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Abstract

What are the aggregate and distributional consequences of the relationship be-
tween an individual’s social network and financial decisions? Motivated by several
well-documented facts about the influence of social connections on financial decisions,
we build and calibrate a model of stock market participation with a social network that
emphasizes the interplay between connectivity and network structure. Since connec-
tions to informed agents help spread information, there is a pivotal role for factors that
determine sorting among agents. An increase in the average number of connections
raises the average participation rate, mostly due to richer agents. A higher degree
of sorting benefits richer agents by creating clusters where information spreads more
efficiently. We show empirical evidence consistent with the importance of connectivity
and sorting. We discuss several new avenues for future research into the aggregate

impact of peer effects in finance.
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1. INTRODUCTION

This paper explores the aggregate and distributional consequences of several intuitive and
well-documented facts about stock market participation and social networks: peers influence
stock market participation (see e.g. Hong et al. , 2004; Kaustia & Kniipfer, 2012), there is
selection and sorting in social networks (Jackson, 2021), and participation costs exist and
decrease in know-how (Vissing-Jgrgensen, 2002). We include these features in a theoret-
ical model to study the aggregate and distributional impact of peer effects and network

structure.

Specifically, we ask three questions: First, how does the number of connections affect
equilibrium stock market participation? We refer to the average number of connections in the
model as connectivity. Second, how does network structure affect stock market participation?
With network structure, we specifically mean the tendency of individuals to sort based on
similarities, often called homophily. Homophily in human interactions has long been studied
in sociology and economics (Verbrugge, 1977; Jackson, 2014), and refers to the tendency of
people to associate with others who are like them. Third, how does network structure mediate
the effect of connectivity? For all questions, we consider the answer at the aggregate level and
for different groups. These questions are crucial for understanding how social networks affect
stock market participation in aggregate and help us formulate several intriguing avenues for

future research.

With these goals in mind, we build and calibrate a model of stock market participation
where all agents can share information in a network. Agents in the model have to pay an
agent-specific fixed cost to participate in the stock market, a common approach to modeling

the decision to invest in stocks. Fixed costs capture monetary, behavioral, and non-pecuniary



costs that make stock ownership uncomfortable for some households (Campbell, 2006)." We
let the fixed cost depend on the number of informed agents in each agent’s network. An
informed agent is any agent that already participates in the stock market. All agents in
the economy are connected with an ex-ante connectivity parameter that determines each
agent’s expected number of links. The likelihood of connecting with another agent depends
on a homophily parameter, defined as the difference between the probability of connecting
with an individual with a similar income and the probability of connecting with one from a
different income group. In our model, high homophily means that agents with low income
are more likely to be connected to low-income agents than to high-income agents, and vice
versa. Although we have chosen to focus on income in our main results, we later show results
when homophily is unrelated to factors that determine stock market participation.? While
the model is parsimonious, the setting is rich enough that we require simulations to answer

the questions we are interested in.?

The model endogenously generates an S-shape relationship between connectivity and
stock market participation. At low levels of connectivity, information sharing is limited, and
participation rates are low. Keeping all other model parameters constant, as connectivity
increases, more agents participate, become informed, and spread information, and participa-
tion rapidly increases. However, the information diffusion process slows down at higher levels
of connectivity. At a high level of connectivity, the network forms a giant component where
all agents are connected with a high probability. At this point, adding more connections
has little impact on stock market participation. We also show that increased connectivity

mainly benefits richer agents, who are closer to participating and thus need fewer informed

L Participation costs can be defined as money and time spent to invest in the stock market (Haliassos
& Bertaut, 1995; Briggs et al. , 2021), or as an economist’s representation of behavioral and psychological
factors that make stock ownership uncomfortable for some households (Campbell, 2006). Both channels are
likely to coexist; however, the previous literature mostly evaluates the first type.

2There is evidence of homophily in many other characteristics, for example, age, gender, years of schooling,
religion (Verbrugge, 1977), and there is also evidence of homophily in personality characteristics (Morelli
et al. , 2017) and risk aversion (Jackson et al. , 2023).

3We ensure that the simulations are robust by including a large number of agents and running results for
several different assumptions over various model parameters.



connections. Summing up, increased connectivity generates more participation but also
more ex-post inequality within our model by affecting stock market participation rates more

strongly among richer agents.

These results also leads us to a puzzle. Our model predicts that we should see rising
stock market participation as connectivity increases. However, stock market participation
has remained flat for all income groups in the United States over the last twenty years
despite the rapid growth in our ability to share information online through the Internet or
social media.? We discuss other factors that could explain the flat participation rates over
time, but overall, find that the development of most of these factors would predict higher
participation rates. For instance, the monetary cost of investing has surely declined over the
last twenty years, with the rise of index funds and low-cost brokerages. For participation to
be flat, logic dictates that another factor is pushing against, or at least mediates, the effect

of other positive changes. We now discuss one such factor.

Specifically, we show that homophily in social networks alters the relationship between
connectivity and stock market participation in nuanced ways. Suppose homophily increases
and agents become more likely to be connected to others with similar incomes. In that
case, the model endogenously generates clusters of high-income agents who can cover the
fixed costs and clusters of low-income agents without an opportunity to learn from informed
peers. In sparse networks, higher homophily almost always positively impacts average stock
market participation because of more efficient information transmission among rich agents.®
The increase in average participation rates is driven by wealthier agents, which increases
ex-post inequality. However, once all rich agents participate, the same low connectivity

and high homophily prevent poor agents from starting to invest in stocks. We also show

4Social media is used to share information about finances. Evans (2021) reports that 46 percent of Gen-Z
and Millenial investors in 2021 had used social media to find investment information in the last month.
There are several social networks for investing (Stocktwits, Reddit), and financial advice is readily available
on all social media platforms.

SHowever, once homophily is very high or equal to one, the effect turns negative with higher homophily
leading to lower stock market participation. In extreme cases, some disjoint components prevent information
transmission between different income groups.



that homophily is only important if it correlates with factors determining stock market
participation. Thus, increasing homophily leads to more efficient information sharing and
higher participation rates among rich agents, with little impact on the participation by

middle and low-income agents.

Higher ex-ante inequality also affects the relationship between connectivity and stock
market participation. Assuming that agents exhibit homophily in income, income inequality
affects the probability that agents with information are connected to other agents. Higher
inequality can generate higher participation rates since income is concentrated among agents
who can almost cover the fixed cost. With higher connectivity, however, increased inequality
generates lower participation since inequality leads to higher clusterization, decreasing the
likelihood of being connected to informed peers. Furthermore, while keeping average income
the same, higher inequality shrinks the share of agents who can pay the fixed participation

costs and decreases stock market participation.

Returning to the example of the flat stock market participation rates in the United
States, a high level of clustering among households that participate in the stock market
implies that the positive changes created by the rise of the index fund, the decline in costs,
and increased financial literacy will only benefit households in certain clusters. Alterna-
tively, increased homophily could counteract some of the other developments that would
push towards higher participation rates. Empirically, Bertrand & Kamenica (2023) offer
evidence that differences in social attitudes by income have increased somewhat over the
last four decades, while McCartney et al. (2021) show how political partisanship affects
financial decisions. Consistent with the idea that homophily and not just connectivity mat-
ter for stock market participation, we show that a general connectivity measure, the Social
Connectedness Index (SCI) from Facebook (Bailey et al. , 2018), does not predict varia-
tion in stock market participation across US counties. Instead, stock market participation

strongly correlates with economic connectedness, a measure that conveys information about



the connectivity between individuals with a high- and low socioeconomic status (Chetty
et al. , 2022a). Economic connectedness explains 42 percent of the variation in stock mar-
ket participation across US counties, whereas the SCI only explains 2 percent. Economic
connectedness is robust to including controls (e.g., income, age, education) and state-fixed
effects and is economically significant. This pattern is an aggregate consequence that our
model can explain. Viewed through the lens of our model, economic connectedness measures
connections between individuals who can share and benefit from information about the stock

market.

We acknowledge that a large literature, especially in banking, has documented the im-
portance of network structure for financial stability and contagion.® Nonetheless, we view
the ideas in this paper as important and novel in the context of household financial decision-
making. Our simulation results can be seen as a theoretical lab where we can explore the
impact of several well-established micro-facts about peers and stock market participation in
a controlled manner. The literature has focused on the (hard) question of providing plausible
evidence that peers affect financial decisions but has not yet tackled the aggregate or distri-
butional implications. Our results suggest that ceter paribus, higher homophily leads to a
larger gradient in stock market participation, which increases inequality. In addition, higher
inequality leads to less stock market participation among low-income individuals because
inequality affects network structure in the presence of homophily. Both these feedback loops

are important to consider when discussing the causes and consequences of rising inequal-
ity.

We also believe important questions immediately follow from the ideas in this paper.
For instance, quantifying how important rising polarization or increases in homophily are

for explaining flat stock market participation rates since 2000 is an exciting possibility for

future research in the United States or other countries. Another intriguing question is

6See e.g. Bernard et al. (2022), Allen & Gale (2000), Morris (2000), Elliott et al. (2014), and Amini
et al. (2016).



whether homophily in social networks has changed in a manner relevant to stock market
participation. Our results highlight that homophily matters for participation decisions only
if it is related to factors determining stock market participation, such as income. The
results in our model also provide a theoretical framework for linking rising polarization to
wealth inequality, given the importance of differences in returns for wealth inequality (Bach
et al. , 2020; Fagereng et al. , 2020). Finally, if informed peers are an important source
of information, as the literature would suggest, then it is important to ask who has access
to such information. To what extent can we explain the lack of stock market participation
among poorer households simply because they have no one to ask about how to invest? These
questions provide an new way forward for a literature that has established the importance
of informed peers for stock market participation but has not yet studied the aggregate and

distributional impact of the individual-level results.

Related literature. Our paper intersects with several strands of the large literature on
household financial decision-making and peer effects. First, a large literature investigates
the economic and social drivers of inequality (see Jackson, 2021, and citations within). Ho-
mophily in social networks is linked to inequality through unequal access to jobs through
social connections, unequal awareness of opportunities, unequal information on how to take
advantage of opportunities, and differences in norms. Recent studies have documented that
wealthier households earn higher returns (Bach et al. , 2020; Fagereng et al. , 2020) because
of heterogeneity in individual skill, risk exposure, or access to information. Our framework
suggests that differences in financial information can arise because of homophily in social

networks.

Second, a large literature has documented that social interactions between agents affect
financial decisions (Brown et al. , 2008; Kaustia & Kniipfer, 2012; Bursztyn et al. , 2014;
Changwony et al. , 2014; Hvide & Ostberg, 2015; Knitipfer et al. , 2017; Arrondel et al. , 2022;

Patacchini & Rainone, 2017; Haliassos et al. , 2020; Ouimet & Tate, 2020; Balakina, 2022;



Balakina et al. , 2023). We argue that a potentially important yet overlooked aspect of peer
effect in finance is to examine the distribution and clustering of informed agents.” Most of the
empirical literature on peer effects in stock market participation focuses on the challenging
question of documenting that peer effect exists but spends little time investigating who has

access to informed peers.

Third, the limited stock market participation puzzle has been a major subject in finance
dating back to Arrow (1965).® Standard models of stock market participation show that
moderate participation costs can explain the non-participation of many US households but
not the richest ones (Haliassos & Bertaut, 1995; Vissing-Jorgensen, 2002). Recent papers
have also argued that entry- and exit rates are important for understanding the limited par-
ticipation puzzle (Bonaparte et al. , 2018; Brandsaas, 2021). Empirical work on participation
costs suggests that many households face high non-pecuniary costs to participation Andersen
& Nielsen (2010); Briggs et al. (2021). By allowing participation costs to vary with social
connectivity, we generate heterogeneity in stock market participation costs unrelated to in-
come or financial education. This assumption can help explain the flat participation rates

over time, even in the face of falling monetary costs of investing in the stock market.’

The rest of the paper proceeds as follows. Section 2 provides the model, and Section 3
provides the results from the model simulations. Section 4 discusses the empirical evidence

for the cross-section of US counties, Section 5 concludes.

2. THE MODEL

In this section, we propose a stylized model to study how the interaction between connectiv-

ity and other economic factors affects average stock market participation and participation

TAn exception is Fagereng et al. (2022), who examine sorting due to assortative mating.

8See e.g. Mehra & Prescott (1985), Fama & French (2002), Mankiw & Zeldes (1991), Haliassos & Bertaut
(1995), Heaton & Lucas (2000), Brav et al. (2002) and Vissing-Jorgensen (2002).

9Many monetary costs for investing have likely fallen over time, with the increased availability of online
financial education, low-cost trading platforms, and index funds.



across different income groups. The model setup has two main components. First, we for-
mulate the utility maximization problem of an agent with a fixed stock market participation
cost. This part follows the previous literature and is mostly inspired by the framework pro-
posed in Vissing-Jorgensen (2002). However, unlike the previous literature, we endogenize
the agent’s stock participation cost, assuming that it depends on the number of her peers
who already invest in stocks and can share financial knowledge. The second component of
the model setup describes how agents embedded in a social network share information about

the financial market and how the information diffusion process works.

2.1 GENERAL SETTING

We introduce a one-period, closed-economy model that describes the financial behavior of
an agent within a social network. At the beginning of the period, agents allocate their
endowment in the form of discretionary income between a risk-free and a risky asset, such as
a stock index, and at the end of the period, they consume the proceeds from the investment

portfolio in the form of a non-durable consumption good.

Risk-averse agents with identical CRRA preferences populate the economy. The utility

function of agent 7 is:

Ui (Win) = ’_77”Y>0>

where W, ; defines the level of wealth of agent ¢ at the end of the period, and v is the level of
relative risk aversion of the agent. Agents have initial endowment Wy = {W1 g, ..., W, ...W, 0}

distributed as %, (+), Wjo ~ Z,, (+).1°

The economy offers two investment opportunities. An agent can choose between investing
her initial endowment in a risk-free asset with a net return equal to zero, 7/ = 0, or investing

in a risky asset with a higher return. If agent ¢ decides to invest in the risky asset, she faces

0The inequality parameter is implicitly captured by the particular functional form of the function .%,, (-).
We do not need to make any specific assumption on function %, (-) for the general setting. However, in the
simulation part, we will assume log-logistic wealth distribution.



a participation cost, Fj, at the beginning of the period.!! The net return on the risky asset

r is a random variable with a binomial distribution such that

r. , with probability 7
rq , with probability (1 — ),

where r4 < 0 < r,. The expected net return on the risky asset is positive; that is:

mry+ (1 —m)rg >0

Because the terminal wealth W ; is equal to proceeds from the investment portfolio, we can
define W ; as
Wip= Wio— F;) (1 + Ar;), where j = {u,d},

where r; is a realization of the net risky-asset return at the end of the period, and X is the
share of income invested in the risky asset. If the agent decides not to invest in the risky
asset, her wealth at the end of the period remains equal to the endowment discretionary

income, W; ;1 = W, .

We assume that only agents whose initial discretionary income is larger than participa-
tion cost decide to invest in the risky asset. Therefore, if F' > W}, the agent does not invest

in the risky asset, and thus W;; = W, .

'The cost F; in the case of stock market investments includes the cost of time and money spent under-
standing basic investment principles as well as acquiring enough information about risks and returns, the
cost of time spent setting up an account, brokerage commission, and the time spent implementing the trade
(Vissing-Jgrgensen, 2002).



2.2 THE AGENT’S OPTIMAL INVESTMENT DECISION

We first consider the problem of an individual agent ¢ who decides how much to invest in

the risky asset. All agents in the economy solve the following optimization problem:

Wi
m)z\ixE(U(I/Viﬁl)) = Hl)é\iXE (1 Z_’l ) , v >0, (1)
st Wip=Wio—F) 1+ Ar;), for j={ud}, 0<A<L (2)

The assumption A < 1 implies that an agent allocates at most all of her discretionary income
to the risky asset and hence does not borrow to invest. Constraint (2) should be satisfied
with equality. Thus we can incorporate it into the equation for expected utility.

T (Wag = F) (L4 X))+ (= 1) [(Wao = ) (14 M)
0<A<1 11—~ '

The first-order condition for this problem is:
Ty [(Wio = Fi) (14 Ary)] 7 + (L= @) ra[(Wio — F3) (14 Arg)] 7 = 0. (3)

Solving (3) for A we get the optimal fraction of the portfolio allocated to the risky asset,
A

A" = min M,l , Where
(mr, —rq)

Yy, -5
m = |[——— )
(7T — 1) Tq
We assume that rqy < 0 < r, and 7r, + (1 — 7)rg > 0. As a result, we have that 0 < m < 1

and A > 0.

As the next step, we introduce two types of agents in the economy: Financially Educated

and Non-Financially Educated. We define the type of agent i as t;, where t; equals 1 if the

10



agent is Financially Educated and 0 if an agent is Non-Financially Educated. The two types
of agents differ in their participation cost functions, F'(¢;). Financially Educated agents
have ex-ante knowledge about the investment in the risky asset, meaning their participation

12 Non-Financially Educated agents do not have ex-ante knowledge about the

cost 1s zero.
stock market and face high a participation cost. However, Non-Financially Educated agents
can attain knowledge by learning from their peers who invest in risky assets. Thus, Non-
Financially Educated agents face a participation cost which decrease with the number of
peers in their social network who invest in the risky asset. We assume that the participation
cost paid by a Non-Financially Educated agent i, F(t; = 0), is equal to a function C(6, k;)
where k; is the number of peers of agent ¢ already investing in the risky asset, 6 is an ex-
ogenous parameter that controls for the general level of participation cost in the population,

Cy(6,k;) > 0. Consequently, an agent who has more informed peers faces lower participation

cost, Cy. (0, k;) < 0.

C(0,k;), ift;=0: agent iis Non-Financially Educated
F(t;) = (4)

0, if t; =1: agent ¢ is Financially Educated

Note that all agents who invest in the risky asset can spread the information about it,

not just the Financially Educated agents.

2.3 INFORMATION DIFFUSION IN THE SOCIAL NETWORK

All agents in the economy belong to a social network. The structure of the network is
described by {N,G, W, T}, where N is a set of agents-nodes of power n, the number of
agents in the economy, G is a n x n adjacency matrix describing connections between agents

in the network. We discuss how matrix G is generated for given levels of connectivity and

12The necessary assumption is that Financially Educated agents have lower participation costs than Non-
Financially Educated agents. Zero cost always satisfies this condition and guarantees maximum participation
of Financially Educated agents. Any positive cost will generate a lower participation level among Financially
Educated agents and a lower equilibrium participation level in the economy.

11



homophily in Section 3.5. Wy = {Wi, ..., W, 0} is a vector of length n describing the level of
the initial discretionary income allocated to each agent in the network, and T' = {t1, ..., ¢, }

is a binary vector that identifies types of agents.

Before discussing the information diffusion process, we find constructing a new variable
called Participation Threshold to be technically convenient. For any agent i, we can deter-
mine the minimum number of peers already investing in the risky asset, k;, such that if the
agent ¢ has a number of peers-investors larger or equal to l%i, she will decide to invest in
the risky asset herself. In other words, a Participation Threshold k; of agent ¢ shows how
many participating peers should share information about the stock market with agent ¢ for
her participation cost to become sufficiently low to enter the stock market. The threshold k;
depends on the agent’s characteristics, such as her discretionary income, W; o, and type, ¢;.
Intuitively, non-participating agents with high incomes need to collect less information from
their peers than agents with low incomes before investing in a risky asset. All Financially-
Educated agents have a zero participation threshold because they already possess all the

necessary information.

We can now reformulate our problem and consider a network structure where each agent-
node ¢ has a randomly assigned number k; with some discrete probability distribution func-
tion % (/%Z) instead of W,y and ¢;. In equilibrium, each agent is a Participant if and only
if the number of her first-degree peers, agents in the network that she is directly linked to,
who are Participants is higher than or equal to k;. Note that for all Financially Educated

agents ki =0if Wio > 0.

Before we move to the technical details, let us briefly discuss the economic intuition.
Consider the situation where no agent initially invests in the stock market. All Financially
Educated agents with positive discretionary income will enter the stock market. This is true
for any possible equilibrium. These new participants spread information further to their

peers. Some of those who get information have sufficiently large incomes and, therefore, hit

12



Figure 1. Possible equilibria

Notes: The figure plots possible equilibrium participation rates across different social networks. The number within each circle
corresponds to the number of informed peers the individual needs to participate in the stock market. Financially Educated agents
require zero informed peers to participate and are marked with an orange circle. Blue circles denote agents who participate.

their participation threshold and enter the stock market. They spread information to their

peers. We can continue this process further until no new agent enters the market.

We illustrate the idea with an example in Figure 1. In the figure, we assign a number
k; to each agent. Colored circles correspond to agents who invest in the risky asset. We
initially have one agent participating and investing in the risky asset (right lower corner),
the Financially Educated agent marked with an orange circle. This agent is connected to two
other agents, indicated by lines between nodes. The agent in the top-middle row requires
only one informed peer to participate and starts participating. The threshold for the agent
in the top-right corner is two informed peers, meaning that this agent also participates. The
agents on the left side have one informed peer but require two to participate. As a result,
the rest of the agents in the economy lack enough connections and do not invest in the risky
asset. The resulting equilibrium level of the risky asset investments is 50 percent (3 out of
6 agents participate). Notice that the middle-bottom agent will never start investing within

this network structure because she does not have sufficient connections: she requires at least

two Participants among her peers to start investing but is only connected to one agent.

The illustration highlights the importance of individual characteristics, such as wealth

and financial education, social network characteristics, connectivity and sparsity, and the

13



interplay between those factors in determining the equilibrium stock market participa-

tion.

2.4 THE EQUILIBRIUM

This equilibrium in the model is unique, as shown in Appendix ?? and can be reached
through a dynamic information-diffusion process where information goes from participating
agents to non-participating agents through active links.!®> The economy can be described
as a matrix of linked agents G and a stack of participation thresholds K = {1231, e l%n} for
each agent. Matrix G = {g(4,7),Vi,j € N such that ¢g(i,j) = 1 if ¢ and j are linked, and
g(i,7) = 0 otherwise} represents links between agents, where every active link allows for

information sharing.
We apply the following algorithm to find an equilibrium.
Definition 1. Algorithm 1:

Step 1 Create vector P = {0,0,...,0} of Participants.
~———

N times

Step 2 Compute the vector PN = {pny,pna, ..., pnx }, where pn; is the number of neighbors

of agent i that are marked as Participants, pn; = >, P; x G(i, j)

Step 3 For Vi € {1,N}, if k; < PN;, we mark this node as Participant, or P, = 1. If
vector P has changed after all iterations, we proceed to Step 2; otherwise, we have

found an equilibrium, and the algorithm stops.

Proposition 1. Algorithm 1 finds an equilibrium number of agents investing in the risky

asset.

Proof. See Appendix C.

13By an active link, we mean a link through which agents transmit information relevant to risky asset
investment. We call each agent who invests in the risky asset an active node.

14



2.5 PARAMETER VALUES IN SIMULATIONS

We now describe the parameter values used in the simulations. Here, it is important to
highlight that the main goal of the paper is not to estimate the stock market participation cost
(see, e.g. Vissing-Jorgensen, 2002; Andersen & Nielsen, 2010; Khorunzhina, 2013). We mainly
study how simultaneous changes in model parameters affect stock market participation. Our
values for the fixed model parameters come from financial and macro data for the United

States for 2014. All parameters are described in Table B2.

Fixed parameters — We perform some preliminary computations for model estimation.
We assume that the income distribution is log-logistic (Atkinson, 1975). We assume that
agents in the model invest their disposable income minus a minimum amount in the stock
market. This assumption allows us to match the low-level of participation among low-income
agents. The simulation results hold if we relax this assumption. We obtain historical data
on annual risk premium r,,, and volatility o;.'* Using these data, we calculate 7, and ry
parameters in our model, assuming equal probabilities for the stock market index to go
up or down, m = 0.5. Moreover, we add information about the income distribution from
the US Census Bureau’s 2010-2015 American Community Survey (ACS). The data contains
information for the lower bound, upper bound, and mean household income for 2010-2015.
We use employment in the financial and insurance sectors (52 NAICS) in 2015 from the

Quarterly Census of Employment and Wages as a proxy for financial education.

Connectivity and homophily — The connectivity parameter, ¢, controls for the ex-
pected number of links (peers) for each agent in the population. We assume that each agent’s
expected number of peers is the same and independent of the agent’s other characteristics.
We split all agents into five income groups based on income quantiles. Each agent forms a
link with a peer who belongs to her income group with unconditional probability p,, and

an agent who does not belong to the same income group with unconditional probability

4Data is obtained from IESE, Social Science Research Network, 2015 (https://www.statista.com/
statistics/664840/average-market-risk-premium-usa/).
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Pout- The homophily parameter, h € [0,1], controls the difference between unconditional
probabilities to form the link with other agents within and outside the agent’s income group.
If the homophily parameter h equals 0, then each agent is equally likely to form a link with
any other agent independently of their income. If the homophily parameter h equals 1, then
each agent forms a connection only inside their income group. It is important to note that
the homophily and connectivity parameters are independent. In the baseline model, we set
the homophily parameter equal to 0.5. This value implies that agents are equally likely
to connect to agents within their income group as to agents outside their income group.
Empirical evidence on segregation between low and high-income households suggests that
homophily may be higher, especially among high-income households (Reardon & Bischoff,
2011; Massenkoff & Wilmers, 2023). In the calibration exercise, we will allow homophily
to vary to explore what more realistic levels of homophily imply for the effect of connectiv-
ity.

All economic agents belong to a social network described with a connectivity matrix.
The general procedure for constructing a connectivity matrix is as follows. First, we assign
a number of peers to each agent following a binomial distribution with an expected mean of
c. Second, at each iteration, we consider an agent with the number of formed links below
the assigned number of peers, and considering the number and outside/inside income group
nature of the formed links, we compute conditional probabilities to form additional links to
other peers. We update the conditional probabilities for each agent at each iteration such
that the unconditional probabilities to form links inside or outside the agent’s income group
remain the same for all agents. Previous research suggests that individuals, on average,
have a maximum of 50 active connections (Arrondel et al. , 2022; Mac Carrona et al. , 2016).
However, only a small number of these links are used to share financial information. Arrondel
et al. (2022) find, on average, individuals have seven peers in their financial circles. We,

therefore, use seven peers as the baseline point in the simulation analysis.
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Stock market participation cost — In the model, we assume that stock market par-
ticipation cost depends on the number of informed peers. For simulation analysis, we assume

the linear functional form of C(k;) function for Non-Financially Educated agents:'®

The parameter 6 represents the stock market participation cost of a Non-Financially Ed-
ucated agent who is not connected to informed peers. The parameter Af measures how much
stock market participation cost will decrease when the number of informed links increases.
Given the data on participation cost across the entire population and participation across
different income groups, we calibrate the model to estimate the magnitude of cost function
parameters 6 and Af. We get an estimation of the cost 6 of around $2,000 and an estimated
Af between $100 to $200. The previous literature present estimates ranging from $260 in
Vissing-Jorgensen (2002) to $134,000 in Andersen & Nielsen (2010). Note that estimates of
0 in the previous literature are net of information from peers. The estimates of $260 from
Vissing-Jorgensen (2002) can be justified by taking our estimate of $2,000 and assuming
that individuals received information from 8.5 peers, for example. We, therefore, view our
estimates as reasonable. However, we will allow parameters to vary in certain ranges in the

simulations. See Table B2 for details.

Network size and structure — Given the complexity of calculations, we will approxi-
mate the population size by 10,000 in all simulations. Each of the 10,000 agent is assigned
an income parameter randomly drawn from the log-logistic distribution as described above.
Each agent is assigned a number of friends they are connected to according to the binomial
distribution, where the number of trials is the maximum number of connections that each

agent can have, n — 1, and the probability of success depends on the connectivity parameter,

15As a robustness check, we run simulations assuming C' = 6/k®, where o > 0 is an exogenous parameter.
The simulation results hold.
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n—1"

Therefore, the expected number of connections for each agent is c. However, each agent
may have any number of connections between 0 and n — 1. We split agents into different
income groups, and for each agent, we form links in the adjacency matrix while respecting
the unconditional probabilities to be connected inside and outside the own income group,
prn and pow, as described above. The large size of the network allows us to have robust

simulation results for each set of the parameters, despite the random network structure.

3. MODEL RESULTS

We now present the main results for the model simulations. We run simulations of our model
with market parameters described in Table B2. Overall, we consider 1,485 combinations of
parameters. Computational capacity allows us to run simulations in networks with 10,000
agents. Given the average number of connections, we focus on a sparse network graph
where agents exist in clusters. In the model, the composition of the clusters depends on the
homophily parameter since this parameter governs how likely agents are to be connected
to agents from other income groups. Figure 2 illustrates the network structure with low
homophily in panel a) and high homophily in panel b). Agents with different income levels
are represented with different colors. In an economy with low homophily, there are no clear
clusters of income groups. In contrast, the economy with high homophily shows clusters

among different income groups.

We focus on how the number of connections, homophily, and ex-ante income inequality
affect the share of risky asset investors, starting with the full population. We also explore
how each parameter of interest affects agents who belong to different income groups. For this
purpose, we split agents into three equal-sized groups based on their income: low, middle,
and high. The groups do not coincide with five income income groups used to construct
the network. Each group’s average and maximum income is not the same across different

simulations where the inequality parameter varies.

18



(b) High homophily

Figure 2. Network structure visualisation

Notes: The figures plot networks generated by our algorithm. For illustration purposes, we constructed networks with 1,000
agents. Red vertices represent agents with low income, green vertices represent agents with medium income, and black vertices
correspond to agents with high income. We set the homophily index of 0.1 for low homophily and 0.9 for high homophily.
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Figure 3. The effect of connectivity by model parameters

Notes: The figure plots stock market participation (y-axis) against the average number of connections (x-axis). The orange
solid line plots the average stock market participation among all agents. The black, gray, and blue lines plot average participation
among high-income, medium-income, and low-income agents, respectively. We set the homophily parameter to 0.5 and the ex-
ante GINI coefficient to 0.4 for the simulations.

3.1 THE EFFECT OF CONNECTIVITY

Figure 3 presents the relation between connectivity and stock market participation generated
by the model simulations. The solid orange line plots the average participation, and black,
gray, and blue dashed lines present participation among low, medium, and high-income
groups, respectively. In the figure, we vary the average number of connections on the x-axis

and fix all other parameters.

The relation is S-shaped, in particular for middle- and high-income agents. The effect of
adding one more peer is small for low levels of ex-ante connectivity. However, as the number
of connections increases, the marginal effect of adding one more peer grows. Intuitively,
starting with a higher number of connections, a new peer will create more links with a higher
probability, improving information transmission. The figure also shows that not all income
groups benefit equally from higher connectivity. For agents with high income, denoted by the
blue dashed line, the baseline participation rate is higher, as it is more likely that they have

enough income to cover the fixed participation cost regardless of the number of peers.
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Figure 4. Stock market participation by income group

Notes: The figure plots the share of households with direct or indirect stock holding for different income groups over time.
Source: Survey of Consumer Finances.

Moreover, since high-income agents are more likely to be close to the participation
threshold, connectivity positively impacts their participation. For high-income agents, more
connections help spread information more efficiently. With more than five connections on
average, the effect diminishes, again giving an S-shaped pattern. With more than ten con-

nections, all high-income agents participate.

In contrast, agents with medium income, denoted by the gray dashed line, need a larger
number of connections before connectivity starts to have an impact. Medium-income agents
are further from the participation threshold and, thus, do not initially benefit as much from
increased connectivity. However, once connectivity reaches a sufficient level, stock market
participation among middle-income agents strongly increases. On the right side of the graph,
the gap in participation between medium and high-income agents is small. Finally, the
effect of connectivity for low-income agents is small. Low-income agents are far from the

participation threshold and thus need many peers before participating.
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This first result of our model implies that we expect to see rising stock market partici-
pation from higher connectivity. Due to increasing social media usage over the last 20 years,
individuals have had ample opportunity to widen their social networks, leading to a likely
increase in social connectivity. However, stock market participation has been flat for all
income groups over the last twenty years, as seen in Figure 4. A natural question is why
rising connectivity has yet to lead to rising stock market participation, as we would expect
from the first model results and, indeed, from a large empirical literature on peer effects in
financial decisions. One possibility we can discount immediately is that social media is not
used for sharing financial information. Evans (2021), cited in the The Economist (2022),
reports that 46 percent of Gen-Z and Millenial investors in 2021 had used social media to find
investment information in the last month. There are several social networks for investing
(Stocktwits, Reddit), and financial advice is readily available on all social media platforms.
Suppose, then, that we accept the premise that social media is used to share information
about investments. In that case, the flat participation pattern requires that there is another
factor that works to counteract or mediate the effect of increased connectivity. What could
such a factor be? Below, we argue that homophily and inequality mediate the effect of

connectivity, which helps explain the lack of response in stock market participation.

Before moving on to those results, let us briefly discuss other factors affecting stock
market participation from the literature. Table 1 describes the evolution of a select number
of factors thought to determine stock market participation between 2001 and 2019. While
these factors matter for explaining the cross-section of participation and non-participation,
the evolution of most of these variables is generally inconsistent with flat stock market
participation rates. For instance, the large decline in mutual fund fees suggests that the
monetary participation cost is falling over time, which should lead to increased participation.
Rising incomes and lower income risk should also lead to rising participation. Angrisani et al.

(2023) show that financial literacy has been flat from 2012 to 2018. Finally, a decline in

the expected return on the stock market would lead to a decrease in participation. This
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Table 1. Factors determining stock market participation

Factor Change Implication Reference
2001-2019 for SMP

Income-related factors

Median real income +1.9% T SCF 2019

- Less than 20th percentile +9.7% T SCF 2019

- 20-39.9 percentile -0.004% J SCF 2019

- 40-59.9 percentile +1.9% T SCF 2019

- 60-79.9 percentile +2.3% 1 SCF 2019

- 80-89.9 percentile +6.4% T SCF 2019

- 90-100 percentile +18% T SCF 2019

Income risk Flat or declining T Guvenen et al. (2022)

Investment-related factors

Mutual fund expense ratios -58% T Duvall & Rybak (2022)

Financial literacy Flat (2012-2018) - Angrisani et al. (2023)

Expected stock returns Flat / rising from 2010 T Nagel & Xu (2022)

Risk aversion Increased U Guiso et al. (2018)

Network factors

Connectivity Increasing T Ortiz-Ospina (2019)

Homophily Increasing by income U Bertrand & Kamenica (2023)

Income inequality Increasing (0.54 in 2000, 0.59 in 2019 ) 4 World Inequality Database

Trust ? - Guiso et al. (2008)

Notes: Median real income growth in 2019 dollars based on authors’ calculations using data from the Suryey of Consumer
Finances for all families and for different percentiles. Data on the Gini-coefficient are collected from the World Inequality
Database.

assertion seems difficult to square with the historically large returns on the stock market
from 2012 to 2022. Nagel & Xu (2022) report measures of the expected return over time
from various sources in their Figure A.2, showing flat or increasing expectations from 2000

to 2020.16

Two other factors could plausibly explain flat participation rates but are difficult to
measure: increases in risk aversion following the financial crisis (Guiso et al. , 2018) and
a decline in trust (Guiso et al. , 2008), perhaps also caused by the financial crisis or by
corporate scandals. Importantly, the participation rates in Figure 4 appear to be flat around
the financial crisis, precisely when we expect trust or risk aversion related to the financial
crisis to have the largest impact. There is also a question of how long the financial crisis
can be expected to influence risk aversion or trust. Following the crisis, stock markets have
performed well above historical levels. Why would the financial crisis weigh so heavily for

so long?

16See also Hanspal & Wagner (2023) and Martin (2017).
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Figure 5. The effect of connectivity by levels of homophily and inequality

Notes: The figure plots stock market participation against connectivity, defined as the average number of connections in the
economy. Panel a) plots the effect of connectivity on stock market participation for different levels of homophily. We use values
for the homophily parameter of 0.1 for the solid orange line, 0.5 for the dashed green line, and 0.9 for the blue dotted line. The
GINT coefficient in panel a) is set to 0.4. Panel b) plots the effect of connectivity on stock market participation for different
levels of ex-ante inequality. We use different values for the GINI coefficient: 0.25 for the solid black line, 0.4 for the dashed
gray line, and 0.6 for the blue dotted line. The homophily parameter in panel b) is set to 0.5.

In short, several factors that, in theory, should affect stock market participation rates
are either flat or moving in the wrong direction. We acknowledge that it is inherently more
difficult to measure the change over time in certain other factors that have led to decreased
participation, such as disaster risk (Choi & Robertson, 2020), housing risk (Cocco, 2005; Paz-
Pardo, 2021) or health risk (Rosen & Wu, 2004), and that this exposition may benefit from
a more rigorous examination. We also acknowledge that the measurement of some factors is

debated (see e.g. Auten & Splinter, 2024, on whether income inequality has increased).

3.2 THE MEDIATING EFFECT OF HOMOPHILY AND INEQUALITY FOR
CONNECTIVITY

We now examine how the levels of homophily and inequality affect the relationship between
connectivity and stock market participation. Recall that the homophily parameter measures
how likely two agents from different income groups are to connect. Panel a) of Figure 5 plots
the connectivity and stock market participation for different levels of homophily. Homophily

affects the S-shaped relation between connectivity and stock market participation. For low
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levels of connectivity, high homophily leads to more efficient information transmission from
informed to uninformed agents, generating higher participation rates. We see this by exam-
ining differences in participation for the three lines for the average number of connections
below eight: the blue line with a high level of homophily is consistent above the other lines.
The effect flips if connectivity is high, however. If connectivity is above eight in the figure,
higher homophily results in lower stock market participation. High homophily makes it more
likely for rich agents with few connections to form a link with another rich agent. Given
that rich agents are more likely to be informed, high homophily promotes stock market
participation among them. However, at a high level of connectivity, almost all rich agents
already participate in the stock market. Thus, when connectivity is high, there is no room
for homophily to affect stock market participation. We further discuss further results for

homophily in Section 3.3.

A similar pattern appears for inequality. Panel b) of Figure 5 plots the connectivity and
stock market participation for different levels of the GINT coefficient. We choose GIN values
of 0.25, 0.4, and 0.6 for low, medium, and high inequality, respectively. In the simulations,
we keep the average income level constant but adjust other distribution parameters.!” As
the GINT coefficient increases, more wealth is concentrated among high-income households.
At high levels of inequality, the effect of connectivity is muted because many agents are far
away from the participation threshold. There is no longer an S-shaped relationship between
connectivity and participation, as information sharing is limited by a high share of agents
with little income. The relationship is instead approximately linear, with a low level of
participation even in a highly-connected society. The S-shaped relationship between stock
market participation and connectivity is most pronounced for low levels of inequality. In this
economy, agents have close to equal shares of the same pie, leading to many agents being

far from the participation threshold. As connectivity increases, however, more agents can

1"We assume that income is distributed according to a log-logistic distribution %, (z;log[a],1/3), where
« is a scale and [ is a shape parameter. Mean Income = %, B = 1/Gini.
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Figure 6. The effect of homophily on stock market participation

Notes: The figure plots stock market participation against homophily. Panel a) plots the effect of homophily on stock market

participation for different levels of connectivity. Average connectivity ranges from 1 (Low connectivity, black solid line) to 14
(High Connectivity, pink dashed line). Panel b) plots the effect of homophily on stock market participation for different income
groups. The low-income group is marked with a solid orange line, the medium-income group is marked with a dashed green
line, and the high-income group is marked with a dotted blue line. Connectivity in panel b) is set to 7. The GINI coefficient
in both panels is set to 0.4.

benefit from access to information, and participation increases rapidly. We further discuss

further results for inequality in Section 3.4.

3.3 THE EFFECT OF HOMOPHILY

Figure 6 shows that homophily positively impacts stock market participation in simulations
with low or medium connectivity. To see why, note that for a low level of homophily, con-
nectivity is independent of income. Information about the stock market is more likely to
spread to agents far from the participation threshold, who, consequently, do not benefit
from the information. As homophily increases, information spreads to more similar agents,
allowing connectivity to have a higher marginal impact on stock market participation. With
a homophily of 1, however, agents are only connected to agents within their income group,
leading to less efficient information sharing. Information will still spread throughout the
network, but the effect is limited to specific income groups. Since only high-income groups
have enough income to start participating, information sharing is limited to this group, and

the participation rate for the population drops rapidly. If connectivity is high, however, all
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Figure 7. The effect of connectivity when homophily is unrelated to income

Notes: The figure plots stock market participation against connectivity. The ex-ante GINI coefficient is set to our baseline
value of 0.4. Homophily is set to 0.1 for Low homophily (solid orange line) to 0.5 for Medium homophily (dashed green line)
and to 0.9 for High homophily (dotted blue line).

agents are likely connected to informed peers, and homophily has no impact on participa-

tion.

To illustrate who benefits from higher homophily, Panel b) plots stock market partici-
pation against homophily for three income groups. We set the level of connectivity to 7, the
reference point from Arrondel et al. (2022). Naturally, agents for the high-income group par-
ticipate at a higher level than the low and medium-income groups. As homophily increases,
it is the high-income agents who increase their stock market participation. Higher homophily
increases the likelihood that they connect with an informed agent from their income group.
For low and medium-income groups, homophily has little impact on participation rates. The
positive relationship between homophily and stock market participation in panel a) is thus

driven by higher risky asset investment among high-income agents.

In the above results, we assume that homophily is related to income, with income di-
rectly affecting the stock market participation in our model. There is ample evidence that

homophily is directly related to income or wealth (e.g. Fagereng et al. , 2022; McPherson
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Figure 8. The effect of connectivity when homophily is unrelated to income

Notes: The figure plots stock market participation depending on homophily among high- and low- and middle-income agents.

The X-axis describes the level of homophily among high-income agents. The color of the bars corresponds to two levels of
homophily among low- and medium-income agents: zero homophily (low) - orange color, homophily equal to 0.4 (moderate) -
blue color. The y-axis describes the aggregate level of stock market participation.

et al. , 2001). Nonetheless, a benefit of our model is that we can break the link between
income and homophily and ask whether homophily matters for equilibrium stock market
participation in this case. Figure 7 shows that the answer is that the level of homophily is
not important if homophily is unrelated to factors that determine stock market participa-
tion. In the figure, we base homophily on a random variable. The figure plots the effect
of connectivity on stock market participation for three different levels of homophily, where
homophily is unrelated to income. The three lines in the figure overlap, meaning there is
no difference in the effect of connectivity based on the level of homophily. These results
suggest that rising homophily will only affect stock market participation if sorting is based
on the factors directly affecting the stock investment decision. For example, imagine that
homophily has increased based on political preferences, but stock market participation and
income are similar among different political parties. In this scenario, the results in Figure 7
predict that the increase in homophily will not impact aggregate stock market participation.

This prediction could be tested empirically.

28



Until now, we have assumed that the homophily parameter is constant across agents. We
now want to explore how higher levels of homophily for one group, high-income households,
affect stock market participation. We find that homophily among high-income agents has
an impact on other agents in the model. For instance, if all high-income agents only connect
to other high-income agents, then other agents do not get access to them. We can think of
this as the gated-community effect: homophily among high-income agents affects all other
agents, even if the sorting is present only in the preferences of high-income agents. In
the gated-community example, the community members limit their interactions with other
agents outside the community by segregating themselves, even if the other agents outside
would like to socialize across groups. We now explore the implications for stock market

participation.

Figure 8 shows that the gated-community effect can be complex. The figure plots stock
market participation against high-income-agents-homophily. A zero value on the x-axis cor-
responds to the scenario when high-income agents are equally likely to connect to any agent
in the economy. A value of one on the x-axis describes the case when high-income agents only
connect to other high-income agents. We further allow for two values of homophily for the
rest of the agents in the model, distinguished by the color of the bars. Note that homophily,
low+middle measures the likelihood that low- and middle-income agents connect. In con-
trast, homophily for high-income agents measures the likelihood that high-income agents

connect to other high-income agents.

We begin by discussing the difference between the blue and orange bars. The figure
shows that when homophily among high-income agents is below .9, a higher value of ho-
mophily for the other agents helps stock market participation among the middle-income
group. The intuition is that higher homophily creates clusters among middle-income agents,
which helps information sharing. Moving from left to right in the figure, we further see that

low homophily among the rich helps stock market participation among middle-income agents
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for both bars. In a gated-community scenario, when homophily among high-income agents
is equal to one, middle-income agents will never meet with high-income agents who have
information to share, and consequently stock market participation is low. In this scenario,
it does not matter how much homophily there is in the rest of the society. The implication
is that we need to consider different measures of homophily among agents who have infor-
mation to share and that average homophily is potentially misleading. Empirically, we need

to understand homophily among the group with information to share.

3.4 THE EFFECT OF INEQUALITY

We now examine how inequality affects stock market participation. In the simulations,
we keep the average income fixed but vary other parameters of the income distribution.
Inequality has two effects on participation in the model. First, since we keep the average
income constant, inequality adjusts the share of agents who can pay the fixed participation
costs. Second, inequality through homophily also affects the probability that informed agents
are connected to other agents. We now show that the effect of inequality on stock market

participation varies with the level of connectivity in the economy.

Figure 9 provides the results for different levels of connectivity. For low levels of con-
nectivity, black and gray lines at the bottom of the figure, fewer agents have the income
necessary to reach participation threshold at low levels of inequality, and there is little in-
formation sharing. As inequality increases, we take money from the poor and give it to the
rich, allowing more agents to participate and spread information. As a result, stock market
participation increases. In societies with low connectivity, inequality has a positive effect on

aggregate level of stock market participation.

We see a negative relationship between ex-ante inequality and participation in simu-
lations with high connectivity. Higher inequality leads to clustering in the network and
less efficient information diffusion. Consequently, stock market participation is lower. For

instance, stock market participation is above 80 percent for simulations with high connec-
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Figure 9. The effect of inequality on stock market participation

Notes: The figure plots stock market participation against ex-ante inequality. Panel a) plots the effect of inequality on stock
market participation for different levels of connectivity. Average connectivity ranges from 1 (Low connectivity, black solid line)
to 14 (High Connectivity, pink dashed line). Panel b) plots the effect of ex-ante inequality on stock market participation for
different income groups. The low income group is marked with an orange solid line, the medium income group is marked with

a dashed green line, and the high income group is marked with a dotted blue line. Connectivity in panel b) is set to 7. The
homophily coefficient in both panels is set to 0.5.

tivity and low inequality. The share drops to less than 40 percent for the most unequal

simulation.

4. EMPIRICAL EVIDENCE

A key idea in our model is that if a particular group has no stock market participant who
can share information, then their degree of connectivity will not matter. We now show
that a general social connectivity measure, SCI, does not predict cross-sectional variation
in stock market participation in US counties (Bailey et al. , 2018). However, stock market
participation strongly correlates with economic connectedness, a measure that conveys more
information about the connectivity between individuals with a high- and low socioeconomic

status (Chetty et al. , 2022a).

We combine several county-level datasets to examine the correlation between connec-
tivity and stock market participation. Below, we describe the main sources and variables
of interest. We first collect county-level data on connectivity, the Social Connectedness In-

dex (SCI) from Facebook Bailey et al. (2018). The SCI measures the social connectedness
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Figure 10. Stock market participation and different measures of Connectivity

Notes: Both figures plot stock market participation on the county level on the y-axis. Panel a) plots Log Connectivity on
the x-axis, where Connectivity is proxied by the within-county Social Connectedness Index from Facebook. Panel b) plots
Log Economic Connectedness on the x-axis. We remove counties in the 99th percentile of Connectivity. We report results
regressions of the form SMP = a + X + €., where X is either Log SCI or Log Economics connectedness, and where we use
robust standard errors.

between and within US county pairs. This index measures the relative probability of a
Facebook friendship link between Facebook users in two different or within one county. We
augment this connectivity data with data on economic connectedness from Chetty et al.

(2022a,b). Economic connectedness is defined as two times the share of high socioeconomic
status (SES) friends among low-SES individuals, averaged over all low-SES individuals in
the county. Considering that high-income agents are more likely to invest in stocks and have
information to share about the stock market, economic connectedness captures the idea that
low-information agents need access to high-information agents to benefit. Finally, we cal-
culate the county-level participation share as the fraction of tax returns claiming ordinary
dividends. Hung (2021) provides a detailed validation of the measure. Details on other data

sources and definitions are available in Appendix A, and descriptive statistics are available

in Table B1.

We examine the relationship between stock market participation and social connectivity
in Figure 10. The figure reports scatter plots between connectivity measures and stock

market participation. Panel a) plots the average SCI against stock market participation
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on the county level. The relationship between the logarithm of within-county connectivity
from the SCI and stock market participation is positive and significant. However, SCI only
explains 2 percent of the variation in stock market participation, and the relationship is not
generally robust to adding control variables or to different transformations. Instead, panel b)
shows that the correlation between economic connectedness and stock market participation
is about four times higher than that between SCI and stock market participation. Moreover,
economic connectedness explains 42 percent of the variation in stock market participation

in a univariate regression.

We present regression results using the same data in Table 2. Column 1 presents a
univariate regression without any control variables. Economic connectedness explains 42
percent of the variation in stock market participation across US counties. The effect is also
economically significant: a one standard deviation increase in economic connectedness is
associated with a 0.65 standard deviation increase in stock market participation. Following
Mitton (2022), we define economic significance as £ = fs,/s,, where [ is the coefficient
of interest, s denotes the standard deviation of the independent variable z and dependent
variable y. The estimated effect of economic connectedness is positive and significant even
after we add control variables, state fixed effect, and major industry of employment fixed
effects in Column 2. The economic significance is lower but remains meaningful. The result
for the SCI index in Column 3 shows a positive and significant effect. Still, the economic
significance is relatively low: a one standard deviation increase in the SCI index is associated
with a 0.02 standard deviation increase in stock market participation. The result is also not
robust to including controls in Column 4. Finally, Columns 5-6 provide results where we
include both economic connectedness and SCI. Both variables are now statistically signifi-
cant and positive across specifications. However, in Column 6, economic connectedness is
again highly economically significant (FE = 0.22 ), whereas the SCI index has low economic

significance (£ = 0.01).
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Table 2. Social Connectivity and Stock market participation

Economic connectedness Connectivity index Combined
1) (2) 3) (4) (5) (6)
Log economic connectedness — 0.171%** 0.0511*** 0.184%** 0.0562***
(0.011) (0.0088) (0.012) (0.0091)
Log connectivity 0.00509** 0.000762 0.00950*** 0.00236**
(0.0020) (0.00095) (0.0011) (0.00091)
Controls No Yes No Yes No Yes
State FE No Yes No Yes No Yes
Industry FE No Yes No Yes No Yes
Mean Dep. Var. 0.14 0.14 0.14 0.14 0.14 0.14
Std. Dev. Dep. Var 0.06 0.06 0.06 0.06 0.06 0.06
Economic significance 0.66 0.20 0.02 0.00 0.70 / 0.04 0.22 / 0.01
Observations 2949 2949 2949 2949 2949 2949
R-squared 0.423 0.806 0.020 0.797 0.493 0.808

Notes: The table provides results where we regress stock market participation at the county level against connectivity
measures and controls. Control variables include county-level age, age squared, median household income, the share of
financially educated, and the county’s share of a bachelor-level education or above. Fixed effects for the state and main
industry of employment for the county are indicated. Economic significance is equal to 8sg /sy, where beta is the coefficient
of interest, s denotes the standard deviation of the independent variable x and dependent variable y. We cluster standard
errors by state. *** p < 0.01, ** p < 0.05, * p < 0.1.

We interpret these results in the following way. Holding economic connectedness fixed,
higher SCI positively impacts stock market participation. If we fix the information content
in the county by holding the economic connectedness constant, having more connections
will help spread information. These results show that while connectivity generally seems to
matter, for stock market participation, it is more important to connect to individuals with

information to share.

5. CONCLUSION

Many of us have moved to different countries throughout our careers. We have often discussed
how our many years of studying economics and finance do not always help deal with many
practical aspects involved in making good financial decisions. Fortunately, being academics,
we have moved to contexts where our new colleagues could help us with anything from
how the pension system worked to how to invest in stocks, information that is invaluable
when trying to make good financial decisions. To put these experiences in the context of

this paper, our social networks have expanded over time, and we have been able to learn
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from others with similar experiences. However, these networks are highly particular to our
work, and we can only imagine that others did not have similar expertise within their social

networks.

The main idea in this paper is that increasing tendencies to associate only with others
similar to us will leave some people without access to good sources of information within their
networks, with detrimental effects on their financial situation, their wealth accumulation,
and, in the end, for society. We present a parsimonious theoretical model of stock market
participation to argue that the effect of increased connectivity depends heavily on the network
structure. We provide evidence that economic connectedness strongly correlates with stock
market participation in the cross-section of US counties, but social connectivity has little
predictive power. Informed by this evidence, we show that connectivity leads to increased
stock market participation but that the effect depends on homophily and ex-ante inequality.
We also show that higher-income agents are more likely to benefit from higher connectivity.
The model suggests a new, previously unexplored avenue for future research: what is the
distribution of financially informed peers in society, and how has this changed over the
last twenty years? Can increased homophily explain why participation has not increased in

twenty years?
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INTERNET APPENDIX
FOR ONLINE PUBLICATION

A. DATA SOURCES AND DESCRIPTION

We use detailed USA county-level data for income, financial employment, stock market
participation, and social connectivity. First, we collect data for the average within-county
connectivity levels. Specifically, we use the Social Connectedness Index (SCI) from Bailey
et al. (2018), where authors construct a measure of social connectedness between US county-
pairs. This measure is constructed as an index based on the number of friendship links
on Facebook!®, where the average number of links is normalized to the largest number of

connections for a Los Angeles County - Los Angeles County pair.?

We obtain stock market participation rates from the Internal Revenue Service’s (IRS)
Statement of Income (SOI) for individual income tax return (Form 1040) statistics following
the procedure described in Biackman & Hanspal (2022), where the fraction of tax returns
claiming ordinary dividends are used as an indication of stock market participation within
the county. See also Chien et al. (2017), who uses the same data to calculate state-level
participation, and Hung (2021), who calculates county-level participation and provides a
detailed validation of the measure. We add information about the income distribution in
each county from the US Census Bureau’s 2010-2015 American Community Survey (ACS).?
We use employment in Finance and Insurance Sector (52 NAICS) in 2015 from the Quarterly

Census of Employment and Wages as a proxy for financial education.

8Duggan et al. (2015) report that as of September 2014, more than 58 percent of the US adult population
and 71 percent of the US online population used Facebook. The same source reports that, among online
US adults, Facebook usage rates are relatively constant across income groups, education groups, and racial
groups.

19The SCI for Los Angeles County - Los Angeles county is equal to 1,000,000

20The data contains information for the lower bound, upper bound, and mean household income. We
assume that the income distribution for different counties in the US is log-logistic (Atkinson, 1975). This
assumption is consistent with the income distribution that we observe in the data.

43



B. TABLES

Table B1. Descriptive statistics

Mean Median Std. dev. Min Max
Stock Market Participation 0.140 0.137 0.061 0.000 0.447
Connectivity measures
Economic connectedness 0.812 0.806 0.176 0.295 1.360
Log economic connectedness -0.233 -0.216 0.227 -1.222 0.307
Ec. Connectedness - high SES among low SES 0.848 0.839 0.213 0.187 1.476
Ec. Connectedness - high SES among high SES 1.252 1.257 0.177 0.701 1.715
Friendship exposure 0.904 0.902 0.212 0.270 1.486
Friending bias 0.064 0.064 0.050 -0.108 0.335
Friendship clustering 0.116 0.115 0.020 0.072 0.222
Inside Connectivity index 8,5639.620 1,693.562  33,669.911 3.162 1000000.000
Log connectivity 7.415 7.435 1.805 1.151 13.816
Inside Connectivity index per capita 0.066 0.060 0.034 0.001 0.241
Demographics
Median Age, county 41.300 41.300 5.268 23.200 66.600
Log Median Household Income 10.663 10.654 0.240 9.870 11.658
Financial Employment 0.013 0.011 0.011 0.000 0.224
Share of African Americans 0.084 0.008 0.147 0.000 0.861
Share of Women 0.501 0.505 0.022 0.304 0.575
Share of Hispanic Americans 0.070 0.020 0.132 0.000 0.983
Metropolitan Area 0.370 0.000 0.483 0.000 1.000
County Population, in 1000s 97.794 26.087 312.754 0.489 9,758.256

Notes: Economic connectedness is two times the share of high-SES friends among low-SES individuals, averaged
over all low-SES individuals in the county. Friendship exposure is the mean exposure to high-SES individuals
by county for low-SES individuals. Friendship clustering is the average fraction of an individual’s friend pairs
who are also friends with each other.
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Table B2. Model Parameters

Description Parameter Benchmark Value Range
Wealth distribution F(W;) Log-logistic(c, )

Relative risk aversion ~y 2

Prob. high return T 0.5

High return Tu 0.1629

Low return T4 —0.0549

Size of economy n 10,000

Share financially educated 1.2%

Gini index 0.36 [0.15,...,0.45]
Average income 41,905 [21905, ..., 61905]
Minimum wage $15,120

Constant in fixed cost 0 2,000 (1000, ..., 4000]
Exponent in fixed cost Af 200 [50, ..., 500]
Homophily parameter 0.5 0,...,1]

Notes: We choose the log-logistic wealth distribution because it is consistent with the data we use for the
analysis. 7 is the probability of the net return equal to r,. 7, and rg are the realizations of the net return
of the risky asset in two states, where rgy < 0 < ry,. 7 is the relative risk aversion coefficient. The disposable
income which an agent can invest in the stock market is equal her labor income minus minimal cost of
living, approximated by minimum wage. The fixed participation cost for Financial Non-educated agents is
given by F(t;) = 0 — k; Af. The minimum wage rate corresponds to the minimum wage per hour of § 7.5
multiplied by 8 working hours per day multiplied by 252 working days.
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C. APPENDIX: PROOFS

Proof of Proposition 1. The algorithm returns the set of participating agents that we
denoted by P. Let’s denote the set of all agents, who don’t invest in the risky asset as
NP =N\ P. All agents are marked as non-participants at the initial stage. Let’s denote
the set of participants at the initial stage as Py = (). We denote by P; the updated set of
participants at iteration 7, j = 0, ..., T. Hence, at the final iteration 7', the algorithm returns
the set P = Pp. We also denote by pn;; the number of participating neighbours of agent ¢

at iteration j.
First, we show that the set P is an equilibrium set. We show the result in two steps:

1. We show that each agent belonging to set P doesn’t want to reverse her decision and
stop investing. By construction, we are adding each agent i, who is initially marked as
a non-participant, to set P; only if ki > pni ;. As it is always true that P; € Pj.q, then
if condition k; < pn; ; is satisfied for agent 7 at step j, it can’t be reversed at iteration
j' > 7, s0 k; < pn; ;. Therefore, each agent who belongs to set P has a strictly positive

payoff and doesn’t want to reverse her investing decision.

2. We show that each agent, who belongs to set NP, doesn’t want to invest into a risky
asset. At each stage, the algorithm adds to set P any agent ¢ who is marked as non-
participant if condition ki > pn;; is satisfied. The algorithm stops when it is not
possible to add any agents satisfying the property. Therefore, for all remaining agents
who belong to set NP, it must be true that ki < pn; where ¢« € N P. Therefore, for

each agent from set VP, it is not profitable to reverse an investing decision.

Second, we show that there is no equilibrium where smaller number of agents invest into
risky asset. Suppose that there is such equilibrium defined by the set of participating agents
P’ where |P'| < |P|. We denote by NP’ =N\ P'.

Then set P’ should include all agents with k; = 0. If these agents are included then
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their neighbors with k; < 1 must be included in P’ and so on. Thus, we get all agents from
the set P being included to set P’, thus P € P’. It is a contradiction. Hence set P has the
minimum power among all possible equilibrium partitions. Then set P’ should include all
agents with k; = 0. If these agents are included then their neighbors with k; < 1 must be
included in P’ and so on. Thus, we get all agents from the set P must be included to set
P’ thus P € P’. We got a contradiction. Hence, set P has the minimum power among all

possible equilibrium partitions.
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