the appendix and follows the one in Vega�Redondo [16℄. The impli
ations of this proposition are:
• Stability is more likely in large span networks, i.e. in networks whereea
h agent i has a large neighborhood Ni;
• Stability is more likely in 
ohesive networks, i.e. in networks with smallex
luding distan
es di(j, k).It is also 
lear that, sin
e payo�s are un
ertain, the level of volatility inthe model is inversely related with stability. Given this formalization,De�nition 4 (So
ial Capital) The sto
k of So
ial Capital of the network

g is the density3 of g.Going ba
k to the �rst part of the model, we showed that demand formarket insuran
e in
reases as moral hazard involved in non�market insur-an
e falls. In a pairwise stable network agents have no in
entives to redu
ethe e�ort, i.e. moral hazard is inversely related to network stability. There-fore, from de�nition 4 the empiri
al impli
ation of the model is that demandfor market insuran
e is in
reasing in So
ial Capital. Further on, as Vega�Redondo pointed out 
ohesiveness is network 
ounterpart of Coleman's 
on-
ept of 
losure of a So
ial Network. We have a se
ond empiri
al impli
ation:demand for market insuran
e is higher in 
losed networks.4 Demographi
s and insuran
e dataIn order to identify the e�e
t of so
ial 
apital on insuran
e pur
hases, wehave to 
ontrol for the determinants of insuran
e development. Theoreti-
al models of non-life insuran
e demand, starting from the seminal paper ofMossin ([14℄), predi
t that for a given level of risk exposure insuran
e de-mand is in
reasing with risk aversion, probability of loss and wealth at stake.Empiri
al studies identify some observable 
ounterparts. Wealth, when notobservable, is generally proxied by means of in
ome or bank deposits; so itis risk exposure, whi
h is in turn related to total wealth and the level of e
o-nomi
 a
tivity. Loss probability may too be related to in
ome as a measureof e
onomi
 a
tivity; urbanization has also been suggested for this purpose(Browne et al. [4℄). Loss ratios4 have also been suggested as a proxy for theprobability of loss. Aspe
ts of risk aversion may be 
aptured by edu
ationor the age stru
ture of the population, even though the expe
ted sign of thee�e
t is un
lear (see Browne and Kim [5℄, Gra
e and Skipper [11℄ and thedis
ussion in Browne et al. [4℄).3The density is the average number of links per agent (degree) in the network.4Loss ratios are de�ned as the ratio of 
laims in
urred to premiums earned.10



4.1 Controlling for supply side variablesWe stated in se
tion 2 that an insuran
e 
ompany has a limited dis
riminat-ing power, i.e. it 
an o�er di�erent 
ontra
ts (whi
h means di�erent pri
es)based on observable 
hara
teristi
s of individuals in a parti
ular subpopula-tion, but it 
an't o�er individual 
ontra
ts based on e�ort, whi
h is alwaysunobserved by the insurer. This means that in an empiri
al investigation ondemand for insuran
e it is 
ru
ial to 
ontrol for supply side 
hanges (i.e. foro�ered pri
es), in order to be sure that the marginal e�e
ts of interest (whi
hwe investigate based on the demand equation) are not 
ompletely absorbedby equilibrium pri
es. This is a non�trivial problem: as S
hlesinger (in [6℄)notes, "it is often di�
ult to determine what is meant by the pri
e and thequantity of insuran
e. [...℄ the fundamental two building blo
ks of e
onomi
theory have no dire
t 
ounterparts for insuran
e". In pra
ti
e we 
an usuallyonly observe insuran
e 
onsumption, the produ
t between equilibrium pri
eand quantity, jointly determined by the interplay of supply and demand.The 
hoi
e of a pri
e variable, when available at all, is therefore far frombeing obvious. We 
annot observe the amounts insured, therefore in
lusionof medium premium rates, whi
h would probably be best, is ruled out. Weresort therefore to the loss ratio, as e.g. in [9℄, observing that the role of thisindex as a proxy for market riskiness 
ould lead to some ambiguity. Due tounavailability of data on losses for the non-life market as a whole, we in
ludethe aggregate loss ratio for the property se
tor only (Fire, Motor non-TPL,Other material loss).Lastly, given the importan
e of tied agents in the distribution of insuran
eprodu
ts (this 
hannel did a

ount in 2000 for 88.3 of non-life premium vol-ume)5, the number of agen
ies per 
apita has been in
luded as a supply-sidedriver, inversely related to the opportunity-
ost of sear
hing for insuran
e
overs.Our dataset 
onsists mainly of an ex
erpt for the years 1998-2000 fromthe Geo-Starter database provided by Istituto Taglia
arne, an institutioninside SiStaN (the Italian national statisti
al system). It provides both�rst-hand data and an organized 
olle
tion of data from various institu-tional sour
es. Data on insuran
e premiums, in parti
ular, are 
olle
ted ona provin
ial basis by ISVAP, the Italian insuran
e Authority, divided intothree 
ategories: life, 
ompulsory third party liability, the vast majority ofwhi
h regarding motor vehi
les, and other non-life. While motor third partyliability is a homogeneous 
lass, both life and other non-life 
omprise verydi�erent kinds of poli
ies.5In
luding motor TPL.
11



4.2 Measuring insuran
e 
onsumptionAs noted above, we are only able to observe the equilibrium value of insur-an
e 
onsumption, and neither the quantity nor the pri
e of insuran
e. Fur-thermore, measuring insuran
e 
onsumption a
ross administrative regions ofdi�erent e
onomi
 and demographi
 �size� requires resorting to some kindof relativization. Two 
ommon normalized measures are used in the litera-ture as well as among pra
titioners: insuran
e penetration, de�ned as theratio of insuran
e premiums on GDP, measures the importan
e of the insur-an
e se
tor with respe
t to the total e
onomy; insuran
e density, de�ned aspremiums per 
apita, measures average per 
apita expenditure. We fo
ushen
eforth on premiums per 
apita. In the same fashion, all variables sub-je
t to a size bias in the information set have been normalized with respe
tto the relevant ben
hmark.4.3 Lo
ational issuesPremium data are registered a

ording to the lo
ation of sales point as 
om-muni
ated by the 
ompanies. Besides the inevitable aggregation bias dueto the arbitrarinesses of administrative boundaries with respe
t to the geo-graphi
 dimension of e
onomi
 phenomena (see Anselin [1℄), some importantadditional biases may arise if the lo
ation of sales point is di�erent from thea
tual lo
ation of the insured.First, mostly for big 
ontra
ts negotiated by brokers but also for somedistribution agreements, e.g., in ban
assuran
e, some big units, usually lo-
ated in an important industrial or �nan
ial 
enter, are a

ountable for allbusiness nationwide. This happens, for example, for marine insuran
e premi-ums 
olle
ted by business units lo
ated in the main harbours for 
ustomerslo
ated and doing business elsewhere, or for some nationwide salesmen net-work whose business goes through a single agen
y, typi
ally lo
ated at the
ompany headquarters.Se
ond, 
olle
tive poli
ies pur
hased by the �rms as a mandatory 
overor as a fringe bene�t for their employees, most typi
ally in the a

ident,health and life 
lasses, are bound to one sales point lo
ation even if they area
tually insuring risks spread over a wider territory.4.4 Administrative boundaries in ItalyIn the following, we refer to the Italian administrative units 
alled provin
e,
orresponding to level 3 in the NUTS (Nomen
lature of Territorial Unitsfor Statisti
s) 
lassi�
ation by Eurostat, using the generi
 name of regions,and to the 
lassi�
ation used by Istat, the Italian statisti
al o�
e, whenspeaking of ma
ro-regions. Ma
ro-regions divide the 20 NUTS2 Italian re-gions (regioni) into 5 aggregates: North-West, North-East, Centre, Southand Islands. 12



5 How to measure So
ial Capital?In the third se
tion we ta
kled one of the major problems pointed out byDurlauf and Faf
hamps [7℄, whi
h is to give a sound e
onomi
 meaning toSo
ial Capital. Now we have to address a se
ond 
ontroversial issue: areasonable empiri
al measure of this so
iologi
al 
on
ept.Our de�nition suggests a somewhat natural way to measure So
ial Capi-tal e�e
t: as we stated in the previous se
tion, what matters is so
ial 
apitalendowment and 
losure of So
ial Networks. Sin
e we have provin
e leveldata, we want to measure the density and 
ohesiveness of so
ial networks
hara
terizing ea
h provin
e. We are not the �rst to try to measure 
losurewith this kind of data: Goldin and Katz [10℄ based their empiri
al measureof So
ial Capital intensity dire
tly on Coleman's de�nition of 
losure. Theyhave a dataset on s
hooling and some e
onomi
 variables on Iowa, USA in1915. The detail is at 
ounty level, 
omparable to Italian provin
es. Theirmeasure was the proportion of 
ounty population living in small towns. Their
laim was thatSmall town in Ameri
a was a lo
us of asso
iations (religious, fra-ternal/sororal, business, and politi
al organizations) that 
ouldhave played an important role in galvanizing support for the pro-vision of lo
al publi
ly provided goods [. . . ]. These asso
iations
[. . . ] provide another indi
ator of 
ommunity 
ohesion.As they did, we want to measure 
losure of so
ial networks with the di-mension and isolation of 
ommunities. Goldin and Katz's measure 
an berepli
ated for our data, but it's not su�
ient to identify isolated 
ommu-nities: in 1915 Iowa the overall population density was very low, thereforeliving in a small village meant at the same time living kilometers far awayfrom other towns. Nowadays Italy on the 
ontrary is 
hara
terized by a veryhigh population density. This means that living in a small town doesn'tne
essarily mean living in an isolated pla
e. An example is the Po valley innorthern Italy: towns 
an be really small, below 1000 inhabitants, but theyoften happen to be one beside another with no free land in the middle. Thismeans that the per
entage of population living in small towns alone doesnot ne
essarily identify isolated 
ommunities. Therefore, our 
laim is thatthe degree of 
losure of so
ial networks 
hara
terizing an Italian provin
e isidenti�ed by the per
entage of population living in towns with less than 1000
itizens (pupop1000), but also by other three variables. The �rst two arethe fra
tion of provin
e's hill territory (per
sup.
) and the fra
tion of moun-tainous territory (per
sup.m), whi
h should 
ontrol for `Po valley' e�e
t.The third variable 
ontrols for a di�erent potential sour
e of 
ohesiveness: aprovin
e where people are mainly involved in agri
ulture 
ould be expe
tedto be a 
losed 
ommunity (in the Coleman sense), either for 
ultural reasons13



or for 
ommon working interests. Su
h an e�e
t is 
aptured by the fra
tionof territory devoted to agri
ulture (per
sup.agr), whi
h in this 
ontext seemsmore meaningful and 
oherent with our de�nition of so
ial 
apital than thepure Goldin and Katz measure. Those variables seems to be informative, i.e.they do not simply follow a North�South gradient:pupop1000 Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0.3158 0.5512 0.7080 0.6492 0.7805 0.8443North East 0 0.1183 0.4085 1.6490 2.0880 13.780Centre 0 0.4006 0.7385 1.6300 1.6120 14.430South 0 0 1.936 2.901 2.612 20.520Islands 0 0 0.2445 2.0190 1.9270 12.670per
sup.m Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0 9.078 44.960 43.180 64.310 100North East 0 0 24.540 29.170 40.200 100Centre 0 7.080 31.680 31.020 42.480 85.320South 0 3.990 29.730 32.120 54.200 100Islands 0 0 11.100 16.860 30.680 66.300per
sup.
 Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0 6.503 18.700 25.240 38.250 97.290North East 0 0 20.380 23.120 35.910 100Centre 0 47.310 65.500 60.580 74.140 100South 0 32.100 52.950 47.590 60.980 80.910Islands 33.700 53.520 65.200 64.610 73.880 86.970per
sup.agr Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0.0684 0.1911 0.3766 0.4254 0.6884 0.9101North East 0.1173 0.4370 0.6626 0.5735 0.7328 0.8843Centre 0.1717 0.4133 0.5166 0.5035 0.6147 0.7603South 0.2202 0.5632 0.6638 0.6372 0.7545 0.9197Islands 0.3158 0.5512 0.7080 0.6492 0.7805 0.8443The network de�nition we use for So
ial Capital is a lo
al intera
tion
on
ept: the so
ial network is based on dire
t links among individuals andtherefore quite probably on geographi
 proximity.Moral hazard may well depend also on global intera
tion e�e
ts. Tobe spe
i�
, it may depend on a trust feeling towards others by individualnot ne
essarely indu
e by dire
t linking, but based on general experien
e,prejudi
e, 
ulture and so on. If global intera
tions have a role in explainingmoral hazard and therefore insuran
e demand, a measure of them must bein
luded among the regressors in order to have an unbiased estimate of lo
also
ial intera
tion e�e
ts, sin
e global and lo
al intera
tions are likely to be14



Figure 2: geographi
al distribution of pupop1000 and agri
ultural landpupop1000 per
sup.agr
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Figure 3: geographi
al distribution of mountainous and hill territoryper
sup.m per
sup.
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orrelated. To measure global intera
tion, we follow Guiso, Sapienza andZingales [12℄ using an index derived from a question in the "World ValueSurvey", run in Italy in 1999. The question asked was�Using the responses of this 
ard, 
ould you tell me how mu
hyou trust other Italians in general? (5) Trust them 
ompletely,(4) Trust them a little, (3) Neither trust them, nor distrust, (2)Do not trust them very mu
h, (1) Do not trust them at all�The answers to the "World Value Survey" are published aggregated atregional level. This 
ould generate a potential 
ollinearity problem with thema
ro�areas dummies, nevertheless Trust index values don't seem to followexa
tly a north�south gradient:trust Min. 1st Qu. Median Mean 3rd Qu. Max.North West 3.172 3.313 3.313 3.316 3.371 3.371North East 3.132 3.22 3.352 3.302 3.386 3.398Centre 3.068 3.11 3.185 3.239 3.351 3.351South 3.029 3.091 3.244 3.201 3.247 3.625Islands 3.172 3.172 3.172 3.191 3.236 3.236Figure 4: geographi
al distribution of Trust

6 Model estimation and resultsOur dataset is a balan
ed panel: we have 103 observations (one for ea
hprovin
e) observed over three years, from 1998 to 2000. A pooled OLS is16



likely to be ine�
ient, sin
e the IID hypothesis on the error terms is usuallyinappropriate in panel data settings. On
e the longitudinal dimension of thedataset is taken into a

ount, su
h a hypothesis 
an be tested. If the poola-bility test reje
ts, the 
hoi
e remains open between a �xed e�e
ts (FE) anda random e�e
ts (RE) spe
i�
ation. In our 
ase we are for
ed to 
hoose RE:FE estimators are based on within�group heterogeneity, i.e. they require allthe explanatory variables to vary within ea
h group (in our 
ase, within ea
hprovin
e). Two of our key explanatory variables are based on the shape ofa provin
e's territory, whi
h is 
learly invariant. Even ex
luding these re-gressors, many other variables have a low variability a
ross years and withinea
h provin
e6, whi
h would redu
e the e�
ien
y of a FE estimator.6.1 The panel modelThe e
onometri
 model to be estimated in its most general form is the fol-lowing error 
omponents model:
yit = Xitβ + νi + ǫit i = 1, . . . , 103; t = 0, . . . , 2 (13)where X , ui and ǫit are independent of ea
h other and both un
orrelatedwith the explanatory variables. yit is the log of non�life insuran
e premiumsper 
apita in provin
e i in year 1998 + t.De�ning ξit = νi + ǫit, the assumption that sho
ks are independent 
anbe rewritten as

Var(ξit) = σ2
ν + σ2

ǫ

Cov(ξit, ξis) = σ2
ν ∀t 6= s

Cov(ξit, ξjs) = 0 ∀t 6= s, i 6= jA test for the RE model against a pooled OLS is a test for
H0 : σ2

ν = 0
H1 : σ2

ν > 0Assuming normality of the errors, a parsimonious testing strategy 
anbe based on the Lagrange Multiplier prin
iple: the OLS model is estimatedand then maintained, while it is 
ompared to the more general alternativein a maximum likelihood framework. Test statisti
s are based on the OLSresiduals without need to estimate the panel model. Baltagi [3℄ reports theoriginal LM test derived by Breus
h and Pagan together with some re�ne-ments. We run the King and Wu modi�
ation, whi
h is distributed as astandard normal7. The result of the test is 0.8895, with p�value equal to6See the summary table in the appendix.7This is a lo
ally mean most powerful re�nement of the usual Breus
h�Pagan χ2 test.Breus
h and Pagan test H0 : σ2

ν = 0 against H1 : σ2

ν 6= 0, thus reje
ting for σ2

ν < 0,whi
h should be ex
luded by the model restri
tions. The original Breus
h and Pagan teststrongly reje
ts the null. 17



0.1869, thus not providing any eviden
e in favor of the random e�e
ts model.Relaxing the assumption of �well behaved� residuals (see 15) and (16 be-low), another test for the RE hypothesis feasible in short panels is given inWooldridge ([17℄). This is based on estimation of σν
2 from the upper triangleof the N empiri
al Ω blo
ks given by the outer produ
t of the residuals ve
-tors ṽi = (ṽi1, . . . , ṽiT ). The result of the test is 5.4713, with p�value smallerthan 10−7, this time favoring the random e�e
ts model. As RE estimatorsremain 
onsistent under the OLS spe
i�
ation, we pro
eed estimating an REmodel.6.2 The random e�e
ts modelUnder the RE spe
i�
ation, homoskedasti
ity in both νi and ǫit and no serial
orrelation in ǫit, the varian
e-
ovarian
e matrix of the errors be
omes

V = σν
2(IN ⊗ iT i′T ) + σǫ

2(IN ⊗ IT ) (14)where IN is the N × N identity matrix and iN is a N × 1 ve
tor of 1.Therefore, V is blo
k-diagonal with
V = IN ⊗ Ω (15)where

Ω =













σ2
ǫ + σ2

ν σ2
ν . . . σ2

ν

σ2
ν σ2

ǫ + σ2
ν . . .

...
. . .

. . . σ2
ν

σ2
ν σ2

ǫ + σ2
ν













(16)Observations regarding the same provin
e share the same νi e�e
t, thusthe relative errors are auto
orrelated, with Corr(visvit) = σ2
ν

(σ2
ǫ +σ2

ν)
. Ordi-nary least squares estimates for β in model (13) are therefore ine�
ient,though 
onsistent. Generalized least squares (GLS) are the e�
ient solutionif Ω is known. Various feasible GLS pro
edures exist drawing on 
onsistentestimators of Ω.The standard approa
h to RE panels is to assume both (15) and (16). In�large N� panels a less restri
tive approa
h is possible, termed general FGLSestimator (GGLS)[17℄, whi
h allows for arbitrary intra-group heteroskedas-ti
ity and serial 
orrelation of errors, i.e. inside the Ω 
ovarian
e blo
ks,provided that these remain the same for every individual. For the sake ofrobustness, we try out both estimators. Results are mu
h alike; GGLS arereported in the appendix.
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7 Spatial stru
tureAs observed while des
ribing insuran
e data, there are good reasons to thinkthat non�life insuran
e a
tivity may not follow provin
ial administrativeboundaries. For example, the latter may overlap with operational areas ofthe sales for
e, or there may be any other kind of 
ross-border pur
hase. Asin many other studies about the spatial distribution of an e
onomi
 phe-nomenon, this problem 
annot be negle
ted. In parti
ular, Lenzi and Millo[13℄ found eviden
e of spatial 
orrelation for several spe
i�
ations of regres-sions of insuran
e on a set of demographi
s, based on the very same dataset.In e
onometri
 appli
ations, proximity between data points in spa
e isusually 
hara
terized by means of a proximity matrix, say, W , 
ontaining ameasure of proximity for every pair of data points and, by 
onvention, settingthe diagonal to zero. Hen
e a spatial lag operator is de�ned su
h that Wy,the spatial lag of y, stands for �the values of y at neighboring lo
ations�8.Anselin [1℄ warns about the relevant 
onsequen
es on estimation (and, to alesser extent, on testing) of the 
hoi
e of W . Here we resorted to a proximitymatrix where ea
h entry wij is the inverse of 
oordinates' distan
e betweenprovin
e i and j, with a 
ut�o� point at 250km (i.e., any wij < 1/250 is setequal to 0). This has been row-standardized, so that the spatial lag of y,
Wy, is simply the weighted average of values of y at neighboring lo
ations.The two standard spe
i�
ations for spatial e�e
ts in regression modelsare the spatial lag (SAR) model:

y = ρWy + Xβ + ǫ (17)and the spatial error (SEM) model:
y = Xβ + e
e = λWe + ǫ

(18)The 
onsequen
es on estimation of omitting the lagged dependent vari-able are in
onsisten
y and biasness of parameter estimates. Negle
ting aspatial error stru
ture has less serious 
onsequen
es: estimates, while still
onsistent, are ine�
ient. Therefore, we 
on
entrated our analysis on a SARextension of our panel random e�e
ts model. Following Elhorst [8℄, sta
kingthe data as one 
ross se
tion for every point in time and assuming ǫ ∼ IID,the panel RE version of (17) be
omes
y = ρ(IT ⊗ W )y + Xβ + (iT ⊗ µ) + ǫwhere the varian
e 
ovarian
e matrix of (iT ⊗ µ) + ǫ is a blo
k matrixwhere ea
h blo
k 
orresponds to a point in time t and has the same stru
tureas V de�ned in the previous se
tion. Results are reported in Table 1.8See [1℄, Ch.3, for a 
lassi
 treatment. 19



Table 1: panel RE spatial autoregressive model estimates
oef se z pzlog(Ydpro
) 1.1881 0.1726 6.8852 0.0000log(dep/pop) 0.0780 0.0482 1.6186 0.1055I(pop25.54/popover60) 0.2101 0.1225 1.7148 0.0864I(va/1000) 0.0033 0.0013 2.5465 0.0109u −0.0006 0.0018 −0.3628 0.7168qexport 0.0517 0.0818 0.6311 0.5279I(va.serv/va) 0.3525 0.4452 0.7917 0.4285I(va.indutot/va) 0.4285 0.4462 0.9604 0.3368I(den/1000) 0.1037 0.0568 1.8264 0.0678num
ompfam 0.0335 0.1082 0.3098 0.7567lrpro 0.0157 0.0212 0.7379 0.4606log(ag/pop) 0.1238 0.0500 2.4743 0.0134inef −0.0509 0.0129 −3.9396 0.0001dum98 −0.0718 0.0116 −6.2073 0.0000dum99 −0.0226 0.0091 −2.4876 0.0129NO 0.0534 0.0601 0.8889 0.3741NE 0.0917 0.0539 1.7009 0.0890SU −0.2414 0.0606 −3.9818 0.0001IS −0.2606 0.0711 −3.6650 0.0002trust 0.4787 0.1397 3.4257 0.0006pupop1000 0.1165 0.0371 3.1360 0.0017per
sup.m 0.0027 0.0012 2.2276 0.0259per
sup.
 0.0009 0.0009 1.0260 0.3049per
sup.agr 0.0727 0.1469 0.4950 0.6206pupop1000:per
sup.m −0.0012 0.0003 −3.5274 0.0004pupop1000:per
sup.
 −0.0005 0.0001 −3.2824 0.0010pupop1000:per
sup.agr −0.0909 0.0398 −2.2827 0.0224rho 0.0908 0.0293 3.0979 0.0019
20



So
ial Capital e�e
ts are not 
ompletely absorbed by equilibrium pri
es:supply side proxies (in parti
ular log(ag/pop)) do have a positive e�e
t buttwo out of four So
ial Capital proxies have positive and signi�
ant 
oe�-
ients' estimates. Trust is positive and signi�
ant as well, 
on�rming therole of global intera
tions. About spatial stru
ture, as we expe
ted non�lifeinsuran
e demand exhibits spatial 
orrelation: ρ is positive and signi�
ant.Signi�
an
e of the intera
tion parameters suggests for a non�linear depen-den
e on our So
ial Capital proxies. Therefore we 
omputed marginal e�e
tsfor So
ial Capital variables.9.e�.marg. se t-ratio p-valuepupop1000 0.0086 0.0041 2.0802 0.0384per
sup.m −0.0010 0.0010 −1.0164 0.3103per
sup.
 −0.0007 0.0007 −0.9369 0.3496per
sup.agr −0.2181 0.1227 −1.7766 0.0767Marginal e�e
t of pupop1000, whi
h was the only one intera
ted with allthe other So
ial Capital variables, is positive and signi�
ant, even if redu
edin magnitude. Given these results, we investigated the relation betweenSo
ial Capital and spatial 
orrelation in the dependent variable.7.1 So
ial Capital and spatial e�e
tsAs for non�life insuran
e demand, So
ial Capital may not follow administra-tive boundaries and may exhibit a spatial stru
ture. A �rst eviden
e in thisdire
tion 
omes from the moran plots of non�life insuran
e and the so
ial
apital variables we 
hose (see �gure 5).Moran's I statisti
 is a spatial 
orrelation measure. In this 
ase the prox-imity matrix is a row�standardized di
hotomi
 matrix: Moran's I statisti
thus boils down to the regression 
oe�
ient of the variable of interest overits spatial lag (see [1℄). The Moran plot is the relative s
atter plot, whereon the x�axis there is the variable of interest and on the y�axis its spatiallag. The straight line is the OLS estimated one. Therefore graphs show thatboth the variable of interest (pp
d, whi
h are log premium per 
apita) andthe so
ial 
apital variables exhibit spatial 
orrelation. Moran's I statisti
sgives the same indi
ation if a distan
e�based W is used. What we expe
tedthan is that sin
e the empiri
al impli
ation of our model is a 
ausal relationbetween So
ial Capital and insuran
e demand, su
h a 
ausality should re�ein the spatial stru
ture as well.To test it, we repeated the panel SAR estimation for a model whi
h donot in
lude So
ial Capital variables, and 
ompared the magnitude of thespatial 
orrelation 
oe�
ient:9Marginal e�e
ts are 
omputed over the mean of the relevant variable.21



Figure 5: Moran plotspp
d pupop1000
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oef se z�stat p�value
ρ w/o So
. Cap 0.1730 0.0314 5.5138 < 10−4

ρ with So
. Cap 0.0908 0.0293 3.0979 0.0019Results of these tests are in line with the 
ausal relation implied bythe model: a panel model without so
ial intera
tions e�e
ts exhibits a sig-ni�
ant Spatial auto
orrelation stru
ture (ρ 6= 0). Augmenting the modelwith so
ial 
apital variables almost halves the spatial 
orrelation 
oe�
ient,meaning that So
ial Capital has a positive marginal e�e
t on non�life insur-an
e demand, and its spatial stru
ture a

ounts for a large part of insuran
edemand's spatial stru
ture.7.2 Robustness 
he
ksAnselin [1℄ points out the possible bias introdu
ed by a wrong 
hoi
e of theproximity matrix W . We performed a robustness 
he
k employing one bi-nary 
ontiguity matrix10 and two di�erent distan
e-based matri
es: the �rstbased on the inverse of road travelling distan
e, the se
ond on the inverse ofthe eu
lidean distan
e between the geographi
 
oordinates of 
apital 
itiesin ea
h provin
e. The results of the two alternative distan
e-based spe
i�-
ations are mu
h alike given the same 
ut�o� point, as they are 
hoosingdi�erent 
ut�o� points:Table 2: ρ 
oe�
ient by 
uto� pointKM 
oef se z pz50 0.0657 0.0201 3.2670 0.001175 0.0903 0.0205 4.3981 0.0000100 0.1036 0.0214 4.8310 0.0000125 0.1128 0.0224 5.0254 0.0000150 0.1194 0.0233 5.1199 0.0000175 0.1286 0.0246 5.2193 0.0000200 0.1112 0.0262 4.2418 0.0000225 0.0937 0.0278 3.3760 0.0007250 0.0908 0.0293 3.0979 0.0019On
e the model is estimated with the 0/1 matrix there is no eviden
eof spatial dependen
e regardless of the presen
e or not of the So
ial Capitalvariables11. Nevertheless given the problem at hand su
h a proximity matrixseems to us less reasonable than a distan
e based one: provin
es' extensions10A binary 
ontiguity matrix is a 0/1 matrix where wij = 1 if i and j share a 
ommonboundary, 0 otherwise.11results are not reported but are available upon request23



varies a lot, and so do travelling 
osts and So
ial Capital: a 0/1 matrix donot a

ounts for su
h an heterogeneity.A SAR model gives 
onsistent estimates, but if there is unexplained spa-tial 
orrelation in the error term these estimates may not be e�
ient. Toa

ount for that we would need a sort of spatial ARMA model, a

ountingboth for the autoregressive spatial 
omponent and the spatial error one. Inour 
ase we would need a panel version of su
h a model, whi
h is still anopen issue in the spatial e
onometri
 literature. Therefore, as a �rst testwe estimated a panel SEM (spatial error model) without the autoregressive
omponent. Elhorst [8℄ suggests the following spe
i�
ation:
y = Xβ + (iT ⊗ µ) + e

e = λ(IT ⊗ W )e + ǫWe report estimates of λ with proximity matri
es with di�erent 
ut�o�s:Table 3: λ 
oe�
ient by 
uto� pointKM 
oef se z pz50 −0.1966 0.1323 −1.4858 0.137375 −0.2188 0.1682 −1.3011 0.1932100 −0.2907 0.2198 −1.3224 0.1860125 −0.3650 0.2637 −1.3842 0.1663150 −0.4398 0.2936 −1.4982 0.1341175 −0.4626 0.3172 −1.4584 0.1447200 −0.4956 0.3403 −1.4563 0.1453225 −0.5312 0.3545 −1.4982 0.1341250 −0.5358 0.3690 −1.4520 0.1465
λ is never signi�
ant, thous providing eviden
e in favour of e�
ien
y ofthe SAR spe
i�
ation we 
hose.8 Con
lusionsWe started from Arnott and Stiglitz model on the 
o�existen
e of marketedand non�marketed insuran
e 
ontra
ts. We extended it to allow for So
ialCapital as a potential explanatory variable. We 
hose a network approa
h:non�market agreement are des
ribed as strategi
 de
isions of agents playinga prisoners' dilemma type of game with their neighbors. Ea
h of them adopta trigger strategy to punish neighbors deviating from the 
ooperative equi-librium in any game they are involved. Su
h a behavior lead to a PairwiseStable Equilibrium whi
h is more likely the higher the level of So
ial Capitalembedded in the So
ial Network. Here 
omes the �rst 
ontribution of our24



paper: the network approa
h we 
hose provide us with a formal de�nitionof So
ial Capital, whi
h is 
ru
ial to obtain a 
lear testable model. Theempiri
al part is 
arried out on a provin
e�level Italian dataset providedby Istituto Taglia
arne. We 
arefully built 4 proxies for So
ial Capital and
ontrolled for global intera
tions e�e
t. We estimated a Spatial autoregres-sive RE panel model, and our testable impli
ation, whi
h was of a positivemarginal e�e
t for So
ial Capital on demand for market non�life insuran
e,is 
on�rmed. Further on, we are able to explain a large part of the spatial
orrelation found by Lenzi and Millo on the very same dataset by means ofthe spatial stru
ture of our new explanatory variables.Referen
es[1℄ L. Anselin. Spatial E
onometri
s: Methods and Models. Kluwer A
a-demi
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A Proof of proposition 1The normalized payo� fun
tions in 
ase i 
ooperates with j is
πi(s

g
C) =

∑

k∈Ni

{

(1 − η)
∞
∑

τ=0

ητEUNMO
ij

}

=
∑

k∈Ni

EUNMO
ijwhile if i deviates her anti
ipated payo� is

πi(s
g
D) = (1 − η)EUH

ij +
∑

k∈Ni/{j}











di(j,k)−1
∑

s=0

(1 − η)δsEUNMO
ik



 + (1 − η)δdi(j,k)EUL
ik







= (1 − η)EUH
ij +

∑

k∈Ni/{j}

{





di(j,k)−1
∑

s=0

(1 − η)ηsEUNMO
ik



 + (1 − η)ηdi(j,k)EUNMO
ik

− (1 − η)ηdi(j,k)νik

}

= (1 − η)EUH
ij +

∑

k∈Ni/{j}

{(

1 − ηdi(j,k)+1
)

EUNMO
ik − (1 − η)ηdi(j,k)νik

}Therefore, the stability 
ondition
πi(s

g
C) ≥ πi(s

g
D)Can be rewritten as

∑

k∈Ni

EUNMO
ij ≥ (1−η)EUH

ij +
∑

k∈Ni/{j}

{(

1 − ηdi(j,k)+1
)

EUNMO
ik − (1 − η)δdi(j,k)νik

}

EUNMO
ij +

∑

k∈Ni/{j}

(

1 − 1 + ηdi(j,k)+1
)

EUNMO
ik ≥ (1−η)



EUH
ij −

∑

k∈Ni/{j}

ηdi(j,k)νik





EUNMO
ij +

∑

k∈Ni/{j}

{

ηdi(j,k)+1EUNMO
ik + (1 − η)δdi(j,k)νik

}

≥ (1 − η)EUH
ij

EUNMO
ij +

∑

k∈Ni/{j}

ηdi(j,k)
[

ηEUNMO
ik + (1 − η)νik

]

≥ (1 − η)EUH
ij (19)Whi
h is in the form of proposition 1.27



B Variables' des
ription and des
riptive statisti
sYdpro
 disposable in
ome per 
apitapop25.54/popover60 ratio of people aged 25-54 to people aged over 60inef indi
ator of juridi
al system ine�
ien
y: average duration of 
ivil trialsden/1000 population density, inh. per sq. Km (s
aled by a fa
tor of 1000)va.indutot/va share of industry on value addedva.serv/va share of servi
es on value addedu unemployment rateqexport share of export on total value addednum
ompfam average number of family memberslrpro loss ratio of the property se
tortrust trust indi
ator as de�ned by the World Values Survey (see above)pupop500 share of population living in towns with less than 500 inhabitantsper
sup.m share of mountainous territoryper
sup.
 share of hill territoryper
sup.agr share of the land devoted to agri
ulturedep/pop bank deposits per 
apitava/1000 total value added (s
aled by a fa
tor of 1000)ag/pop ratio of number of agen
ies over provin
e's populationA table with some des
riptive statisti
s follows.
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Min. 1st Qu. Median Mean 3rd Qu. Max.log(Ydpro
) 9.00 9.27 9.54 9.47 9.63 9.84I(pop25.54/popover60) 0.74 0.90 1.02 1.04 1.16 1.58inef 1.44 2.74 3.47 3.79 4.59 8.32I(den/1000) 0.04 0.10 0.17 0.24 0.26 2.66I(va.indutot/va) 0.11 0.21 0.28 0.28 0.33 0.46I(va.serv/va) 0.52 0.63 0.68 0.68 0.74 0.85u 1.71 5.01 7.55 10.90 16.14 33.16qexport 0.01 0.09 0.20 0.20 0.30 0.63num
ompfam 2.05 2.46 2.61 2.62 2.78 3.15trust 3.03 3.17 3.25 3.26 3.35 3.63pupop1000 0.00 0.30 1.38 3.20 3.28 20.52per
sup.m 0.00 0.00 30.68 31.92 52.43 100.00per
sup.
 0.00 17.25 42.40 41.95 63.14 100.00log(dep/pop) 1.35 1.78 2.20 2.11 2.38 3.09I(va/1000) 1.27 4.21 6.22 10.04 10.18 112.10lrpro 0.25 0.43 0.49 0.52 0.59 1.82per
sup.agr 0.07 0.38 0.59 0.55 0.73 0.92log(ag/pop) −8.98 −8.01 −7.73 −7.83 −7.62 −7.32pupop1000:per
sup.m 0.00 0.00 28.90 158.40 121.10 1666.00pupop1000:per
sup.
 0.00 0.00 35.85 107.50 104.00 1949.00pupop1000:per
sup.agr 0.00 0.18 0.56 1.41 1.53 15.07
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C Full estimation resultsC.1 GGLS Random E�e
ts panel estimation results withoutspatial 
orre
tion 
oef se t pt(Inter
ept) −7.232032 1.720103 −4.204418 0.000035log(Ydpro
) 1.156512 0.165342 6.994670 0.000000I(pop25.54/popover60) 0.268546 0.119293 2.251143 0.025149inef −0.051496 0.011580 −4.447068 0.000013NO 0.045594 0.055319 0.824209 0.410520NE 0.084450 0.049043 1.721975 0.086174SU −0.255475 0.054661 −4.673777 0.000005IS −0.288996 0.064639 −4.470903 0.000011dum98 −0.094306 0.012889 −7.316894 0.000000dum99 −0.036897 0.009717 −3.797031 0.000179I(den/1000) 0.102903 0.051126 2.012731 0.045097I(va.indutot/va) 0.405786 0.442339 0.917366 0.359738I(va.serv/va) 0.368092 0.434076 0.847990 0.397165u −0.000067 0.001900 −0.035110 0.972017qexport 0.022075 0.092149 0.239558 0.810848num
ompfam 0.016147 0.109742 0.147132 0.883133trust 0.510440 0.125794 4.057747 0.000064pupop1000 0.134755 0.033928 3.971815 0.000091per
sup.m 0.002976 0.001112 2.676534 0.007876per
sup.
 0.000725 0.000772 0.938466 0.348811log(dep/pop) 0.167496 0.051477 3.253771 0.001278I(va/1000) 0.002882 0.001207 2.386959 0.017650lrpro 0.014176 0.023118 0.613210 0.540234per
sup.agr 0.117385 0.134327 0.873875 0.382933log(ag/pop) 0.167453 0.054103 3.095078 0.002166pupop1000:per
sup.m −0.001326 0.000303 −4.377530 0.000017pupop1000:per
sup.
 −0.000477 0.000135 −3.522188 0.000499pupop1000:per
sup.agr −0.114299 0.036413 −3.138982 0.001876
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C.2 Spatial lag model (SAR) without So
ial Capital vari-ables 
oef se z pzlog(Ydpro
) 1.2750 0.1751 7.2838 0.0000log(dep/pop) 0.0791 0.0487 1.6237 0.1044I(pop25.54/popover60) 0.1969 0.1209 1.6281 0.1035I(va/1000) 0.0027 0.0013 2.0554 0.0398u −0.0003 0.0018 −0.1422 0.8870qexport 0.0869 0.0830 1.0465 0.2953I(va.serv/va) 0.3667 0.4342 0.8446 0.3983I(va.indutot/va) 0.5049 0.4444 1.1360 0.2560I(den/1000) 0.0727 0.0550 1.3227 0.1859num
ompfam 0.0522 0.1065 0.4899 0.6242lrpro 0.0138 0.0213 0.6492 0.5162log(ag/pop) 0.1299 0.0507 2.5615 0.0104inef −0.0392 0.0134 −2.9309 0.0034dum98 −0.0657 0.0118 −5.5488 0.0000dum99 −0.0178 0.0093 −1.9169 0.0553NO 0.1239 0.0503 2.4616 0.0138NE 0.0723 0.0486 1.4888 0.1365SU −0.2233 0.0636 −3.5088 0.0004IS −0.1792 0.0732 −2.4485 0.0143trust 0.2481 0.1337 1.8555 0.0635rho 0.1730 0.0314 5.5138 0.0000
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C.3 Spatial error model (SEM) with So
ial Capital variables
oef se z pzlog(Ydpro
) 1.2240 0.1722 7.1073 0.0000log(dep/pop) 0.0738 0.0461 1.5992 0.1098I(pop25.54/popover60) 0.2046 0.1210 1.6905 0.0909I(va/1000) 0.0032 0.0013 2.4845 0.0130u −0.0013 0.0018 −0.7136 0.4755qexport 0.0426 0.0817 0.5216 0.6020I(va.serv/va) 0.3719 0.4409 0.8435 0.3989I(va.indutot/va) 0.4555 0.4431 1.0281 0.3039I(den/1000) 0.1033 0.0572 1.8073 0.0707num
ompfam 0.0542 0.1068 0.5074 0.6119lrpro 0.0131 0.0206 0.6343 0.5259log(ag/pop) 0.1223 0.0468 2.6144 0.0089inef −0.0527 0.0130 −4.0540 0.0001dum98 −0.0778 0.0106 −7.3466 0.0000dum99 −0.0250 0.0080 −3.1192 0.0018NO 0.0691 0.0601 1.1498 0.2502NE 0.1031 0.0540 1.9105 0.0561SU −0.2682 0.0609 −4.4028 0.0000IS −0.2868 0.0716 −4.0067 0.0001trust 0.5257 0.1406 3.7396 0.0002pupop1000 0.1216 0.0374 3.2511 0.0011per
sup.m 0.0027 0.0012 2.1617 0.0306per
sup.
 0.0008 0.0009 0.9142 0.3606per
sup.agr 0.0476 0.1474 0.3227 0.7469pupop1000:per
sup.m −0.0012 0.0003 −3.6655 0.0002pupop1000:per
sup.
 −0.0005 0.0002 −3.3669 0.0008pupop1000:per
sup.agr −0.0949 0.0401 −2.3684 0.0179lambda −0.5358 0.3690 −1.4520 0.1465
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C.4 Spatial error model (SEM) without So
ial Capital vari-ables 
oef se z pzlog(Ydpro
) 1.3459 0.1757 7.6594 0.0000log(dep/pop) 0.0787 0.0469 1.6793 0.0931I(pop25.54/popover60) 0.2073 0.1205 1.7208 0.0853I(va/1000) 0.0024 0.0013 1.7754 0.0758u −0.0010 0.0018 −0.5502 0.5822qexport 0.0826 0.0832 0.9929 0.3208I(va.serv/va) 0.4062 0.4320 0.9403 0.3470I(va.indutot/va) 0.5533 0.4435 1.2475 0.2122I(den/1000) 0.0758 0.0558 1.3570 0.1748num
ompfam 0.0765 0.1059 0.7221 0.4702lrpro 0.0116 0.0208 0.5577 0.5771log(ag/pop) 0.1391 0.0477 2.9190 0.0035inef −0.0420 0.0136 −3.0877 0.0020dum98 −0.0792 0.0109 −7.2395 0.0000dum99 −0.0238 0.0083 −2.8802 0.0040NO 0.1650 0.0508 3.2510 0.0011NE 0.0946 0.0491 1.9265 0.0540SU −0.2769 0.0645 −4.2929 0.0000IS −0.2276 0.0743 −3.0635 0.0022trust 0.3258 0.1357 2.4011 0.0163lambda −0.5162 0.3665 −1.4086 0.1589
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