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Abstract

The world is facing a disconcerting gap in wealth accumulation by an elite few,
and an increasing income inequality gap. Around the world, capital income is
the most polarized component of household income, and its polarization has been
expanding over time. Household finance studies have robustly shown a growing
non-participation of households in high-return investments and a general decline
in trading activity. Theoretical noisy rational expectations models that link re-
turn heterogeneity with investor sophistication have suggested these trends are
due to growing disparity in investor sophstication or access to superior financial
information technologies (FinTech). In this paper, we present and subsequently
test a simple micro-founded mechanism for the empirically observed return het-
erogeneity, otherwise called the ’Matthew Effect,’ and we show that return and
income differentials increase with progress in FinTech. We systematically test
these and other theoretical predictions on ownership across risky asset classes,
market values, stock turnover, and trading intensity using two unique Italian
data sets spanning the last two decades: the first on household income sources
and wealth that we merge with a second on the digitalization of the Italian finan-
cial sector.
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1 Motivation

Financial inclusion is crucial for a resilient society because coherent investment-

savings decisions allow households to withstand financial and macroeconomic shocks.

Financial exclusion can leave some groups much worse off. FinTech promises new oppor-

tunities for inclusion in financial investment markets, reaching income and racial groups

with low financial sophistication. For example, the largest retail trading firms in the

world, such as Charles Schwab, Robinhood, E-Trade and TD Ameritrade are oferring

no-fee stock investing to retail investors. Figure (1), panel A shows the evolution of

brokerage fees over time since the early 1990s. But what has enabled commission-free

stock trading in recent years is the hunt for an information advantage by the most

sophisticated market players - wealthy investors or large funds - that often rely on

non-classical sources of information for their data-driven algorithms and the fastest IT

connections for trading stocks faster than all other market players. Better computing

power and the exponential growth in new types of data (e.g., from social media, geolo-

cation and satellite imagery, web traffic, credit card and point-of-sale, etc.) reduce the

cost of obtaining information (Goldfarb and Tucker (2019)). Indeed, data has become

more abundant and cheaper over time, as shown in Figure (1), panel B.

Figure 1: Evolution of brokerage fees and data acquisition costs over time

A) Historical trading commissions B) Information costs

Legend: Panel A shows the evolution of average brokerage fees in the United States. Minimum
brokerage fees declined to zero much faster. For example, E-Trade was already offering zero-fee
trading in 2001. Panel B shows the evolution of information processing and storage costs over time.
Source: Technology (2018) for the cost of data; Charles Schwab for brokerage fees.

In theory, this enables investors to obtain more precise information, form better
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forecasts, and make better portfolio choices (Verrecchia (1982)). But it can also create

opportunities for sophisticated market players to single-handedly acquire better data

and formulate profitable trading strategies at the expense of less sophisticated ones.

Early articulations of this argument were proposed in Becker (1967) and Arrow (1987).

Becker (1967) suggested that households who can secure systematically higher finan-

cial returns become wealthier, and Arrow (1987) proposed that individuals with lower

costs of information acquisition buy more information and therefore get higher rates of

return. Subsequent variations of these arguments, with wealth effects (Peress (2004)),

pooling through mutual funds in order to share the cost of data (Mihet (2018)), or het-

erogeneity in data processing abilities (Kacperczyk et al. (2018), and Azarmsa (2019))

have all reached the same theoretical conclusion: general progress in financial informa-

tion technologies benefits sophisticated investors to the detriment of less sophisticated

ones.

Do these theoretical predictions find support in the data? In this paper, we first

present a simple portfolio choice model under asymmetric information to develop some

testable hypotheses on the impact of progress in financial information technology on

ownership across various risky asset classes, on return and income inequality, and on

stock turnover and trading intensity. The model has multiple implications about the

aggregate and relative implications of innovations in financial information technologies.

First, it implies capital income inequality between sophisticated and unsophisticated in-

vestors that grows with aggregate financial information technology. Second, it predicts

a growing presence of sophisticated investors in risky asset classes, and a retrenchment

of less sophisticated investors from trading and stock market ownership in general.

We then test the theoretical predictions using a unique data set merging informa-

tion on households’ and banks’ characteristics. Data on households are gathered from

the Bank of Italy’s Survey on Household Income and Wealth (SHIW) from 2004 to

2020. We complement these data with Bank of Italy’s Regional Bank Lending Survey

(RBLS) which collects information on the digitalization of the Italian banking sector.

Particularly, we succeed in building a set of indicators for the degree of bank investment

in FinTech technologies dating back to 2004.

The main contribution of this project is to explore a unique micro-level data set

on households’ characteristics, income sources and wealth and use local variation in
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banks’ adoption of various FinTech innovations over the last twenty years in order to

analyze FinTech’s impact on financial inclusion and capital income inequality, and thus

contribute to a topic of great importance to household finance.

2 Theoretical Model and Predictions

We present an information-based general equilibrium portfolio choice model a la

Grossman and Stiglitz (1980), where investors’ utility function is CRRA with respect

to end of period wealth and there are multiple risky assets. Our goal is not to de-

velop innovative theory. Rather, the goal is to write down a simple framework with

general features present in the data in order to provide some clean testable predictions.

The model needs to have multiple risky assets if we want to have predictions on asset

ownership across different risky asset classes, and some sort of investor sophistication

heterogeneity, which we model as both wealth heterogeneity (for which CRRA pref-

erences are preferable due to the presence of wealth effects) and investor information

processing ability (because we can observe financial education in the data).

We use a CRRA specification for investor preferences, but an information structure

similar to Kacperczyk et al. (2018), because we ultimately wish to separate effects due

to wealth heterogeneity, information sophistication, and risk-aversion. We can measure

these in the data as the surveys we use for the empirical analysis contain information on

wealth, financial education, and risk-preferences. Existing theoretical models (Peress

(2005), Kacperczyk et al. (2018), Mihet (2018) and Azarmsa (2019)) equate wealth

heterogeneity with differences in information sophistication and with absolute risk-

aversion heterogeneity. By separating the three, we can isolate their contribution to

how capital income and wealth evolve with FinTech innovations.

2.1 Model Setup

Financial market The financial market consists of one riskless asset, with a small

rate of return r and a price normalized to 1, and N risky assets, indexed by i with

prices pi and stochastic payoffs which are i.i.d. and normally distributed according to

zi ∼ N(z̄i, σ
2
i ). The supply of the risky assets is stochastic and provided by liquidity

traders xi ∼ N(x̄i, σ
2
xi), and is independent of payoffs and across assets. The riskless

asset is in unlimited supply.
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Preferences Investors are indexed by j and have CRRA preferences with respect

to their terminal wealth Wj,t+1 and a risk-aversion coefficient ρj > 0, as in Brunnermeier

(2001):

max E
1

1− ρj
W

1−ρj
j,t+1 (1)

This specification guarantees that an investor increases his investment in risky

stocks as his wealth increases.

Information Prior to making their portfolio decisions, investors can choose whether

to acquire information about one or all of the risky assets. Information is obtained in

the form of signals, which are then used to update the beliefs that inform the investors’

portfolio allocations. We assume that each investor receives a separate signal sij on

each of the assets’ payoffs zi, such that:

sij = zi + εij, where εij ∼ N(0, σ2
sji) (2)

Each investor receives information through a channel with fixed capacity, following

the rational inattention literature that models an investor’s information choice as an

entropy reduction (Sims, 2003). All investors in the economy have the ability to learn

about the N risky assets, but some are better than others at learning. Specifically, a

measure α of investors have high capacity for processing information and thus, they are

sophisticated, while a measure 1 − α of investors have low capacity for processing in-

formation and are referred to as unsophisticated investors. Thus, 0 ≤ Ku ≤ Ks ≤ Kmax.

Timing In the first subperiod, investors solve the information acquisition problem.

In the second subperiod, investors learn according to their capacity constraint and

choose their portfolio allocations.

2.2 Solution

As standard in the information-based general equilibrium theoretical literature, we

solve the model backwards, starting with the investors’ portfolio problem in subperiod

2, for a given information structure, and then solving for the information choice in
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period 1.

Portfolio choice Each investor chooses a portfolio allocation to maximize:

max E2j
1

1− ρj
W

1−ρj
t+1,j (3)

subject to the budget constraint (4)

Wt+1,j = r

(
Wt,j −

N∑
i=1

piqji

)
+

N∑
i=1

ziqji (5)

where E2j denotes the expected utility conditional on investor j’s information set at

t + 1, wealth Wt,j is wealth at period t, and qji is the quantity invested in asset i by

investor j. This terminal wealth has a Normal distribution if the zi’s are Normal.

Proposition 1 The solution to this problem is given by

qi =
(E[zi|Ij]− rpi)Wt,j

ρjσ̂i
2 (6)

where σ̂i
2 is the expected standard deviation of asset i’s payoff conditional on the

investor’s information set.

Proof: We first compute expected utility. For this, we need to express terminal wealth

in log-terms and then use an approximation of the log return.

Wt+1,j = Wt,je
log

[
r

(
1−
∑N
i=1 pi

qji
Wt,j

)
+
∑N
i=1 zi

qji
Wt,j

]
=

= Wt,je
log

[
r+ 1

Wt,j

∑N
i=1 piqji

zi−rpi
pi

]

The only stochastic term in the above equation is z. We can define

F (zi − rpi) = log

[
r +

1

Wt,j

N∑
i=1

piqji
zi − rpi
pi

]
and (7)

G(qi) =

[
r +

1

Wt,j

N∑
i=1

qji(z̄i − rpi)

]
(8)
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The second-order Taylor approximation of the F function is

F (zi − rpi) = f(z̄i − rpi) + (zi − z̄i)F ′(z̄i − rpi) +
1

2
(zi − z̄i)2F ′′(z̄i − rpi) +O(zi − rpi)

Plugging in the terms

F ′ =
qi
Wt,j

1[
r + 1

Wt,j

∑N
i=1 qji(z̄i − rpi)

]
F ′′ = − q2

i

W 2
t,j

1[
r + 1

Wt,j

∑N
i=1 qji(z̄i − rpi)

]2

we get that the Taylor approximation is

F (zi − rpi) = log

[
r +

1

Wt,j

N∑
i=1

qji(z̄i − rpi)

]
+ (zi − z̄i)

qi
Wt,j

1[
r + 1

Wt,j

∑N
i=1 qji(z̄i − rpi)

]
− 1

2
(zi − z̄i)2 q2

i

W 2
t,j

1[
r + 1

Wt,j

∑N
i=1 qji(z̄i − rpi)

]2 +O(zi − rpi)

And substituting in the G function, the Taylor approximation of the F function can be

written concisely as

F (zi − rpi) = logG(qi) + (zi − z̄i)
qi
Wt,j

1

G(qi)
− 1

2
(zi − z̄i)2 q2

i

W 2
t,j

1

G(qi)2
(9)

Thus, to compute expected utility, we can write

(
e[F (zi−rpi)]

)1−ρj
= G(qi)

(1−ρj)e
(1−ρj)(zi−z̄i)

qi
Wt,j

1
G(qi)

−
(1−ρj)

2
(zi−z̄i)2

q2i
W2
t,j

1
G(qi)

2

(10)

In the above, we can approximate the term (zi−z̄i)2 by its expected conditional volatility

σ̂i
2. At the approximation point, we can ignore variation in the term G(qi) because it

is a constant and thus,

logEW 1−ρj
j,t+1 = c0(1− ρj)

[
N∑
i=1

qi
Wt,j

(E[zi|Ij]− rp) + (1− ρj)
N∑
i=1

q2
i σ̂i

2

Wt,j

1

2W 2
t,j

−
N∑
i=1

q2
i σ̂i

2

2W 2
t,j

]

= c0(1− ρj)

[
N∑
i=1

qi
Wt,j

(E[zi|Ij]− rp)− ρj
N∑
i=1

q2
i σ̂i

2

2W 2
t,j

]
(11)
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Taking the first order condition of (11) with respect to the portfolio choice variable qi

gives the standard equation

qi =
(E[zi|Ij]− rpi)Wt,j

ρjσ̂i
2 (12)

where σ̂i
2 is the expected standard deviation of asset i’s payoff conditional on the in-

vestor’s information set.

Information choice To compute ex-ante expected utility, we proceed as in Brun-

nermeier (2001). To ease exposition, denote the excess return as

Ri = E[zi|Ij]− rpi (13)

with mean R̂i. Denote the ex-ante volatility of Ri − R̂i as

V̂i = σ(Ri − R̂i) (14)

Proposition 2 Each investor allocates his entire capacity to learning about a

single asset. All assets actively traded belong to the set of asset with maximal expected

gains. Proof: We can write in matrix form

U =
(rWt,j)

1−ρj

1− ρj
exp

{
1− ρj
ρj

1

2

[
(R− R̂)Σ̂−1(R− R̂) + 2R̂Σ̂−1(R− R̂) + R̂Σ̂−1R̂

]}
(15)

Taking expectations, this becomes

EU =
(rWt,j)

1−ρj

1− ρj
|I − 2V̂

(1− ρj)
2ρj

Σ̂−1|−
1
2 exp

[
(1− ρj)2

2ρ2
j

R̂σ̂−1

(
I − 2V̂

(1− ρj)
2ρj

Σ̂−1

)−1

V̂ R̂Σ̂−1

]

exp

[
+

(1− ρj)
2ρj

R̂Σ̂−1R̂

]
Expressing the determinant and grouping terms, the above becomes

EU =
(rWt,j)

1−ρj

1− ρj
Π
−1/2
i

(
1− V̂i

(1− ρj)
ρj

σ̂i
−1

)− 1
2

exp

[
(1− ρj)

2ρj

∑
R̂2
i σ̂
−1

(
1 +

(1− ρj)
2ρj

V̂iσ̂
−1
i

)−1
]
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Taking the natural log of the negative of the above expression yields

constant +
1

2

N∑
i=1

log

(
1 +

(1− ρj)
2ρj

V̂iσ̂
−1
i

)
+

N∑
i=1

(ρj − 1)

2ρj

ρjR̂
2
i

ρjσ̂i + (ρj − 1)V̂i

Therefore, an investor’s information choice problem is to maximize

max
σ̂−1
i

1

2

N∑
i=1

log

(
1 +

(1− ρj)
2ρj

V̂i
σ̂i

)
+

N∑
i=1

(ρj − 1)

2ρj

ρjR̂
2
i

ρjσ̂i + (ρj − 1)V̂i
(16)

subject to
N∏
i=1

σi
σ̂i
≤ exp(2Kj) (17)

The solution is a corner solution, because the objective function is convex and strictly

decreasing in the choice variable σ̂i. Thus, an investor invests all his capacity Kj in

learning about one single asset and nothing about any other asset. All assets that are

actively learned about in equilibrium (actively traded) belong to the set of assets with

maximal expected gains, A. Not all assets are traded (learned about) in equilibrium.

Among those that are actively traded, not all are given the same attention by investors

either. The market endogenously learns about a select number of assets, and the mass

of investorsMi choosing to learn about asset i will vary with the volatility and liquidity

of the asset.

Thus,

σ̂i =

σ̂i = exp(−2Kj)σi if the investor learns (if i = aj ∈ A)

σi if the investor does not learn (if i 6= aj ∈ A)
(18)

and

E[zij|Ij] =

sij if the investor learns (if i = aj ∈ A)

z̄i if the investor does not learn (if i 6= aj ∈ A)
(19)

Proposition 3 Sophisticated investors generate higher income than unsophisti-

cated ones. That is, if K1 > K2, then
∑N

i=1 Π1,i,t >
∑N

i=1 Π2,i,t.

Proof: Let Πj,i,t be the average profit per capita for investor j from trading asset i at
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time t:

Π1,i,t =
H1,i,t(zi,t − rpi,t)

λ
for sophisticated investors and (20)

Π2,i,t =
H2,i,t(zi,t − rpi,t)

(1− λ)
for unsophisticated investors (21)

where Hj,i,t is the holding level of asset i for investors of type j at time t and Mi

denotes the mass of investors learning about asset i:

H1,i,t = λ

[
(z̄i − rpi,t) +Mi(e

2K1 − 1)(zi − rpi,t)
ρjσ2

i

]
(22)

H2,i,t = (1− λ)

[
(z̄i − rpi,t) +Mi(e

2K2 − 1)(zi − rpi,t)
ρjσ2

i

]
(23)

Heterogeneity in sophistication (the fact that K1 > K2) drives capital income

inequality because sophisticated investors earn higher income than unsophisticated in-

vestors. On the one hand, sophisticated investors hold a different average portfolio and

on the other hand, sophisticated investors learn more so they gain more (and lose less)

from positive (negative) shocks relative to their prior expectations.

We still need to solve for prices, for the set A of actively traded assets chosen in

equilibrium, and the measure Mi of investors learning about asset i. But we can ig-

nore this for now and focus on the effects of better data technologies on capital income

inequality first.

Comparative statics w.r.t. better financial information technologies To

get a sense of the model’s predictions before fully characterizing the equilibrium, we

do some simple comparative statics to understand the effects of changes in K1 and K2

on capital income inequality. Consider the benchmark setting with heterogeneity in

sophistication Kj and in initial wealth Wj, while fixing the risk-aversion coefficient to

be the same for all investors: ρj = ρ, for all j. We plan to solve the model as generally

as possible, but in the following we provide the simplest framework and the intuition

for why capital income grows with better financial information technologies.
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Proposition 1 A relative increase in information sophistication leads to greater

capital income heterogeneity.

Proof: In other words, consider an increase in the capacity gap K ′1−K ′2 > K1−K2.

Plugging the holdings into the average profits yields

Π1,i,t =

[
(z̄i − rpi,t)(zi,t − rpi,t) +Mi(e

2K1 − 1)(zi − rpi,t)2

ρσ2
i

]
(24)

Π2,i,t =

[
(z̄i − rpi,t)(zi,t − rpi,t) +Mi(e

2K2 − 1)(zi − rpi,t)2

ρσ2
i

]
(25)

Capital income heterogeneity is thus given by the equation below

Π1,i,t − Π2,i,t =

[
Mi(e

2K1 − e2K2)(zi − rpi,t)2

ρσ2
i

]
(26)

As long as K1 > K2 and there is learning in equilibrium about asset i, such that

Mi 6= 0, equation (26) is increasing in the capacity gap K1 −K2.

Proposition 2 The model also generates that an absolute increase in information

sophistication leads to a growing capital income polarization.

Proof: Let K1 = K and K2 = αK where 0 < α < 1. Then, we can write

∂Π1,i,t/Π2,i,t

∂K
> 0 (27)

Proposition 3 An increase in relative sophistication predicts a growing presence

of sophisticated investors in risky asset classes and a retrenchment of less sophisticated

investors from trading and stock market ownership in general.

To prove this result, we need to solve for the entire equilibrium, including the as-

sets actively traded in equilibrium. The intuition for this result comes from the fact

that investors learn about the most volatile asset first, and then progress their learning

towards assets with lower volatility. In equilibrium, not all assets will be learned about

or actively traded and the economy as a whole exhibits strategic substitutability.

Moreover, as seen before, heterogeneity in information processing ability generates
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heterogeneity in portfolios, which decreases the relative participation of unsophisticated

investors. The higher the heterogeneity in sophistication, the lower the relative partic-

ipation of unsophisticated investors in the most actively traded (i.e., riskiest) assets.

This is due to a general equilibrium effect that works through prices. As more sophisti-

cated investors enter a particular asset ι, the price of this asset will adjust (increase) to

reflect the greater demand from sophisticated investors. Through this price adjustment,

both types of investors will see their returns decrease. Yet, unsophisticated ones will

choose to decrease their holdings of asset ι because their information is not good enough

to sustain the previous position as an optimal choice anymore. Thus, unsophisticated

investors retrench from trading the asset.

3 Data and Preliminary Evidence

The theoretical framework offers rich cross-sectional and time-series predictions on

return and income heterogeneity, asset ownership, market values, and equity turnover.

However, empirically assessing the impact of progress in financial information technol-

ogy on these variables is difficult because of data limitations (i.e., one needs very detailed

panel-level household portfolio holdings data either by having access to sensitive tax

records with detailed trading information or partnering with some large investment

fund/trading platform), but mostly because of identification (i.e., one needs local vari-

ation in the diffusion of FinTech technologies).

The existing household finance literature has focused on specific FinTech devel-

opments, such as robo-advisors. Reher and Sokolinski (2021) find robo-advisors do

not benefit poorer households; Rossi and Utkus (2020) find robo-advisors move poorer

households into bond holdings and wealthier households in high-fee active mutual funds

that experience significant performance gains. We plan to focus on other FinTech de-

velopments, such as (1) minimum brokerage fee, (2) remote banking connections which

allow households an easier access to investment opportunities, and (3) indicators of

banks’ Fintech use and digitalization.

Our empirical analysis is based on the use of a unique dataset merging information

on households’ and banks’ characteristics. Data on households are gathered from the

Bank of Italy’s Italian Survey on Household Income and Wealth (SHIW) from 2004 to
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2020. This survey contains socio-demographic characteristics of households’ members

(such as province of birth and residence, birthday, gender, education, marital status,

work status, education, and risk aversion), detailed information about all households’

income sources and wealth components (real and financial assets, split into deposits,

bonds, MMMFs, public equity, private equity, etc., and debts). The survey also collects

information on households’ banks and on their remote connection to banks, which we

use as an early-stage proxy for Fintech developments. Figure (2) shows the diffusion

of remote banking connections throughout Italy over time. While we plot this data at

four-regional levels, we have this information at a very granular, locality-level.

Figure 2: Early-stage FinTech: Remote banking connections

Source: Bank of Italy’s Survey on Household Income and Wealth (SHIW).

We complement these data with the Bank of Italy’s Regional Bank Lending Survey

which collects information on the digitalization of the Italian banking sector on a sample

of about 280 Italian banks. Particularly, we build a set of indicators on the degree of

digitalization based on the provision of on line asset management to households or,

generally, on digital services offered to households and firms by each bank as follows:

i dummy for bank offering online data-driven asset management to households;

ii dummy for bank offering at least one digital service to households (peer to peer

payments through mobile, loans for house purchase, consumer credit, asset man-

agement);

iii dummy for bank offering at least one digital service to households or firms (peer to

peer payments through mobile, loans for house purchase, consumer credit, asset

management, lending to firms, corporate billing).
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The average values of the first indicator in 2004, 2010, and 2016 across Italy is

reported in Figure (3). We have each of these three indicator measures at the locality-

level as well.

Figure 3: FinTech: Online asset management services

Source: Bank of Italy’s Regional Bank Lending Survey.

3.1 Cross-sectional hypotheses

We first present some preliminary evidence and discussion of the cross-sectional

implications of the model, and then we address the time-series and distributional hy-

potheses and how we plan to test them empirically.

Hypothesis 1 Risk-adjusted returns increase with financial sophistication.

One of the most important cross-sectional implications of the model is that return

inequality between sophisticated and unsophisticated investors grows in investors’ ag-

gregate and relative sophistication. Indeed, a preliminary examination in Figure (4) of

households’ excess returns shows realized capital returns that increase with wealth.

Generating capital returns that increase with wealth is not a straightforward mod-

eling outcome. Chiappori and Paiella (2011) show that relative risk-aversion is constant.

So, in the data, it is not the case that as risk-tolerant wealthy investors take on higher-

risk strategies, they achieve higher returns on wealth. In the model, returns increasing

with wealth arises through an information channel in the spirit of Arrow (1987). This

happens because information matters more for wealthy investors, as they have more

capital invested in the stock market anyway. As wealthier investors end up being more
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Figure 4: Financial excess returns across wealth quintiles

Legend: The figure shows the excess rate of financial return on financial assets excluding deposits,
saving accounts and government bonds. Source: SHIW, Bank of Italy, 2004-2016.

informed, they achieve higher rates of return on their capital investments. Our prelim-

inary evidence is consistent with other empirical evidence from households’ tax returns

in Scandinavia and India (Fagereng et al. (2016), Di Maggio et al. (2018), and Campbell

et al. (2018)).

We plan to compute additional measures of ex-post returns across investors’ wealth,

risk-aversion and financial education using the Italian Survey on Household Income and

Wealth Inequality (SHIW) conducted between 1991 and 2020. We will then examine

the sources of the observed differentials, focusing on the allocation of wealth between

different asset classes and between active and passive investments. The model predicts

that sophisticated households are more heavily invested in the riskiest asset classes,

while the portfolios of the least sophisticated households will concentrate on the least

risky asset classes.

Hypothesis 2 Sophisticated investors specialize in risky asset classes, while less so-

phisticated investors specialize in safer asset classes.

A preliminary examination of the household portfolio composition by wealth per-

centile using SHIW data in Figure (5) confirms the idea that sophisticated households

in Italy hold very different capital assets compared to less sophisticated households.

Low-risk assets such as deposits and saving accounts represent the largest share held

by the bottom and middle-half of the wealth distribution. The lower wealth percentiles

hold very few medium-risk assets such as governments securities or bonds and even less
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high-risk assets such as equity shares, fund shares, or other complex securities. The

middle class has more exposure to medium-risk assets, but low-risk assets still dominate

their portfolio. At the top of the wealth distribution, the share of high-risk assets is

the highest.

Figure 5: Portfolio composition across wealth deciles

Legend: The figure shows the financial portfolio composition across wealth deciles averaged over
2004- 2016. Low risk: deposits, saving accounts; Medium risk: government securities, bonds, funds
(in bonds, money market and liquidity in euros), loans to cooperatives, High risk: shares, equity,
managed portfolio, funds (in equities, mixed or in FX), and other complex securities (FX, options,
futures, etc.). Source: SHIW, Bank of Italy.

Hypothesis 3 Improvement in financial information technology decreases overall house-

hold stock-market participation.

As to the time-series and distributional predictions, the basic intuition of the model,

in which progress in financial information technology increases information asymmetry

among market participants resonates well with a puzzling phenomenon of the last two

decades of a growing retrenchment of less sophisticated, retail investors from trading

and stock market ownership in general, as shown in Figure (6).

This is also consistent with trends from the US (Wolff (2014) and Mihet (2018)),

which is puzzling in light of the fact that direct participation costs, if anything, have

fallen significantly over the last two decades.
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Figure 6: Stock market participation over time

Legend: The figure shows direct stock market participation in Italy over time. Peak participation is
in the 1998 and 2001 waves. Since 2001, direct participation has been steadily decreasing to less than

4% in the 2016 wave. Source: SHIW, Bank of Italy.

Hypothesis 4 Improvement in financial information technology grow the share of so-

phisticated investors into high-risk, high-return asset classes. Unsophisticated investors

are priced out of these asset classes and retrench into less-risky asset classes.

In the model, aggregate information technology improvements grow the share of

sophisticated investors into high-risk, high return asset classes. Unsophisticated in-

vestors perceive their information disadvantage through asset prices and allocate their

investments away from the allocations of informed investors. As a result, sophisticated

investors earn higher returns on their financial income and wealth, and over time, their

financial income diverges from that of unsophisticated investors with relatively lower

levels of information. Using data on ownership, this prediction can also be analyzed in

our data.

This hypothesis fits well with empirical evidence that documents a presence of

sophisticated, large market players that has doubled in risky asset classes over the last

decades (Gompers and Metrick (2001), Kacperczyk et al. (2018) and Garleanu and

Pedersen (2018) for the case of the US).

Hypothesis 5 Capital income inequality grows with progress in financial information

technology.

In the time-series, the dispersion in returns is predicted to grow with advances in

financial information technologies. Our theoretical model implies a growing disparity

in capital incomes across households. Computing returns at different points in time

would inform us on whether return heterogeneity has become more uneven in the last
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two decades. A preliminary examination of the data in Figure (7) shows that returns

by wealth quintile have grown disproportionately more uneven since 2004.

Figure 7: Returns by wealth quintile have become more uneven since 2004

Legend: This graph shows the rate of financial returns on financial assets excluding deposits, saving
accounts and government bonds measured as percentages from mean return. Source: SHIW, Bank of
Italy, 2004-2016.

We also plan to calculate the returns to each holding category by investor sophisti-

cation. This way, we can compute cumulative values of 1 Euro invested by each group

in the early 2000s using time series of aggregated monthly returns for the different

holding categories (i.e., real estate, private equity, public equity, etc.) ending in 2020,

the last wave of the SHIW. This will further allow us to observe whether the differences

in cumulative returns get amplified in the last two decades.

4 Empirical testing

The preliminary evidence presented above explains why we choose a simple noisy

rational expectations setting with multiple asset classes and heterogeneity in investor

wealth and information capacity. In this section, we present our empirical strategy for

systematically testing our model’s distributional predictions.

Using household level capital holdings data from Bank of Italy’s SHIW survey and

bank level indicators on the degree of FinTech investment for asset management from

Bank of Italy’s RBLS survey, we plan to perform a careful investigation of the impact

of financial information technology on overall participation, portfolio composition, and
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capital income inequality for different levels of investor sophistication.

The empirical strategy would follow exploring differences in the introduction of

various indicators of FinTech innovations in the territory where the household resides,

such as (1) no-fee trading opportunities (i.e., minimum brokerage fees in local funds),

(2) the number of classical bank branches, (3) remote banking opportunities, and (4)

indices of bank Fintech adoption and digitalization strategies. Investor sophistication

can be measured in two ways: (1) by looking at household wealth and separating house-

holds into low- and high-wealth quintiles; and (2) by looking at households’ financial

education levels and separating them into low- and high-financial education.

We will first analyze whether financial technology increases capital income and

wealth inequality, by analyzing the cross-sectional heterogeneity in returns to capital

wealth against various indicators of financial sophistication. Then, we will analyze

the decision to participate in risky asset classes (on the extensive and intensive mar-

gins). Regional variation in the adoption of these FinTech developements, as shown

in Figure (3), offers the opportunity to explore their staggered adoption across granu-

lar locality-areas in Italy. There are three empirical strategies that we plan to use: a

difference-in-difference regression, a quantile regression, and a probit regression.

DiD Regression. We will perform a difference-in-difference regression using the

staggered proliferation of FinTech innovations across different territories in Italy. The

empirical specification is:

Yi,j,t = α0 + α1 ? Sophisticationi,j,t+

+ β1 ? FinTechj,t ? Sophisticationi,j,t+

+ γi + θj + ξt + εi,j,t

where Yi,j,t denotes financial wealth, financial returns, and the portfolio share in-

vested in risky asset classes (such as private equity, public equity, private businesses) of

household i in region j at calendar year t. The variable Fintechj,t is the FinTech index.

Sophistication quintile i,j,t denotes either the financial wealth or the financial education

quintile of household i in region j at calendar year t. γi, θj, and ξt denote household,

region, and time fixed effects, respectively.
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Quantile Regression. Second, we will perform quintile regressions of house-

holds’ portfolio shares invested in risky asset classes, households’ financial wealth, and

financial returns on various indicators of FinTech innovations, controlling for typical

household finance characteristics such as gender, education, employment status, etc.

To address endogeneity, we will instrument the FinTech indicators with the level of

financial development prior to these FinTech innovations and/or with access to the in-

ternet in a two-stage estimation approach. This approach has been developed in Frost

et al. (2020) to study the so-called ‘Matthew effect’ (Merton (1988)), or the capacity of

sophisticated households to achieve higher returns than other households (Kacperczyk

et al. (2018)).

The general quintile regression takes the following form:

Q(q/Z) = α(q) + β ∗ Z + γ ∗X + F (ε)−1(q) (28)

where Q(q/Z) is the conditional quantile function for the independent variable of

interest (i.e., portfolio share invested in risky asset classes, financial wealth, and returns)

at quantile q given the vector of covariates Z and F (ε) is the distribution function of

the errors. The covariates of the model, Z, will comprise of financial development,

and the degree of FinTech intensity for household i. Lastly, the vector X denotes

the control variables, such as household age, employment status, geographical area of

residence, etc. To address endogeneity, we will instrument for FinTech intensity with fi-

nancial development prior to these FinTech innovations and with access to the internet.

Probit Regression. Lastly, using a probit regression setting, we plan to analyze

the impact of FinTech on households’ participation decisions in risky asset classes.

Suppose that for household i, its decision to participate in risky asset classes Yi is

either 0 or 1. And the value is jointly decided by the latent variable Y ?
i whose value

is determined by innovations to financial information technologies, and other control

variables Xi.

Yi,j = 1(Y ?
i > 0) (29)

Y ?
i = α1 ? Sophisticationi+ (30)

+ β1 ? FinTech ? Sophisticationi + γxXi + εi (31)
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5 Conclusion

By offering an easier access to different savings and investment opportunities, and

a multitude of data sources for informed investment, FinTech promises to democratize

the investment management sector and level-out the playing field. On the other hand,

unequal access to FinTech opportunities, threaten to increase financial exclusion and

amplify capital income and wealth inequality. Although there is no conclusive evidence

suggesting that these dangers are imminent or substantial, it is useful to understand

them before they are fully realized and become harder to reverse, precisely because of

FinTech’s promising and wide-reaching potential.

In this paper, we propose using two unique micro-level data sets to analyze the

impact of recent financial technology innovations. By separating FinTech into innova-

tions that open up access to new investment classes, and innovations that facilitate the

acquisition of valuable private information, this project will disentangle their separate

contributions on the cross-section and the distributional dynamics of financial inclusion

and inequality.
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