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Abstract

Wealthier individuals earn systematically higher returns on their wealth, yet the
channels driving this return gap are underexplored. Using a proprietary dataset
of over 90,000 Indian retail investors, we document that average annual excess re-
turns rise monotonically with financial wealth, driven almost entirely by higher risk-
adjusted returns, not by differences in systematic returns. Exploiting India’s 2015
reform of its insider-trading regulations, which sharply increased the cost of trad-
ing on private information, we show that the risk-adjusted return gap between the
top 1% and the rest shrinks by 72%. The top 1% trade disproportionately in stocks
during insider-trading violation windows later sanctioned by SEBI, and their pre-
announcement buying of M&A target firms disappears after the reform. To exam-
ine how wealthier individuals obtain private information, we draw on information-
network theory and use two complementary proxies for investor connections to show
that wealthier individuals have better-informed connections. Overall, private infor-
mation can generate substantial return inequality even in stock markets commonly
viewed as level playing fields.
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1 Introduction

Wealth is concentrated among a small fraction of the population in many countries around

the world (Piketty, 2014; Saez and Zucman, 2016; Kuhn et al., 2020; Chancel et al., 2022;

Bharti et al., 2024). A growing literature documents that returns heterogeneity, that is,

wealthier individuals earning higher returns on their wealth, plays a crucial role in ex-

plaining wealth inequality.1 However, much less is known about why this return gap

exists.

This return gap could arise from three channels: differential access to investment op-

portunities (Ebrahimian and Ljungqvist, 2025; Gocmen et al., 2025), differential exposure

to systematic risk (Ebrahimian and Sodini, 2025; Bach et al., 2020), or or an informational

advantage (Kacperczyk and Pagnotta, 2019; Kacperczyk et al., 2019). The third channel

takes two forms: private information, access to information not reflected in prices, and skill,

the ability to process public information more effectively.

We pursue this question in India, the fourth-largest equity market in the world by

market capitalization, with a listed value close to 31% of Indian households’ net wealth.2

A 2015 reform of India’s Prohibition of Insider Trading (PIT) regulations, which raised

the cost of insider trading, provides a natural experiment to identify the role of access to

private information.

We use a proprietary dataset from a large commercial bank in India, spanning 2012

to 2019. The dataset contains monthly equity holdings for over 90,000 individuals, to-

gether with detailed financial information (deposits, credit, debit spending, and cash

withdrawals) and demographic characteristics. Our dataset offers two key advantages.

1See Benhabib et al. (2011, 2019); Gabaix et al. (2016); Kacperczyk et al. (2019); Azarmsa (2026) for theo-
retical arguments, and Bach et al. (2020); Fagereng et al. (2020); Hubmer et al. (2024) for empirical evidence.

2As of December 2024, India ranked fourth in the world by domestic market capitalization, behind
the United States (NYSE and Nasdaq combined), China (Shanghai and Shenzhen combined), and Japan
(World Federation of Exchanges, 2025). The market capitalization of companies listed on the National
Stock Exchange (NSE) was 439 trillion Indian rupees (INR) in December 2024 (Securities and Exchange
Board of India, 2025), approximately 5.1 trillion USD, and roughly 31% of the net personal wealth of Indian
households, 1,413 trillion INR in 2024 (Arias-Osorio et al., 2026).
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First, the sample provides substantial coverage of the right tail of the wealth distribu-

tion, which is critical for studying wealth inequality and heterogeneity in returns (Bach

et al., 2020; Balloch and Richers, 2023). For example, approximately 1,200 individuals in

our sample have financial wealth that on its own places them in the top 0.1% of the In-

dian wealth distribution, based on the estimates of Bharti et al. (2024). Second, we observe

end-of-month stock-level holdings for each individual, which we use to examine whether

informational advantages drive differential returns across the wealth distribution.

We begin by documenting that wealthier3 individuals earn systematically higher re-

turns. We define financial wealth as the sum of equity holdings, bank deposits, and Public

Provident Fund balances. Average annual excess returns increase monotonically with fi-

nancial wealth, rising by 9 percentage points from the 10th to the 90th percentile of the

wealth distribution, and by 20 percentage points from the 10th percentile to the top 1%.

The monotonic pattern is consistent with existing evidence (Bach et al., 2020; Fagereng

et al., 2020).

The gap is almost entirely a difference in risk-adjusted returns rather than in exposure

to systematic risk. Two of the three channels can be ruled out in our setting. First, differen-

tial access to investment opportunities is held fixed by construction, since all individuals

in our sample face the same public-equity opportunity set. Second, the systematic com-

ponent of returns, estimated using the Fama–French three-factor model, is stable across

the wealth distribution. This is where our results depart from Bach et al. (2020), who find

the Swedish gradient determined primarily by systematic returns. What remains is an

informational advantage.

The portfolio structure of wealthier individuals is also consistent with an information

advantage. Models of portfolio choice with information acquisition predict that investors

with an information advantage hold more concentrated portfolios (e.g., Van Nieuwer-

3Throughout the paper, we use wealthier to refer to the continuous wealth gradient and higher-wealth to
refer to individuals in the top 1% of the financial wealth distribution; lower-wealth (or the rest) refers to the
bottom 99%.
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burgh and Veldkamp, 2010). Consistent with this prediction, individuals at the right tail

of the wealth distribution hold significantly less diversified portfolios.

The evidence so far is consistent with either form of informational advantage. Sep-

arating them requires variation in the cost of using private information, which the 2015

reform provides. We next examine how raising that cost affects the risk-adjusted return

gap.

Our identification comes from the 2015 reform of India’s PIT regulations. The Secu-

rities and Exchange Board of India (SEBI) announced the revised framework in January

2015, and it came into force in May 2015 (Varottil, 2016). The reform substantially raised

the cost of trading on private information, with the number of insider trading investiga-

tions quadrupling between the 2014/15 and 2016/17 fiscal years (Securities and Exchange

Board of India, 2020; Bhattacharya and Daouk, 2002).

Following the reform, the risk-adjusted return gap between higher-wealth individuals

(top 1%) and the rest (bottom 99%) shrinks by 72%, indicating that private information

is a key driver of return differences. The reduction is concentrated in the right tail of the

risk-adjusted return distribution, where the excess mass for higher-wealth individuals

largely disappears. This pattern is consistent with a decline in returns from large price

movements, where private information is most valuable.

The reduced return gap following the reform implies that higher-wealth individu-

als benefit disproportionately from private information. We test this implication using

a hand-collected sample of SEBI insider-trading cases: higher-wealth individuals trade

more in these stocks during the documented violation windows. Our tightest specifica-

tion includes individual-by-stock and individual-by-time fixed effects. The individual-

by-stock fixed effects rule out that higher-wealth individuals systematically trade stocks

more prone to violations; the individual-by-time fixed effects rule out that they simply

trade more in all stocks during violation months.

The 2015 PIT reform names specific categories of private information that investors
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are prohibited from trading on. We next focus on one of them: mergers, de-mergers, and

acquisitions. M&A is also well-suited to detect such trading: the direction of informed

positioning is unambiguous, since target shareholders earn large positive announcement

returns (Jensen and Ruback, 1983; Andrade et al., 2001), and the public announcement

provides a clean event date anchoring the test. If higher-wealth individuals have access

to such information, they should accumulate target firm shares before M&A announce-

ments. In the pre-reform period, they do: higher-wealth individuals systematically buy

target shares in the 12 months preceding the announcement, and this differential trading

disappears following the reform.

If the reform reduced the benefits of trading on private information for higher-wealth

individuals, we would expect a decline in their net flows into equities (purchases minus

sales). Consistent with this prediction, we find a reduction in net flows into equities for

higher-wealth individuals relative to lower-wealth individuals. We also observe a modest

increase in their spending, concentrated in discretionary categories, consistent with lower

returns weakening the incentive to defer consumption in favor of investment.

Lastly, we ask how wealthier individuals obtain private information. Such informa-

tion travels along ties between people, and information-network theory predicts that in-

vestors positioned more centrally among those ties receive it earlier than peripheral ones

(Rossi et al., 2018; Ozsoylev and Walden, 2011; Walden, 2019). A natural possibility, then,

is that wealthier individuals sit closer to the center. These ties are not observed, so we

proxy them in two complementary ways: one observes contact without its content, the

other its consequences without the contact.

The first is a communication network, built from call volumes between Indian pin-

codes (six-digit postal codes, analogous to U.S. ZIP codes) reported by the national telecom-

munications regulator, which measures how closely two areas are tied by direct contact.

The second is an investor network inferred from trading behavior, in which two investors

are linked when they trade the same stocks at similar times, following Rossi et al. (2018)
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and Ozsoylev et al. (2014). The two draw on entirely different data, one on communi-

cation and the other on trading, so their agreement is more telling than either measure

alone. Under both, network centrality increases monotonically with financial wealth, and

more central individuals earn higher risk-adjusted returns. Furthermore, wealthier indi-

viduals’ portfolios are markedly more similar to one another than to those of less wealthy

individuals, pointing to a common rather than idiosyncratic information source.

Our results recast insider trading as a force in the distribution of wealth, not only a

matter of market integrity. Because access to private information is concentrated at the

top, the rents it generates widen the return gap that compounds into wealth inequal-

ity. The 2015 PIT reform compressed the risk-adjusted return gap between higher- and

lower-wealth individuals by roughly three-quarters, indicating that credible enforcement

of insider-trading regulation is a lever on wealth concentration. This perspective bridges

two literatures that have developed largely in isolation: returns heterogeneity and wealth

inequality (Bach et al., 2020; Fagereng et al., 2020; Hubmer et al., 2024), which has doc-

umented the return gap but said relatively little about its origins, and insider trading

(Bhattacharya and Daouk, 2002; Kacperczyk and Pagnotta, 2024), which has examined

consequences for prices and market quality rather than for the distribution of wealth.

We mainly contribute to the literature on returns heterogeneity by providing, to the

best of our knowledge, the first causal evidence on the role of information. The litera-

ture has documented that heterogeneity in returns on wealth is an important factor in

explaining wealth concentration at the top, both theoretically (Benhabib et al., 2011, 2019;

Gabaix et al., 2016; Kacperczyk et al., 2019; Azarmsa, 2026) and empirically (Campbell

et al., 2019; Bach et al., 2020; Fagereng et al., 2020; Hubmer et al., 2024). In the setting

closest to ours, Campbell et al. (2019) find that return heterogeneity accounts for 84 per-

cent of the growth in the cross-sectional variance of log equity account size among Indian

retail investors between 2002 and 2011. However, prior studies report mixed evidence

on the role of information. Using Norwegian data, Fagereng et al. (2020) document sig-
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nificant individual fixed effects, suggesting a potential role for information, while Bach

et al. (2020) find that returns heterogeneity in Sweden is almost entirely driven by differ-

ential risk exposures; in the same setting, Ebrahimian and Sodini (2025) estimate that risk

tolerance rises with family wealth background.

In our setting, every investor can buy the same securities at the same prices. Within

that set, wealthier individuals earn higher returns, and when a reform raises the cost of

trading on private information the gap falls by roughly three-quarters. Gaps measured on

total wealth can come from leverage, from illiquid real estate, or from a private business;

none of those exists here. The advantage is not access to different investments. It is better

information about the same ones. By linking individual returns to spending records, we

also provide direct evidence for Daminato and Pistaferri’s (2024) model, in which returns

heterogeneity is a key factor explaining consumption inequality.

We also contribute to the literature on insider trading. An extensive empirical litera-

ture studies whether insider trading generates abnormal returns and carries information

(e.g., Seyhun, 1986; Lakonishok and Lee, 2001; Cohen et al., 2012; Dai et al., 2026; Guest

et al., 2026), how insiders execute trades (e.g., Collin-Dufresne and Fos, 2015; Kacperczyk

and Pagnotta, 2019), what affects insider trading (Ravina and Sapienza, 2010; Ali and Hir-

shleifer, 2017), how private information flows (Ahern, 2017), and how to regulate insider

trading (Bhattacharya and Daouk, 2002; Jagolinzer, 2009; Kacperczyk and Pagnotta, 2024).

However, little attention has been paid to its implications for wealth inequality. We show

that insider trading can have a significant impact on wealth accumulation, as wealthier

individuals are more likely to be connected to insiders and trade on private information.

The remainder of the paper is organized as follows. Section 2 describes our data. Sec-

tion 3 establishes the returns heterogeneity and provides suggestive evidence that it is

driven by information. Section 4 analyzes the effect of the PIT regulations, and Section 5

examines how private information reaches wealthier individuals. Section 6 discusses ro-

bustness, alternative explanations, and the relation to prior evidence from this market.
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Section 7 concludes.

2 Data and Variable Definitions

2.1 Account and Holdings Data

Our primary data are the Dematerialized (Demat) accounts of customers at one of India’s

four largest banks by assets. A Demat account holds securities electronically and is re-

quired for trading in India. The sample is a random draw of the bank’s customers in nine

major cities (Ahmedabad, Bangalore, Bhubaneshwar, Chennai, Delhi, Gurgaon, Kolkata,

Mumbai, and Surat), spanning seven states in different regions of India with differing

levels of income.

For each customer we observe holdings at the security level at the end of every month

from January 2012 to December 2019, together with end-of-month bank deposits, com-

prising savings bank account balances and time deposits, and balances in Public Provi-

dent Fund (PPF) accounts.4 We also observe demographic characteristics: age, gender,

and a credit score from a leading credit bureau. Spending is measured from credit card,

debit card, and ATM transactions. Because we observe only transactions made through

this bank, an individual with no recorded transactions in a month is assigned zero spend-

ing,so the measure captures the part of expenditure that passes through this bank’s cards

and ATMs, and misses spending through other banks and in cash.

Financial wealth: Throughout the paper, financial wealth is the sum of stock holdings,

bank deposits, and PPF balances at the end of the previous month, so that it precedes the

returns and flows of the month in question.

All monetary values are expressed in real 2019 INR, deflated by the annual Indian

consumer price index from the World Bank’s World Development Indicators; for refer-

4The Public Provident Fund is a government-administered long-term savings scheme open to all resi-
dent individuals and held through banks and post offices. Annual contributions are capped—at 150,000
INR since 2014—and balances are locked in for fifteen years, which limits how large these accounts can
become. PPF balances are 0.2% of financial wealth in our sample.
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ence, the exchange rate on 31 December 2019 was 71.36 INR per USD.5 We apply two

filters. Following Andersen et al. (2024), we require financial wealth of at least 1,000 INR

in 2012 prices in each account-month, which screens out inactive accounts; and following

Fagereng et al. (2020), we restrict the sample to individuals aged 16 to 85, who can be

presumed to make their own financial decisions. These filters yield 91,570 individuals.

We restrict holdings to securities we can match to the Prowess database of the Centre

for Monitoring Indian Economy (CMIE), the standard source for Indian market data and

our source for daily prices, dividends, and corporate actions.6 The matched securities are

publicly listed equity: 4,243 stocks, accounting for over 93% of holdings value.

Three features of the data bear on the analysis that follows. First, the sample over-

samples the right tail of the wealth distribution, which matters for studying wealth in-

equality and returns heterogeneity (Bach et al., 2020; Balloch and Richers, 2023): roughly

1.3% of individuals in our data, nearly 1,200 people, would rank in the top 0.1% of India’s

2022 wealth distribution on their financial wealth alone, based on Bharti et al.’s (2024)

estimates. Second, holdings are observed monthly, whereas much of the literature re-

lies on administrative wealth registers that record portfolios once a year (Fagereng et al.,

2020; Bach et al., 2020). The monthly frequency is better suited to the event-based tests

in Section 4—trades during an insider-trading violation window, or in the months before

a merger announcement—which unfold over months rather than years. Third, because

holdings, deposits, and spending are observed for the same individuals, financial wealth

is measured more completely than from brokerage data, and spending, which brokerage

data do not record, can be linked to returns.
5CPI: https://data.worldbank.org/indicator/FP.CPI.TOTL?locations=IN. Exchange rate: Federal

Reserve H.10 series DEXINUS, via FRED, https://fred.stlouisfed.org/series/DEXINUS.
6Prowess is organized around companies—listed firms and larger unlisted ones—rather than pooled

investment vehicles, so holdings without a corresponding issuer in its coverage do not match. These are
largely mutual fund units. Campbell et al. (2019) likewise study directly held Indian equity alone.
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2.2 Measuring Returns

Portfolio excess returns: We measure an individual’s portfolio return as the value-weighted

average of stock-level excess returns, with weights given by holdings at the end of the

previous month, so that it is the return on a buy-and-hold portfolio over the month. For

stock s in month t, the total return rs,t compounds daily returns, inclusive of dividends

and adjusted for corporate actions, and the excess return r̃s,t subtracts the monthly yield

on the 91-day Treasury bill (Agarwalla et al., 2014). Individual i’s portfolio excess return

in month t is

r̃i,t =
N

∑
s=1

wi,s,t−1r̃s,t, (1)

where wi,s,t−1 is the weight of stock s in the value of individual i’s portfolio at the end

of month t − 1. The measure applies to the equity portfolio alone—in the terminology

of Bach et al. (2020), the risky financial portfolio rather than the complete financial portfolio,

which also includes safe assets.

Systematic and risk-adjusted returns: Following Bach et al. (2020), we decompose

the excess return into a systematic return, rs
i,t, and a risk-adjusted return, αi,t, beginning

at the stock level. For each stock s we model the monthly excess return as

r̃s,t = αs + β
′
s ft + µs,t, (2)

where ft is a vector of pricing factors, βs the vector of the stock’s loadings on them, αs its

risk-adjusted performance, and µs,t a residual uncorrelated with the factors. We estimate

equation (2) by OLS on all available monthly returns from January 2012 to December 2019,

with the three factors of Fama and French (1993) as ft.7 The Internet Appendix shows that

the main results are robust to the four-factor model of Carhart (1997).

The portfolio’s systematic and risk-adjusted returns are the value-weighted averages

7Following Balasubramaniam et al. (2023), we use the regularly maintained data set provided by Agar-
walla et al. (2014). The data are available at https://faculty.iima.ac.in/iffm/Indian-Fama-French-
Momentum/.
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of the stock-level components:

rs
i,t =

N

∑
s=1

wi,s,t−1β
′
s ft (3)

αi,t =
N

∑
s=1

wi,s,t−1(r̃s,t − β
′
s ft). (4)

The systematic return is what the individual would have earned in month t from a port-

folio of the pricing factors with the same factor exposures as her own; the risk-adjusted

return is the difference between her actual return and that counterfactual. We refer to

αi,t as the risk-adjusted return, or alpha, throughout; unlike the stock-level intercept αs, it

includes the realized residuals and so varies month to month.

Return reporting conventions: Because our analyses use monthly and quarterly data,

we report all returns in annualized percentage points: monthly returns are multiplied by

twelve, and quarterly returns, which are the sum of the three monthly returns within the

quarter, by four. This convention applies to every return in the text and exhibits. Returns

are measured before trading costs and taxes.8

2.3 Event and Network Data

SEBI enforcement data: We collect SEBI’s enforcement orders, the documents it pub-

lishes when it acts against a party for a securities-law violation. We scrape them from

SEBI’s public order repository, searching the keyword “insider” over orders issued be-

tween January 2012 and January 2026—six years past the end of our sample, because SEBI

typically issues an order several years after the conduct it concerns. The search returns

every published order that mentions the term, whatever its type, and yields a corpus of

3,338 orders. We use gemini-3-flash-preview to extract from each order the stock at is-

8Taxes bear on returns through both dividends and capital gains. On the latter, Mainardi (2025) docu-
ments that wealthier U.S. households realize more losses and fewer gains, consistent with more effective
management of capital gains taxes; that advantage operates on the taxation of returns rather than on returns
themselves.
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sue and the period over which the violation occurred, retaining the orders in which SEBI

found a violation, in whole or in part, or accepted a settlement. This leaves 1,341 viola-

tion windows in 496 distinct stocks over our sample period. Appendix Section B details

the collection procedure, including the types of order we retain and the validation of the

extraction.

M&A data: We obtain mergers and acquisitions announced between 2012 and 2019

from Prowess, which reports the deal type (a merger, or an acquisition of shares) and

identifiers for the acquirer and the target. Following Lagaras (2026), we retain mergers

and acquisitions of a stake of at least 50% in the target, so that each deal transfers control;

for targets with more than one qualifying deal, we use the first. Matching the targets to

our holdings data yields 278 events.

Call volume data: We obtain pincode-to-pincode call volumes from the Telecom Reg-

ulatory Authority of India (TRAI), the national telecommunications regulator. The data

record the total minutes of calls between each pair of Indian pincodes (six-digit postal

codes, analogous to U.S. ZIP codes), aggregated across all carriers, in every week from

August to December 2019 (calendar weeks 32–52). Section 5.1 uses them to construct a

communication network that proxies for the flow of information across locations.

2.4 Summary Statistics

Table 1 reports summary statistics for our final sample. All continuous variables are win-

sorized at the 1% level throughout the analysis. At the individual-stock-month level, the

average position in a single stock is 62,800 INR, with a standard deviation of 139,450

INR. The median holding is well below the mean, indicating a right-skewed distribu-

tion. We measure the net flow into a position as the change in the number of shares

held between consecutive month ends, valued at the end-of-month price: Net Flowi,s,t =

(qi,s,t − qi,s,t−1) ps,t, in thousands of INR. Share counts and prices are both adjusted for cor-

porate actions (e.g., stock splits), so a change in shares outstanding that leaves the value
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of a position unaltered registers no flow. A position absent from the account, before it is

opened or after it is closed, counts as zero shares, so the purchase that opens a position

and the sale that closes it are both recorded. An individual’s net equity flow, Net Flowi,t,

is the sum of these flows across all stocks in the portfolio. Net flows are winsorized at the

1% level.

On average, an individual earns a portfolio excess return of −1.22% and a risk-adjusted

return of −4.95%; both are widely dispersed, with a standard deviation of 70 percentage

points for risk-adjusted returns and 96 for excess returns. Average financial wealth is 1.96

million INR, and, like individual holdings, it is highly right-skewed. In the next section,

we document how returns vary with wealth, showing that wealthier individuals earn

higher returns.

3 Returns Heterogeneity and the Role of Information

This section documents how portfolio returns vary with financial wealth. Sorting indi-

viduals into percentiles of financial wealth and comparing their average portfolio excess

returns, we find that returns rise with wealth, steeply at the top of the distribution. De-

composing excess returns into a systematic and a risk-adjusted component shows that

the gradient is almost entirely a gradient in risk-adjusted returns: systematic returns are

flat across the distribution. Portfolio structure points the same way. The wealthiest in-

dividuals bear the largest share of idiosyncratic risk, which standard accounts of under-

diversification do not predict and an information advantage does. Section 4 tests that

interpretation directly.

3.1 Returns Heterogeneity

Each month, we sort individuals into percentiles of financial wealth at the end of the

previous month, following prior work (e.g., Fagereng et al., 2020). Within each percentile-

month, we average the individual portfolio excess returns of Section 2.2, weighting by the
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same measure of financial wealth, and report the time-series average of these percentile-

month returns. Average financial wealth within a percentile is computed the same way.

Figure 1 plots portfolio excess returns against financial wealth on a logarithmic scale.

Excess returns increase monotonically with financial wealth, from −5.22% per year at the

10th percentile to 3.52% at the 90th, a spread of 8.7 percentage points; the wealthiest 1%

earn 15.38%, 20.6 percentage points above the 10th percentile and in line with the same

gradient.

A positive wealth–return gradient has been documented in several settings (Bach

et al., 2020; Fagereng et al., 2020; Balloch and Richers, 2023). In Sweden, Bach et al. (2020)

report a spread of 4.5 percentage points in historical excess returns on gross wealth—

financial, real estate, private equity, and pension assets combined—between the 10–20th

and 90–95th percentile groups; in Norway, Fagereng et al. (2020) report 1.6 percentage

points in returns to financial wealth, which also includes safe assets, between the 10th

and 90th percentiles. Measured on directly held equity alone, our gradient is steeper.

Section 6 shows that this does not follow from the narrower asset base: converting our

estimates to returns on financial wealth, by valuing deposits at the risk-free rate, leaves

the gradient nearly as steep. The closest comparison is Campbell et al. (2019), who study

directly held Indian equity accounts over 2002–2011, a decade before our sample; their

estimates and ours agree on most of the objects we measure and diverge on the average

simple return, a comparison we take up there.

3.2 Information or Risk Exposure?

By construction, an excess return is the sum of a systematic return—what an individual

earns from her factor exposures alone—and a risk-adjusted return, so the higher excess

returns of wealthier individuals must come from one or the other. We estimate both com-

ponents at the individual-month level from equations (3) and (4) and average each into

wealth percentiles exactly as we did for excess returns (Figure 1).
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Figure 2 decomposes excess returns into systematic (Panel A) and risk-adjusted (Panel

B) components. Systematic returns are largely flat across the wealth distribution. Risk-

adjusted returns instead rise by 21.6 percentage points per year from the 10th percentile

to the top 1%, from −9.56% to 12.00%—the whole of the 20.6-point excess-return gradient

in Figure 1, and marginally more.

The composition is different in Sweden. In the same decomposition applied to gross

wealth, Bach et al. (2020) find historical excess returns rising by 4.5 percentage points

between the 10–20th and 90–95th percentile groups, of which systematic returns account

for 4.7 points and risk-adjusted performance for −0.2.9 That returns rise with wealth

is a common finding; that the rise is risk-adjusted is not. The one prior estimate of a

risk-adjusted gradient in this market points the same way: Campbell et al. (2019) find a

four-factor alpha increasing in account size, though a decile sort over nine years cannot

distinguish the spread from zero.

Our results provide little support for a risk-based explanation: the systematic compo-

nent is flat across the wealth distribution. Nor can the risk-adjusted gradient reflect dif-

ferential access to investment opportunities, since every individual in our sample chooses

from the same set of publicly listed stocks. Wealthier individuals earn higher returns on

the same securities, and not as compensation for systematic risk. That is the pattern an

information advantage produces; it is also what superior skill in processing public infor-

mation would produce, and a descriptive gradient cannot separate the two. We return to

the distinction in Section 4, which uses a reform that raised the cost of trading on private

information.
9The differences in risk exposure behind that gradient may in turn reflect preferences: Ebrahimian and

Sodini (2025) find that risk tolerance in Sweden is higher among individuals from wealthier family back-
grounds.

15



3.3 Idiosyncratic Risk and Portfolio Concentration

Portfolio structure bears on the same question. Portfolio choice theory predicts that an

investor with an information advantage tilts away from the market portfolio, allocating

more to the stocks about which she is informed and less to the rest (Van Nieuwerburgh

and Veldkamp, 2010). A portfolio held for that reason bears risk a diversified benchmark

does not, so idiosyncratic risk should be greatest among the investors who hold the ad-

vantage.

Following Calvet et al. (2007) and Bach et al. (2020), we measure the idiosyncratic

share: the fraction of the variance of an individual’s portfolio return that the pricing fac-

tors do not explain.10 The share equals one for a portfolio whose return is uncorrelated

with the factors and zero for one that holds factor exposure alone. We average it into

wealth percentiles exactly as in Figures 1 and 2.

Figure 3 plots the idiosyncratic share against financial wealth. The relation is U-

shaped: the share declines through most of the distribution and then rises sharply, reach-

ing its highest level at the top. The wealthiest individuals therefore bear a share of un-

priced risk comparable to that of the least wealthy and substantially larger than that of

individuals in the middle of the distribution. Because idiosyncratic risk is not compen-

sated in equilibrium, this does not reinstate a risk-based account of the return gradient;

Section 6 shows that the gradient survives measures that do not treat it as free.

A measure that requires no asset pricing model gives the same answer. Appendix

10As in both papers, we build the share from stock-level variances and portfolio weights rather than from
the individual’s own return history, which would require a long panel of returns for each individual. Let
βi,t = ∑N

s=1 wi,s,t−1βs be the vector of factor loadings of individual i’s portfolio and Σ f the covariance matrix
of ft, so that β′

i,tΣ f βi,t is the variance of her portfolio’s systematic return; let σ2
ε,s be the residual variance of

stock s in equation (2). The idiosyncratic share is

ψi,t =
∑N

s=1 w2
i,s,t−1 σ2

ε,s

∑N
s=1 w2

i,s,t−1 σ2
ε,s + β′

i,tΣ f βi,t
. (5)

Treating residuals as uncorrelated across stocks makes the numerator the portfolio’s idiosyncratic variance
and the denominator its total variance. Σ f and σ2

ε,s are estimated over the sample period, January 2012 to
December 2019.
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Figure IA.3 reports portfolio diversification, measured as one minus the Herfindahl–

Hirschman index of portfolio weights (1−HHI), following Dorn and Huberman (2010). It

traces the mirror image of the idiosyncratic share, rising through most of the distribution

and falling back at the top.

That diversification improves with wealth through most of the distribution is well

understood: it is consistent with standard explanations for under-diversification (Gomes

et al., 2021), such as lower financial literacy or a preference for skewness among less

wealthy investors (Kumar, 2009; Dimmock et al., 2021). Its reversal at the top is not:

standard accounts do not predict that those who can most easily diversify would bear

the most unpriced risk. Bach et al. (2020) document the same reversal in Swedish data,

where the idiosyncratic share rises from 14 percent for the bottom decile to 32 percent for

the top 30–5 percent and 67 percent for the top 0.01 percent, and attribute it to the private

businesses that dominate wealthy Swedish balance sheets—assets that are large, illiquid,

and inherently hard to diversify. We obtain a comparable concentration within publicly

listed equity alone: the share rises from 0.43 at the 80th percentile to 0.74 for the wealthiest

1%. The wealthiest individuals in our sample hold roughly twenty-five stocks, as many as

any group in the distribution (Appendix Figure IA.4), and concentrate regardless. Their

exposure to unpriced risk is a choice rather than a constraint, and together with the higher

returns that accompany it, it is what an information advantage would produce.

4 Trading on Private Information and the 2015 Reform

The evidence so far is consistent with wealthier individuals holding an information ad-

vantage, but it does not say what kind. The advantage can take two forms: private infor-

mation, access to information not reflected in prices, or skill, the ability to process public

information more effectively.11 Both raise risk-adjusted returns, so no comparison of re-

11Our use of skill is narrower than in the wealth-returns literature, where the term often denotes risk-
adjusted performance as a whole; Bach et al. (2020), for instance, describe the portfolio alpha as a measure
of investment skill. We reserve skill for the public-information component and use risk-adjusted returns for
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turns alone can distinguish them. We therefore exploit the 2015 reform of the Securities

and Exchange Board of India’s (SEBI) Prohibition of Insider Trading regulations, which

raised the cost of trading on private information while plausibly leaving the returns to

skill unaffected. If private information drives the return gap, it should narrow after the

reform.

We present five findings. First, following the reform the risk-adjusted return gap be-

tween higher- and lower-wealth individuals compresses by roughly 72%, concentrated in

the disappearance of the largest positive returns among higher-wealth individuals (Sec-

tion 4.2). Second, higher-wealth individuals increase their trading in a given stock pre-

cisely during the windows SEBI later flags for insider-trading violations (Section 4.3).

Third, they accumulate shares in M&A targets in the months before deals are announced,

and this positioning disappears after the reform (Section 4.4). Fourth, their net equity

flows fall, consistent with a lower expected return on equity (Section 4.5). Fifth, their

spending rises, concentrated in discretionary categories (Section 4.6). Taken together, this

evidence points to private information, rather than skill, as an important driver of higher-

wealth individuals’ return advantage, and traces the erosion of that advantage into their

spending.

4.1 The 2015 Reform and Its Enforcement

India’s insider-trading framework dates to 1992 but was widely regarded as imprecisely

drafted and weakly enforced (Varottil, 2016). On the recommendation of a committee

chaired by Justice N.K. Sodhi, SEBI replaced it with the Prohibition of Insider Trading

Regulations, 2015, which repealed the 1992 regulations (Regulation 12(1)) and were ap-

proved and announced by its board on November 19, 2014, notified on January 15, 2015,

and effective May 15, 2015.

Two features of the regime matter for our design. First, the prohibition reaches the

the sum throughout.
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individuals we study: an insider is any person in possession of, or with access to, un-

published price-sensitive information (UPSI), regardless of how it was obtained, and not

only a person connected to the firm (Regulation 2(1)(g)). This possession limb dates to

the 1992 framework; the 2015 regulations restate it and make its intent explicit. Second,

UPSI expressly includes mergers, de-mergers, and acquisitions (Regulation 2(1)(n)), the

category we examine in Section 4.4, as it did under the 1992 framework. What the reform

changed is the cost of trading on such information. For connected persons—a category

it broadened to deem immediate relatives, intermediaries, and bankers of the company

connected unless they establish otherwise (Regulation 2(1)(d))—the onus of proving that

they were not in possession of UPSI now lies on them rather than on SEBI (Regulation

4(2)); listed companies must adopt codes of fair disclosure and conduct; and, as we docu-

ment next, enforcement intensified. The prohibition restricts trading while in possession

of UPSI and places no restriction on research or the analysis of public disclosures, so the

returns to skill are unlikely to be affected.12

These changes did not remain on paper. The reform was widely noticed: search in-

terest in the regulations rose sharply around the announcement (Appendix Figure IA.1,

Panel A). In our own collection of SEBI orders, enforcement actions citing the insider-

trading regulations rise by 35 percent, from an average of 141 per year in the two years

before the announcement to 190 per year in the three years after, the window over which

we estimate the reform’s effect on returns (Panel B).13 Damle and Zaveri (2022) document

a broader rise in SEBI’s enforcement activity over 2014–2018.14 Together, the new provi-

12The committee whose report the regulations follow states the principle directly: research and analysis
based on generally available information remain generally available, and “generally available information
well analyzed by an insightful mind would not be transformed into UPSI” (High Level Committee to Re-
view the SEBI (Prohibition of Insider Trading) Regulations, 1992, 2013, para. 30).

13We date each action by the start of SEBI’s enforcement action rather than by the date of the resulting
order, because orders are issued several years after the conduct they concern.

14SEBI’s investigative powers had been expanded shortly beforehand by the Securities Laws (Amend-
ment) Act, 2014, in force from July 2013, which empowered it to call for information and records from any
person, including banks, and strengthened its search-and-seizure procedure; contemporary commentary
anticipated that enforcement of insider-trading cases would intensify as a result (Varottil, 2016). Those
powers were in force eighteen months before the reform was announced, so they cannot account for a
change in the return gap at the announcement.
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sions and the rise in enforcement raised the cost of trading on private information; the

enforcement matters in its own right, because the deterrent value of an insider-trading

law rests on the credibility of enforcement rather than on its existence (Bhattacharya and

Daouk, 2002). Consistent with a change in behavior, Deuskar et al. (2025) find that corpo-

rate insiders’ trading in their own firms became less frequent and less profitable after the

reform.

4.2 The Effect on the Return Gap

To test the effect of the 2015 reform, we compare the risk-adjusted returns of higher- and

lower-wealth individuals around its announcement in November 2014. We classify in-

dividuals as higher-wealth (top 1%) or lower-wealth (bottom 99%) by their position in

the financial wealth distribution at the end of December 2014 and hold this classification

fixed throughout, so that membership does not respond to returns earned under the new

regime. The 1% cutoff isolates the right tail while retaining around 700 individuals in the

higher-wealth group.15 We sum each individual’s monthly risk-adjusted returns within

a quarter to reduce the influence of month-to-month variation. Quarters run from De-

cember to February, March to May, June to August, and September to November, so that

the first post-reform quarter, December 2014 to February 2015, begins with the first full

month after the announcement; the regulations were notified in its second month and

took effect in the quarter that followed. The window comprises the eight quarters before

the reform and the twelve after.16

Figure 4 plots kernel density estimates of quarterly risk-adjusted returns across individual-

quarter observations for the two wealth groups, before (Panel A) and after (Panel B) the

reform, with vertical lines at the group means. In the pre-reform period (Panel A), higher-

wealth individuals earn a higher average risk-adjusted return than lower-wealth individ-

15Results are robust to using the top 5% instead (Appendix Table IA.1).
16We use a five-year window to isolate the 2015 reform from neighboring changes to the insider-trading

regime: SEBI last amended the 1992 framework in August 2011, when it extended disclosure obligations to
promoters, and first amended the 2015 regulations in December 2018 outside our window.
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uals. Their distribution sits to the right, with less mass in the left tail, and carries a distinct

hump in the upper right tail, centered near 90%: a higher incidence of large positive risk-

adjusted returns.

In the post-reform period (Panel B), higher-wealth individuals still earn a higher av-

erage risk-adjusted return than lower-wealth individuals, but the gap is smaller. The

hump in the upper right tail disappears, and the two distributions otherwise move closer

together; the change is most visible among large positive risk-adjusted returns.

This pattern is what we would expect if private information drives the gap. An in-

vestor with private information trades on it only when the advantage is large enough

to outweigh the stock’s own volatility, so informed trading leaves its mark in the right

tail rather than as a uniform shift in returns. By raising the cost of trading on private

information, the reform should thin that tail, which is what Panel B shows.

We next estimate the change in the return gap with the following difference-in-differences

specification:

αi,t = β1 × 1(Top 1%)i + β2 × 1(Top 1%)i × Postt + γXi,t + ηt + ϵi,t, (6)

where αi,t is individual i’s risk-adjusted return in quarter t, the sum of the monthly risk-

adjusted returns of equation (4); 1(Top 1%)i equals one for higher-wealth individuals;

and Postt equals one from December 2014 onward. β1 is the pre-reform return gap and

β2, the coefficient of interest, its change following the reform. The controls Xi,t are her id-

iosyncratic share (Section 3.3) in the previous quarter, which could affect returns, together

with age, gender, and credit score, each entering as category indicators rather than levels,

so that individuals with an unrecorded gender or no credit score stay in the sample. Be-

cause the idiosyncratic share may itself respond to the reform, we report estimates with

and without controls. Time fixed effects (ηt) absorb shocks common to all individuals in

a quarter, and we cluster standard errors at the individual level.
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Table 2 reports estimates of equation (6). Column 1 includes time fixed effects and no

controls: the pre-reform gap is 18.3 percentage points and the interaction −12.0. Column

2 adds the controls, leaving a pre-reform gap of 16.2 percentage points and an interaction

of −11.7, both significant at the 1% level, so the gap shrinks by roughly 72% following

the reform. Columns 3 and 4 add individual fixed effects, without and with controls,

which absorb 1(Top 1%)i and identify the interaction from within-individual variation;

it is unchanged at −12.0 and −12.2. The reform raised the cost of trading on private

information, so the narrowing of the gap is consistent with private information being an

important driver of higher-wealth individuals’ return advantage.

Figure 5 plots estimates from a dynamic version of the Column 4 specification, one per

quarter, each the difference in risk-adjusted returns between higher- and lower-wealth

individuals in that quarter relative to the quarter preceding the announcement. The es-

timates fluctuate in both periods but show no trend before the announcement, and they

shift down after it, consistent with the average effect in Table 2.

Higher-wealth individuals are few and hold concentrated portfolios, and both the

value of private information and the frequency with which it arrives likely vary over

time, so the return gap fluctuates from quarter to quarter in both periods even absent any

policy change. This has two implications. First, identification requires only the absence

of a differential trend before the reform, not the absence of fluctuations; Figure 5 shows

no such trend. Second, the effect need not be monotone afterwards, so we read the post-

reform estimates as a shift in the average gap rather than as a trajectory traced quarter by

quarter.

The estimated change in the gap is similar when risk-adjusted returns are constructed

with the Carhart four-factor model, and when higher-wealth individuals are defined as

the top 5% rather than the top 1% (Appendix Table IA.1).
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4.3 Trading During Violation Windows

The narrowing of the return gap when the cost of trading on private information rose

suggests that higher-wealth individuals were the ones trading on it. Their trading should

then concentrate in the periods when private information about a stock was circulating.

We take those periods to be the conduct windows SEBI dates in the enforcement orders of

Section 2.3: the period over which it found that securities law had been violated, in whole

or in part, or accepted a settlement. The order establishes that price-relevant information

about the stock was acted on, and SEBI’s dating establishes when. We test whether higher-

wealth individuals trade more in a stock during these violation windows.

We test this prediction at the individual-stock-month level:

abs(Net Flowi,s,t) = β×1(SEBI)s,t ×1(Top 1%)i,t +γXs,t−1 + δZi,t + ηi,t + ηs,t + ηi,s + ϵi,s,t,

(7)

where abs(Net Flowi,s,t) is the absolute value of the change in individual i’s holdings

of stock s between consecutive month ends, as defined in Section 2, which captures

the magnitude of the position change whether the information induced buying or sell-

ing. 1(SEBI)s,t equals one if month t falls within a violation window for stock s, and

1(Top 1%)i,t equals one if individual i is in the top 1% of the financial wealth distribu-

tion at the end of the previous month. Xs,t−1 holds the stock’s return in month t − 1 and

the volatility of its daily returns over that month; Zi,t holds the individual’s idiosyncratic

share in the previous month and her age band. Both enter only where the fixed effects do

not absorb them, as do the levels of the two indicators. The coefficient of interest, β, is the

additional trading by higher-wealth individuals in a stock during its violation window,

relative to lower-wealth individuals in the same stock and month. Standard errors are

clustered at the individual level.

We estimate equation (7) on a balanced individual-stock-month panel: every stock an

individual holds at any point in the sample enters her panel in each month she appears in
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the data, with months without a holding entering at a quantity of zero. A position opened

or closed during a violation window therefore registers as a flow, so β captures both the

extensive and the intensive margin. The M&A test in Section 4.4 uses the same panel.

Our preferred specification is fully saturated, each set of fixed effects ruling out a

distinct alternative. Individual-by-stock fixed effects (ηi,s) identify β by comparing an

individual’s trading in a stock during its violation window with her own trading in that

same stock at other times, ruling out that higher-wealth individuals hold stocks that are

more prone to violations in the first place. Individual-by-time fixed effects (ηi,t) instead

hold the month fixed, identifying β from her trading in the stock relative to her trading

in every other stock she holds that month, ruling out that she simply trades more across

all stocks in those months. Stock-by-time fixed effects (ηs,t) identify β relative to lower-

wealth individuals holding the same stock in the same month, ruling out that violation-

window stocks draw more trading from all investors through changing fundamentals or

investor attention.

Table 3 reports estimates of equation (7). Column 1 includes stock, individual, and

time fixed effects: higher-wealth individuals trade 4,449 INR more per month in a stock

during its violation window than lower-wealth individuals do. Column 2 replaces the

individual and time fixed effects with individual-by-time fixed effects, and Column 3

further replaces the stock fixed effect with stock-by-time fixed effects; the interaction is

essentially unchanged, at 4,357 and 4,413 INR. Column 4 adds individual-by-stock fixed

effects to reach the fully saturated specification, where the interaction falls to 757 INR and

remains significant at the 1% level.

To interpret this magnitude, we scale it by the size of a typical position: 757 INR is

5.4% of the median individual-stock-month holding (14,000 INR) and 1.2% of the mean

(62,800 INR). Two features of the design understate the estimate. First, the regulator de-

tects only a fraction of the episodes. Second, the window it identifies is likely narrower

than the period over which informed trading occurs. In both cases informed trading also
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occurs in the comparison months, which bears most on the fully saturated specification,

where those months are the same individual’s other months in the same stock. The test

is therefore best read as evidence of when higher-wealth individuals trade, rather than of

how much.

4.4 Buying M&A Target Shares Before Announcement

We now test whether higher-wealth individuals trade on a specific category of private

information: mergers and acquisitions. As Section 4.1 notes, the regulations name M&A

as UPSI, so trading on advance knowledge of a deal is the conduct whose cost the 2015

reform raised. It is also the category in which insider trading is most often found: about

half of the corporate events in U.S. insider-trading cases are M&A, the largest share of

any category (Ahern, 2017; Kacperczyk and Pagnotta, 2024).

Two features of these deals make informed trading in them testable in holdings data.

First, the direction of an informed trade is known in advance. A deal announcement is

good news for the target (Jensen and Ruback, 1983; Andrade et al., 2001): in our sample,

cumulative abnormal returns on target shares are flat until about ten trading days before

the announcement, reach roughly 6% by the announcement date, and level off near 10%

over the three months that follow (Appendix Figure IA.2). An investor with advance

knowledge therefore buys the target ahead of the news. Prosecuted U.S. cases bear this

out: insiders traded the target rather than the acquirer in 99% of acquisition events, and

took long or call positions in almost all M&A events (Ahern, 2017). The prediction is

therefore signed—net accumulation of the target—and needs no model of the market’s

prior expectations. Second, the announcement provides a discrete date against which pre-

announcement positioning can be measured. If higher-wealth individuals have access to

this private information, they should accumulate shares in target firms in the months

before the announcement.

We test this prediction using an event-study design on net flows into target stocks at
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the individual-stock-month level:

Net Flowi,s,t = β × 1(Pre-Announce)s(e),t × 1(Top 1%)i,e

+ λ × 1(Pre-Announce)s(e),t + γXs,t−1 + δZi,t + ηt + ηi,s + ϵi,s,t.
(8)

Net Flowi,s,t is the change in individual i’s holdings of stock s between consecutive month

ends, as defined in Section 2. 1(Pre-Announce)s(e),t equals one for the target stock of

M&A event e during the [−12,−1] pre-announcement window, and 1(Top 1%)i,e equals

one if individual i is in the top 1% of the financial wealth distribution at the end of the

month before event e’s announcement. The announcement month, t = 0, is the calendar

month containing the announcement date; because its net flow is measured across the

announcement, the pre-announcement window ends at t = −1. Xs,t−1 and Zi,t are the

same stock and individual controls as in equation (7): the stock’s return and the volatility

of its daily returns in month t− 1, and the individual’s idiosyncratic share in the previous

month and her age band. The coefficient of interest, β, is the additional monthly net flow

of higher-wealth individuals into a target during the pre-announcement window, relative

to lower-wealth individuals in the same target and relative to their own flows outside

that window. Standard errors are clustered at the individual level.

The specification includes individual-by-stock fixed effects (ηi,s), which absorb the

time-invariant component of an individual’s net flow into a particular stock. Higher-

wealth individuals may, for instance, buy stocks whose characteristics also make them

more likely to become M&A targets; with that tendency absorbed, β turns on whether a

given individual buys more of a target during its pre-announcement window than she

does after the announcement. We also include the pre-announcement window indicator

on its own, 1(Pre-Announce)s(e),t, which absorbs the run-up in net flow into targets that

is common to all investors, so that β is identified relative to lower-wealth holders of the

same target in the same window. A year-month fixed effect (ηt) absorbs market-wide con-

ditions. 1(Top 1%)i,e does not enter on its own: it is constant within an individual-stock
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pair, since each target stock is matched to a single event, and is absorbed by ηi,s.

To capture net flows along both the extensive and intensive margins, we estimate

equation (8) on the same balanced individual-stock-month panel as the SEBI test in Sec-

tion 4.3: for each stock an individual holds at any point in the sample period, months

without a holding enter at a quantity of zero. For a target stock, the estimation window

runs from twelve months before to four months after the announcement; the four-month

cap avoids the confounding effect of delisting, which mechanically induces outflow for

all investors.17

Table 4 reports estimates of equation (8). Column 1 covers deals announced before

January 2015 and includes no controls: during the 12-month pre-announcement window,

higher-wealth individuals buy 1,265 INR more of the target per month than lower-wealth

individuals do (significant at the 1% level). Cumulated over the window, this amounts to

roughly 15,200 INR, about a quarter of the mean individual-stock holding (62,800 INR)

and roughly 1.1 times the median (14,000 INR). Column 2 adds the controls and yields

a similar estimate. If this accumulation reflects access to private information, raising the

cost of trading on it should curtail it. Column 3 turns to deals announced from June 2016

onward: the additional buying falls to 184 INR per month and is statistically indistin-

guishable from zero.18 Column 4 adds the controls and again finds no effect.

Figure 6 plots the gap in net flows into M&A targets between higher- and lower-wealth

individuals by month relative to the announcement, separately for the two samples of

Table 4, from a dynamic version of equation (8) estimated with controls, as in Columns 2

and 4. For deals announced before January 2015, the gap is positive and significant in the

months before the announcement and indistinguishable from zero in the months after.

For deals announced from June 2016 onward, the gap is never significantly positive. The

dynamics mirror the average effects in Table 4.

17No M&A target in our sample delisted within the first four months after the announcement.
18Deals announced between January 2015 and May 2016 are excluded, so that every post-reform deal’s

full 12-month pre-announcement window falls after the regulations took effect on 15 May 2015.
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Taken together, the two tests point to trading on private information. Higher-wealth

individuals trade more heavily in a stock during the windows in which SEBI later found

or settled a violation of securities law, and they accumulate target shares in the year be-

fore a deal becomes public. This positioning disappears after the reform, which raised the

cost of trading on private information. The disappearance is what separates private infor-

mation from skill: an investor forecasting takeovers from public signals would have less

reason to stop once that cost rose. Read alongside the compression of the return gap in

Section 4.2, the evidence points to private information of the kind the regulations name,

rather than to skill in processing public information alone, as a source of higher-wealth

individuals’ return advantage. Section 6 takes up the alternatives.

4.5 The Effect on Net Equity Flows

In standard portfolio choice, a lower risk-adjusted return on an asset reduces an investor’s

optimal allocation to it, and the adjustment toward that lower allocation runs through

net flows. Because the reform lowered the risk-adjusted return higher-wealth individuals

earn on equity, their net equity flows should fall relative to those of lower-wealth indi-

viduals. We test this by estimating equation (6) with an individual’s quarterly net equity

flow, Net Flowi,t, as the dependent variable, the sum of Net Flowi,s,t across all stocks in

her portfolio over the quarter, as defined in Section 2.

Table 5 reports the estimates. Column 1 includes time fixed effects and no controls. Be-

fore the reform, higher-wealth individuals’ quarterly net equity flows are indistinguish-

able from those of lower-wealth individuals; following it, they fall by 37,138 INR relative

to them, significant at the 1% level. Column 2 adds the controls, and Columns 3 and 4 add

individual fixed effects, without and with controls, which absorb 1(Top 1%)i. The inter-

action is stable across all four specifications, between 37,000 and 38,000 INR per quarter.

Higher-wealth individuals thus scaled back their equity investment as though the re-

turn on it had fallen—the portfolio response implied by the narrowing of the return gap
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in Section 4.2.

4.6 The Effect on Spending

We next examine the reform’s effect on higher-wealth individuals’ spending. Because

the reform lowered the return they could expect on their portfolio, the effect on current

consumption is theoretically ambiguous: lower expected future wealth reduces it through

an income effect, while the lower return raises it through a substitution effect.

We measure spending as the sum of debit card, credit card, and ATM transactions,

following Agarwal and Qian (2014) and Ganong and Noel (2019). The measure is precise

on what it records: unlike consumption proxies imputed from tax registries, it captures

each transaction as it occurs and carries no imputation error (Baker et al., 2022). Using

merchant category codes (MCCs), we classify card transactions as discretionary or non-

discretionary, following Agarwal and Qian (2014). ATM withdrawals carry no merchant

category and are left unclassified; since they are slightly more than half of total spending

(Table 1), the discretionary split describes card spending rather than the measure as a

whole.

Table 6 reports the estimates. Column 1, for total spending, shows that higher-wealth

individuals increase spending by 6,343 INR per quarter relative to lower-wealth individ-

uals after the reform. The positive sign implies that the substitution effect dominates: a

lower return on their portfolio reduces the incentive to defer consumption. Columns 2

and 3 decompose card spending into discretionary and non-discretionary categories: the

increase is concentrated in discretionary spending, at 4,084 INR, or roughly two-thirds of

the total increase, against 1,397 INR for non-discretionary spending.19

Before the announcement, the estimates show no trend in either category. After it, the

discretionary gap opens and remains positive, while the non-discretionary gap shifts up

only slightly.

19The two categories do not sum to the total, the remaining 862 INR being ATM withdrawals and card
transactions without a merchant category.
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Figure 7 plots event-study estimates of the spending gap between higher- and lower-

wealth individuals, separately for discretionary and non-discretionary spending, rela-

tive to the quarter preceding the announcement. Before the announcement, the estimates

show no trend in either category. The discretionary gap does not open at once: it stays

near zero for the first four quarters and rises from the fifth, remaining positive thereafter,

while the non-discretionary gap shifts up only slightly.

Taken together with the reduction in equity flows documented in Section 4.5, this

increase in spending, concentrated in discretionary categories, is consistent with higher-

wealth individuals responding to a lower expected return on their portfolio by investing

less and consuming more.

5 Networks and the Source of Private Information

The preceding section showed that higher-wealth individuals trade on private informa-

tion. A natural question is how they come to possess it. We consider the role of informa-

tion networks: theory predicts that investors in more central network positions receive

price-relevant information earlier than peripheral ones (Rossi et al., 2018; Ozsoylev and

Walden, 2011; Walden, 2019). If wealthier individuals occupy more central positions, they

would have this information while it is not yet reflected in prices, which would help ex-

plain the return advantage documented in Section 3.

The information network is not directly observable, so we proxy it in two complemen-

tary ways, each capturing a different dimension of connection. The first is a communi-

cation network, built from pincode-to-pincode call volumes: two areas are more closely

tied the more their residents call one another. Call volumes proxy for the social ties along

which private information travels: tips flow predominantly through family, business, and

personal relationships, and over short distances (Ahern, 2017). The second is an investor

network, in which two investors are linked when they trade several of the same stocks in

the same direction and month, following Ozsoylev et al. (2014). In each, we summarize
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a node’s position by its eigenvector centrality, so that a node is more central when con-

nected to others that are themselves central. The two networks draw on entirely different

data, one on communication and the other on trading, so their agreement is more telling

than either measure alone. We find that centrality increases monotonically with financial

wealth under both measures, and that more central individuals earn higher risk-adjusted

returns. We also find that portfolios are more alike among wealthier individuals than

among less wealthy ones, consistent with a common source of information among the

wealthier.

5.1 Network Centrality and Wealth

We construct two networks that differ in how a link between two nodes is defined; in

each, higher eigenvector centrality marks a node positioned earlier in the diffusion of

information.

In the communication network, each pincode is a node and the call volume between

two pincodes is the strength of the tie between them. The underlying assumption is that

price-relevant information travels along the same channels as ordinary communication,

so that the volume of calls between two pincodes proxies the intensity of information

flow between them. We compute the eigenvector centrality of every pincode in each

week and average them across the weeks of call data to obtain a single centrality per

pincode (the weekly centralities are highly persistent). Because the network is defined

over locations rather than individuals, centrality varies across pincodes but not within

them, and measures how centrally connected an individual’s place of residence is.

In the investor network, each investor is a node, and two investors are linked in a

given month if they make at least five matching trades that month, where a match is a

trade in the same stock and the same direction, following Ozsoylev et al. (2014). The

premise is that investors acting on the same information trade the same stocks at the

same time and in the same direction, so overlapping trades reveal an informational tie.
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Ozsoylev et al. (2014) show that more central investors trade earlier around information

events, confirming that centrality captures early access to information rather than trading

activity alone. We compute each investor’s eigenvector centrality within that month’s

network; unlike the communication measure, this centrality varies over time.

Figures 8 and 9 present the results for the communication and investor networks. In

each, Panel A plots centrality against financial wealth and Panel B plots risk-adjusted

returns against centrality. Both panels are binned scatter plots, constructed as in Figure 1:

we sort individuals into bins and plot the average of each variable within a bin. Under

both networks, centrality rises monotonically with financial wealth, and more central

individuals earn higher risk-adjusted returns.

Table 7 reports the corresponding regressions. Panel A uses the communication net-

work, at the pincode level: Column 1 regresses a pincode’s centrality on the log average

financial wealth of its residents, and Column 3 regresses residents’ average risk-adjusted

returns on that centrality. Panel B uses the investor network, at the individual-month

level: Column 1 regresses an individual’s centrality on the log of her financial wealth,

and Column 3 regresses her risk-adjusted returns on that centrality. Columns 2 and 4 add

controls in each panel. Both relationships hold in both networks and survive the controls,

so the conclusion does not depend on how connections are defined.

These findings are what we would expect if wealthier individuals receive price-relevant

information earlier than others. This early access to private information would help ex-

plain their return advantage.

5.2 Shared versus Idiosyncratic Information Across Individuals

We now ask what kind of information the advantage rests on: a common source, shared

among wealthier individuals, or signals specific to each of them. Portfolio similarity dis-

tinguishes the two. If wealthier individuals draw on a common source, their portfolios

should resemble one another. If instead each acts on her own signal, their portfolios
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should be no more alike than those of the less wealthy are among themselves.

We measure portfolio similarity by cosine similarity between two individuals’ hold-

ings. For individuals i and j with holding vectors hi and hj,

Cosine Similarityi,j =
hi · hj

∥hi∥ ∥hj∥
, (9)

where hi = (hi1, . . . , hiK) and hik is the value of stock k held by individual i as a share

of the total value of her portfolio, and ∥hi∥ =
(

∑K
k=1 h2

ik

)1/2
is the Euclidean norm. The

measure ranges from zero, when two individuals hold no stock in common, to one, when

they hold the same stocks in the same proportions. Because the vectors are normalized, it

compares the composition of two portfolios rather than their size.

Computing similarity for every pair of individuals would require billions of compar-

isons in each month. We instead obtain the average similarity within and between wealth

groups exactly, from aggregated portfolio vectors alone, without computing any individ-

ual pair (Appendix Section D).

Figure 10 plots the group-wise similarities, with darker cells indicating greater simi-

larity. The dark region concentrates in the high-wealth corner and fades toward the less

wealthy groups, a pattern with two parts. First, along the diagonal (each group com-

pared with itself), within-group similarity rises monotonically with wealth.20 Second,

at the top the darkness spreads off the diagonal: different high-wealth groups resemble

one another, not only themselves. What wealthier individuals act on is therefore com-

mon among them, rather than specific to each. The less wealthy groups, by contrast, are

light throughout. Their portfolios have little in common with the wealthy’s, or with one

another’s.

Taken together, the evidence in this section points to an information advantage that

20Portfolio concentration does not drive this pattern. Because cosine similarity is mechanically higher for
diversified portfolios, a concentration artifact would peak in the middle of the wealth distribution, where
diversification peaks; instead similarity rises monotonically to the top. The least and most wealthy both
hold concentrated portfolios, yet only the wealthiest resemble one another. What distinguishes them is
which stocks they hold, not how many.
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operates through networks. Wealthier individuals are more central in both networks,

consistent with earlier access to information, and their portfolios resemble one another

far more than those of the less wealthy, pointing to a common source rather than signals

specific to each.

6 Discussion

Sorting on financial wealth measured at the start of the sample: Financial wealth at the

beginning of a month embeds every return an individual has earned up to that point, so

part of the gradient could be mechanical: individuals who have recently earned high re-

turns are sorted into high-wealth bins, and if returns persist for any reason they earn high

returns again. To remove any influence of within-sample returns on the sort, we re-sort

individuals on their financial wealth in the first month they appear in the panel and hold

that assignment fixed. Appendix Figure IA.5 plots the baseline sort on contemporaneous

wealth alongside this sort on initial wealth. The two series coincide except at the two

extreme ends of the distribution.

The same figure bears on a question the network evidence in Section 5 raises: whether

wealth brings connections, or connections bring wealth. For our estimates the direction

is secondary. Under either reading, wealthier individuals earn higher returns, and the

reform in Section 4.2 shocks the cost of acting on private information rather than the pro-

cess that allocated access to it. The evidence is nonetheless more consistent with wealth

bringing connections. If connections brought wealth, the individuals holding them would

climb the distribution over an eight-year panel, and the gradient under the initial-wealth

sort would be flatter than under the baseline sort. The two gradients instead nearly coin-

cide: individuals who earn high returns are, for the most part, already wealthy when we

first observe them.

Sharpe and information ratio: The risk-adjusted return used in Section 3 prices ex-

posure to the three pricing factors and nothing else. Idiosyncratic risk is treated as free,
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which is appropriate for an investor holding a diversified portfolio and less so for one

who is not. Figure 3 shows that wealthier individuals bear a larger share of idiosyncratic

risk than individuals in the middle of the distribution, so a comparison based on α alone

may credit them with performance obtained by bearing risk the factor model leaves un-

priced.

Two measures that scale returns by that risk give the same answer. Following Fagereng

et al. (2020) and Balloch and Richers (2023), we compute a Sharpe ratio and an informa-

tion ratio for each individual:

SharpeRatioi =
√

12
meant (r̃i,t)

sdt (r̃i,t)
, (10)

InfoRatioi =
√

12
meant (αi,t)

sdt (αi,t)
, (11)

where r̃i,t is the portfolio excess return of equation (1), αi,t is the risk-adjusted return of

equation (4), and the moments are taken over the months in which we observe the in-

dividual, requiring at least twelve. The Sharpe ratio scales returns by total volatility,

systematic and idiosyncratic alike, and requires no asset pricing model; the information

ratio applies the same construction to the component the factor model leaves unpriced.

Because each measure spans an individual’s full history, we sort and weight on her finan-

cial wealth in the first month she appears in the panel, the analog of previous-month-end

financial wealth for a monthly return, as in Appendix Figure IA.5. Appendix Figure IA.6

plots both across the wealth distribution. Each rises monotonically with wealth. Wealth-

ier individuals therefore do not merely earn more, they earn more per unit of risk borne,

whether that risk is measured in total or restricted to the component the factor model

omits.

Log return vs simple returns: Following the literature on returns across the wealth

distribution, we measure average simple returns (Bach et al., 2020; Fagereng et al., 2020).

Simple returns are also what our decomposition requires: an excess return is the sum of
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a systematic and a risk-adjusted component, an identity that holds in simple returns and

not in logs. Campbell et al. (2019) point out, however, that because wealth accumulates

multiplicatively, what governs the evolution of the wealth distribution is the average log

return, which falls short of the average simple return by roughly half the variance of re-

turns. A less volatile portfolio therefore earns a higher average log return at the same

average simple return, and a gradient in simple returns need not carry over to logs. We

therefore recompute the gradient in average excess log returns.21 It does not merely sur-

vive; it steepens. From the 10th percentile to the wealthiest 1%, the gap is 20.6 percentage

points per year in average excess returns and 21.9 in average excess log returns (Appendix

Figure IA.7, Panel A).

The steepening comes from volatility, which falls with wealth (Panel B).22 The wedge

between average simple and average log returns is therefore wider at the bottom of the

distribution than at the top, and the log gradient steeper than the simple one.

Relation to Campbell et al. (2019): Their sample is Indian equity accounts over 2002–

2011, a decade before ours, and their objects overlap with ours on every dimension we

have examined.23 On four of them the two samples agree. Portfolio volatility falls with

account size, from 23.7 to 11.0 percent per month in their data; the Sharpe ratio rises,

from 0.13 to 0.15; the average excess log return rises, from 0.72 to 1.10 percent per month;

and the four-factor alpha rises, from −0.17 to 0.40 percent per month, a spread of 0.57

percentage points per month, or roughly 7 percentage points per year. They describe that

last estimate as suggestive of stock-picking skill in larger accounts but too imprecise to

establish, with a standard error of 0.46 on the spread. The sign is the one we find and the

point estimate is economically large, but a decile sort over nine years cannot distinguish it

21The portfolio excess log return is ℓ̃i,t = log(1 + ri,t)− log(1 + r f
t ), where ri,t is the portfolio gross return

formed as in equation (1) and r f
t is the 91-day T-bill yield, aggregated into wealth percentiles as in Figure 1.

22σi =
√

12 sdt (r̃i,t) over an individual’s months in the sample, requiring at least twelve, sorted and
weighted on wealth at entry as in Appendix Figure IA.5.

23Two differences in construction bear on the comparison: Campbell et al. (2019) sort accounts into deciles
by lagged equity account value and weight accounts equally within each decile, whereas we sort on finan-
cial wealth, which also includes deposits, and weight by financial wealth at the end of the previous month.
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from zero. Our risk-adjusted return gradient is that estimate obtained with the precision

their sample lacked, over a later and non-overlapping decade, and with the top of the

distribution resolved more finely than a decile allows.

The samples differ on one dimension, the average simple excess return, which falls

with account size in their data, by 1.29 percentage points per month, and rises in ours;

both of their gradients, in simple and in log returns, are imprecisely estimated. They

attribute the sign to their decade: Indian size and value factors returned 0.91 and 2.49

percent per month over 2002–2011, against long-run global averages of 0.06 and 0.33, and

smaller accounts were tilted toward both. Repriced at long-run global factor returns—

their correction, not ours—their simple-return gradient is increasing in account size when

their estimated alphas are retained and flat when alphas are set to zero. On their own

correction, the two samples agree on this dimension as well.

Their treatment of idiosyncratic risk may read as a second difference, but it is not one.

They attribute the higher average log returns of larger accounts to lower portfolio volatil-

ity, which limits the drag of uncompensated idiosyncratic risk on log returns; volatility

falls with wealth in our data as well (Appendix Figure IA.7, Panel B). The idiosyncratic

share of Figure 3 is a different object, the fraction of portfolio variance the factors leave

unexplained, which they do not report; and its reversal lies above the 99th percentile,

inside their largest decile, where a decile sort cannot see it.

Differences in risky share: Our return measures apply to the equity portfolio rather

than to financial wealth as a whole, and because we do not observe the interest paid on de-

posits, returns on the complete financial portfolio cannot be measured directly. The equity

share of financial wealth is observed, however, and it rises with wealth—from roughly

half in the middle of the distribution to nearly all at the top (Appendix Figure IA.8). Valu-

ing deposits at the risk-free rate, the difference in returns on financial wealth between the

wealthiest 1% and the 10th percentile is 17.2 percentage points per year, against 20.6 per-

centage points on the equity portfolio. The comparison is not sensitive to how deposits
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are valued: higher-wealth individuals hold almost none, so it turns on what lower-wealth

individuals earn on theirs, and their deposits would require an excess return above thirty

percentage points per year for the gap to close. The advantage we document is therefore

not an artifact of measuring returns on a narrow component of the balance sheet.

Financial advice: A natural alternative is that wealth buys advice: wealthier individ-

uals may employ better advisers, and delegated expertise rather than private information

may account for their returns, a pattern Mainardi (2025) documents in U.S. data. Hold-

ings managed through funds are excluded by construction, since we observe individual

demat accounts, so the channel that remains is advice on what to hold. If that advice is

what wealth buys, its effect should track how it is sold, and advisory services in India are

tiered by account size.24 A tiered advantage would appear as a step at the threshold; the

gradient instead rises smoothly through it and is evident throughout the lower half of the

distribution, far below any minimum. We cannot rule out advice entirely, but our design

does not require us to, because it distinguishes what was conveyed rather than who con-

veyed it: the regulations restrict trading on UPSI and place no restriction on research, so

to the extent advisers relayed private information to wealthy clients, the reform’s effect

on the gap is the effect we set out to measure. Registered intermediaries are also the cate-

gory the regulator can most readily charge, since they are deemed connected persons and

bear the onus of proof, yet they appear in only 2% of the enforcement orders we collect.

Company insiders vs. wealth: A related question is whether the individuals we study

are corporate insiders—executives, directors, or employees of the firms whose shares they

trade—in which case our estimates would describe the familiar form of insider trading

rather than a broader informational advantage. Two considerations argue against it be-

fore any test. Formal insiders are the population the regulations were built to observe: di-

rectors, promoters, and key managerial personnel were subject to disclosure obligations

24Discretionary portfolio management, the most intensive tier, has a regulatory minimum: Regulation 15
of the SEBI (Portfolio Managers) Regulations, 1993 required a portfolio manager to accept no less than 2.5
million rupees from a client, raised to 5 million in the 2020 Regulations. Median financial wealth in our
sample is approximately 0.47 million rupees.
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before 2015, and the reform layered a mandatory code of conduct, with trading windows

and pre-clearance, on top of them. Their trading is the most visible form of the conduct,

and Deuskar et al. (2025) study it directly on this reform, using reported insider trades,

and find that own-firm trading by disclosed insiders fell.

We also check directly, with two coarse measures. First, we treat an individual as con-

nected to a stock if she shares a surname with at least one of its board members. Second,

the bank records an employer for salaried account holders, which links an individual to

the firm that employs her. For each measure we split an individual’s risk-adjusted return

into the parts contributed by connected and unconnected holdings and estimate the re-

form’s effect on each (Appendix Table IA.2). Under both, the connected part accounts for

about two percent of the compression: −0.2 of −12.2 percentage points for the surname

link and −0.3 of −12.2 for the employer link. That is consistent with an advantage that

does not run through formal corporate position, without establishing it on its own; it is

what the regulations anticipate in reaching any person in possession of UPSI however

obtained; and it is what makes the network evidence in Section 5 the relevant account of

how such information reaches them.

7 Conclusion

This paper provides causal evidence that access to private information accounts for roughly

three-quarters of the risk-adjusted return advantage earned by the wealthiest individuals.

Using administrative data from a large Indian bank, we document a sharp monotonic re-

lationship between financial wealth and portfolio returns: average annual excess returns

rise by 9 percentage points from the 10th to the 90th percentile of the wealth distribution,

and by 20 percentage points from the 10th percentile to the top 1%. This gradient is not ex-

plained by differential risk exposure: the systematic return is flat across the distribution,

and the gradient instead reflects differences in risk-adjusted returns.

Exploiting the 2015 reform to India’s Prohibition of Insider Trading regulation, which
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raised the cost of trading on private information, we show that the risk-adjusted re-

turn gap between higher- and lower-wealth individuals shrinks by 72% following the

reform. The reduction is concentrated in the right tail of the return distribution, where

private information is most valuable. Consistent with the loss of return on wealth, higher-

wealth individuals reduce their net flows into equities and modestly increase discre-

tionary spending after the reform.

Two further pieces of evidence support the private-information channel. Higher-

wealth individuals systematically accumulate shares of M&A target firms in the months

before announcements — a category of price-sensitive information the regulation explic-

itly enumerates — and this differential trading disappears following the reform. They

are also more centrally positioned in an information network inferred from pincode-to-

pincode call volumes, and hold portfolios that are increasingly similar to one another,

consistent with drawing on a common rather than idiosyncratic information source.

These findings arise in publicly traded equity markets, where all individuals in our

sample have access to the same set of securities and, in principle, compete on a level play-

ing field. In contrast to settings such as private equity or venture capital, where unequal

access to investment opportunities can mechanically generate return differences, public

equity markets are commonly viewed as environments without such access constraints.

Our results show that even in this setting, informational frictions alone — independent of

differential access to investment opportunities — can generate substantial and persistent

return inequality, and contribute to wealth concentration.

Our results also recast insider trading as a force in the distribution of wealth, not only

a matter of market integrity. Because access to private information is concentrated at the

top, the rents it generates widen the return gap that compounds into wealth inequality.

Enforcement of insider-trading regulation is therefore a lever on wealth concentration:

the 2015 reform compressed the risk-adjusted return gap by roughly three-quarters, sug-

gesting that credible enforcement can slow the rate at which wealth accumulates at the
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top.
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Figure 1: Excess returns across the wealth distribution

This figure plots average annualized excess returns on equity portfolios against financial wealth,
measured on a logarithmic scale. Each point is a percentile of the financial wealth distribution.
Financial wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the
previous month, expressed in real 2019 INR (Section 2). For each individual and month, the
portfolio excess return is the value-weighted average of stock-level excess returns on holdings
at the end of the previous month, over the month. Individuals are sorted each month into
percentiles of financial wealth at the end of the previous month. Within each percentile-month,
individual returns are averaged with weights given by financial wealth at the end of the previ-
ous month, and the plotted value is the time-series average of these percentile-month returns;
average financial wealth within each percentile is computed analogously. The sample runs
from February 2012 to December 2019. The exchange rate at the end of 2019 is 1 USD = 71.36 INR.
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Figure 2: Systematic and risk-adjusted returns across the wealth distribution

This figure plots average annualized systematic returns (Panel A) and risk-adjusted returns
(Panel B) on equity portfolios against financial wealth, measured on a logarithmic scale. Each
point is a percentile of the financial wealth distribution. Financial wealth is the sum of stock
holdings, bank deposits, and PPF balances at the end of the previous month, expressed in real
2019 INR (Section 2). For each individual and month, the portfolio excess return is decomposed
into a systematic component, rs

i,t, and a risk-adjusted component, αi,t, using equations (3)
and (4), with the three factors of Fama and French (1993) as the pricing factors. Individuals
are sorted each month into percentiles of financial wealth at the end of the previous month.
Within each percentile-month, individual values are averaged with weights given by financial
wealth at the end of the previous month, and the plotted value is the time-series average of
these percentile-month values; average financial wealth within each percentile is computed
analogously. The sample runs from February 2012 to December 2019. The exchange rate at the
end of 2019 is 1 USD = 71.36 INR.
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Figure 3: Idiosyncratic risk share across the wealth distribution

This figure plots the share of idiosyncratic risk in individuals’ equity portfolios against financial
wealth, measured on a logarithmic scale. Each point is a percentile of the financial wealth
distribution. Financial wealth is the sum of stock holdings, bank deposits, and PPF balances
at the end of the previous month, expressed in real 2019 INR (Section 2). Following Calvet
et al. (2007) and Bach et al. (2020), portfolio variance is decomposed at the stock level and
aggregated with portfolio weights rather than estimated from an individual’s own return series.
The systematic component is β′

pΣ f βp, where βp is the portfolio-weighted average of the stock
loadings in equation (2) and Σ f is the covariance matrix of the three factors of Fama and French
(1993); the idiosyncratic component is the weighted sum of stock-level residual variances,
∑s w2

s σ2
µ,s, which treats residuals as uncorrelated across stocks, the ρ = 0 case of equation (4) of

Calvet et al. (2007); Bach et al. (2020) instead use the full historical covariance matrix of asset
returns. The idiosyncratic share is the idiosyncratic component divided by the sum of the two.
Loadings, residual variances and the factor covariance matrix are estimated over the sample
period. Account-months in which stocks with estimated loadings account for less than half of
portfolio value are excluded. Individuals are sorted each month into percentiles of financial
wealth at the end of the previous month. Within each percentile-month, individual shares
are averaged with weights given by financial wealth, and the plotted value is the time-series
average of these percentile-month values; average financial wealth within each percentile is
computed analogously.
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Figure 4: The distribution of risk-adjusted returns by wealth group before and after the 2015
reform

This figure plots kernel density estimates of annualized quarterly risk-adjusted returns for
higher-wealth individuals (top 1% of the financial wealth distribution) and lower-wealth
individuals (bottom 99%), with groups assigned on financial wealth prior to the reform
announcement and held fixed thereafter. Financial wealth is the sum of stock holdings, bank
deposits, and PPF balances at the end of the previous month, expressed in real 2019 INR
(Section 2). Risk-adjusted returns are computed from equation (4) with the three factors of
Fama and French (1993) as the pricing factors. Panel A covers quarters before the 2015 reform
announcement and Panel B the announcement quarter onward. Vertical lines denote mean
risk-adjusted returns for each wealth group within each period.
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Figure 5: The effect of the 2015 reform on the risk-adjusted return gap by wealth

This figure plots event-study estimates of the effect of the 2015 reform on the annualized risk-
adjusted return gap between higher-wealth individuals (top 1% of the financial wealth distri-
bution) and lower-wealth individuals (bottom 99%), with groups assigned on financial wealth
prior to the reform announcement and held fixed thereafter. The horizontal axis is the quarter
relative to the reform announcement, from eight quarters before to twelve quarters after. Fi-
nancial wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the
previous month, expressed in real 2019 INR (Section 2). The dependent variable, αi,t, is individ-
ual i’s annualized risk-adjusted return in quarter t, computed from equation (4) with the three
factors of Fama and French (1993) as the pricing factors. The coefficients are obtained from:

αi,t = ∑
k ̸=−1

βk (1(Top 1%)i × 1t=k) + γXi,t + ηt + ηi + ϵi,t,

where 1t=k are indicator variables for quarters relative to the reform announcement quarter
(k = 0), k = −1 is the omitted base period, Xi,t is the time-varying individual-level control,
Diversificationi,t−1, and ηt and ηi are time and individual fixed effects. The time-invariant
controls in Table 2 are absorbed by the individual fixed effects. Standard error bars denote
95% confidence intervals, with standard errors clustered at the individual level. Returns are
winsorized at the 1% level, and the sample runs from February 2012 to December 2019.
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Figure 6: Net flows into M&A target firms by higher- versus lower-wealth individuals

This figure plots event-study estimates of the difference in monthly net flows into M&A tar-
get stocks between higher-wealth individuals (top 1% of the financial wealth distribution) and
lower-wealth individuals (bottom 99%), separately for deals announced before and after the 2015
reform. The horizontal axis is the month relative to the deal announcement, from twelve months
before to four months after, and the vertical axis reports the estimated gap in thousand INR.
Financial wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the
previous month, expressed in real 2019 INR (Section 2). The dependent variable is Net Flowi,s,t.
Net flow is the change in the number of shares held between consecutive month ends, valued
at the end-of-month price (Section 2). 1(Top 1%)i,e equals one if individual i is in the top 1% of
the financial wealth distribution at the end of the month before M&A event e’s announcement,
so group membership is assigned separately for each event. The coefficients are obtained from
a dynamic version of equation (8):

Net Flowi,s,t = ∑
k ̸=0

βk

(
1(Top 1%)i,e × 1s(e),t=k

)
+ ∑

k ̸=0
δk 1s(e),t=k +γXs,t−1 + δZi,t + ηt + ηi,s + ϵi,s,t,

where 1s(e),t=k are indicator variables for months relative to the announcement of event e, with
the announcement month (k = 0) as the omitted reference, δk are relative-month effects common
to all investors, Xs,t−1 and Zi,t comprise the target’s return and the volatility of its daily returns
in the previous month, the individual’s idiosyncratic share in the previous month, and her age
band, and ηt and ηi,s are time and individual-by-stock fixed effects. The panel is balanced at
the individual-stock-month level: for each stock an individual holds at any point in the sample
period, months without a holding enter at a quantity of zero, so the estimates capture both
the extensive and the intensive margin. The two series are estimated in separate regressions.
Standard error bars denote 95% confidence intervals, with standard errors clustered at the
individual level. The M&A sample comprises 278 events. The exchange rate at the end of 2019
is 1 USD = 71.36 INR.
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Figure 7: The effect of the 2015 reform on the spending gap by wealth

This figure plots event-study estimates of the effect of the 2015 reform on the spending gap be-
tween higher-wealth individuals (top 1% of the financial wealth distribution) and lower-wealth
individuals (bottom 99%), separately for discretionary and non-discretionary spending, with
groups assigned on financial wealth prior to the reform announcement and held fixed thereafter.
The horizontal axis is the quarter relative to the reform announcement, from eight quarters be-
fore to twelve quarters after, and the vertical axis reports the estimated gap in thousand INR.
Financial wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the
previous month, expressed in real 2019 INR (Section 2). The dependent variable, Spendingi,t,
is individual i’s card spending in quarter t, classified as discretionary or non-discretionary by
merchant category code following Agarwal and Qian (2014). The coefficients are obtained from
a dynamic version of equation (6), estimated separately for each category:

Spendingi,t = ∑
k ̸=−1

βk (1(Top 1%)i × 1t=k) + γXi,t + ηt + ηi + ϵi,t,

where 1t=k are indicator variables for quarters relative to the reform announcement quarter
(k = 0), Xi,t comprises control variables, and ηt and ηi are time and individual fixed effects.
Standard error bars denote 95% confidence intervals, with standard errors clustered at the
individual level. The exchange rate at the end of 2019 is 1 USD = 71.36 INR.
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Figure 8: Communication network

This figure plots network centrality against financial wealth in Panel A and annualized risk-
adjusted returns against network centrality in Panel B, at the pincode level. Each point is a
bin of pincodes; the horizontal axis of Panel A is on a logarithmic scale, and Panel B includes
a fitted line from an OLS regression of returns on centrality across all pincodes. Financial
wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the previous
month, expressed in real 2019 INR (Section 2). Centrality is a pincode’s eigenvector centrality
in the communication network, in which each pincode is a node and the tie between two
pincodes is the volume of calls between them over the weeks from August to December 2019;
it is standardized across pincodes, and its construction is described in the Internet Appendix.
Risk-adjusted returns are computed from equation (4) with the three factors of Fama and French
(1993) as the pricing factors, on holdings at the end of the previous month, held over the month.
In each month, financial wealth is averaged across the individuals resident in a pincode and
risk-adjusted returns are averaged with weights given by financial wealth; each pincode’s
values are then averaged over months, and pincodes are sorted into twenty equal-count bins,
on that time-averaged financial wealth in Panel A and on centrality in Panel B. The exchange
rate at the end of 2019 is 1 USD = 71.36 INR.
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Figure 9: Investor network

This figure plots network centrality against financial wealth in Panel A and annualized risk-
adjusted returns against network centrality in Panel B, at the individual-month level. Each
point in Panel A is a percentile of the financial wealth distribution and each point in Panel B a
bin of individual-month observations; the horizontal axis of Panel A is on a logarithmic scale,
and Panel B includes a fitted line from an OLS regression of returns on centrality across all
individual-month observations. Financial wealth is the sum of stock holdings, bank deposits,
and PPF balances at the end of the previous month, expressed in real 2019 INR (Section 2).
Centrality is an individual’s eigenvector centrality in the investor network, in which two indi-
viduals are linked in a month if they make at least five matching trades that month—a trade in
the same stock and the same direction—following Ozsoylev et al. (2014); the network is rebuilt
each month, centrality is standardized across the sample, and its construction is described in
the Internet Appendix. Risk-adjusted returns are computed from equation (4) with the three
factors of Fama and French (1993) as the pricing factors, on holdings at the end of the previous
month, held over the month. Individuals are sorted into percentiles of financial wealth within
each month; in Panel A, centrality is averaged within each percentile-month with weights given
by financial wealth, and the plotted value is the time-series average of these percentile-month
values, with average financial wealth computed analogously. Panel B groups individual-month
observations into twenty equal-count bins of centrality. The exchange rate at the end of 2019 is
1 USD = 71.36 INR.
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Figure 10: Holding similarity within and between wealth groups

This figure plots average pairwise portfolio similarity within and between percentiles of the
financial wealth distribution. Both axes report financial wealth percentiles; each cell reports
the average similarity between individuals in the two percentiles it identifies, with darker
colors indicating greater similarity, as shown in the color scale. Cells on the diagonal report
within-percentile similarity and cells off the diagonal between-percentile similarity. Financial
wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the previous
month, expressed in real 2019 INR (Section 2). Portfolio similarity between two individuals is
the cosine similarity of their portfolio weight vectors, defined in equation (9) and computed
from month-end holdings; it ranges from zero, when two individuals hold no stock in common,
to one, when they hold the same stocks in the same proportions. Individuals are sorted each
month into percentiles of financial wealth at the end of the previous month. Within each month,
similarity is averaged across all pairs of individuals belonging to a given pair of percentiles,
and the plotted value is the time-series average of these percentile pair–month averages; these
averages are computed exactly from aggregated portfolio vectors, without evaluating any
individual pair, as described in the Internet Appendix.
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Table 1: Summary statistics

This table reports summary statistics for the variables used in the analysis. The top panel
reports statistics at the individual-stock-month level, the middle panel at the individual-month
level, and the bottom panel at the individual level. Valuei,s,t and Quantityi,s,t are the value
and the number of shares of stock s held by individual i at the end of month t. Net flow
is the change in the number of shares held between consecutive month ends, valued at the
end-of-month price (Section 2). Net Flowi,s,t includes the month in which a position is closed,
so its observation count exceeds that of Valuei,s,t and Quantityi,s,t; Net Flowi,t is the sum of
these flows across all stocks in the portfolio. Financial wealth is the sum of stock holdings,
bank deposits, and PPF balances at the end of the previous month, expressed in real 2019
INR (Section 2). Diversificationi,t is the idiosyncratic share of portfolio variance defined in
equation (5). Excess Returnsi,t and Risk-Adjusted Returnsi,t are the annualized portfolio excess
return and risk-adjusted return from equations (1) and (4), the latter computed with the three
factors of Fama and French (1993) as the pricing factors. Spendingi,t is the sum of credit
card and debit card transactions, and cash withdrawals and utility bill payments via ATM.
Discretionaryi,t and Non-Discretionaryi,t classify spending by category following Agarwal and
Qian (2014); they do not sum to total spending, which also includes ATM withdrawals. Agei,t
is individual i’s age in month t, 1(Female)i indicates whether the individual was registered as
female, and Credit Scorei ranges from 300 to 900. All continuous variables are winsorized at
the 1% level, so the reported moments are those of the winsorized variables, and all monetary
values are expressed in real 2019 INR. The sample runs from February 2012 to December 2019.
The exchange rate at the end of 2019 is 1 USD = 71.36 INR.

Obs. Mean Std. Dev. 25% 50% 75%

Individual-stock-month level:
Valuei,s,t (’000 INR) 75,083,634 62.80 139.45 3.53 14.00 47.62
Quantityi,s,t 75,083,634 430.19 954.07 30.00 100.00 300.00
Net Flowi,s,t (’000 INR) 76,524,122 -2.08 9.10 -1.23 -0.19 0.00

Individual-month level:
Financial Wealthi,t (million INR) 6,537,557 1.96 4.51 0.13 0.47 1.59
Diversificationi,t 6,534,552 0.49 0.22 0.31 0.48 0.65
Excess Returnsi,t (%) 6,537,557 -1.22 95.57 -56.08 -2.60 51.30
Risk-Adjusted Returnsi,t (%) 6,537,557 -4.95 70.36 -40.40 -5.05 29.38
Spendingi,t (’000 INR) 6,537,557 20.61 36.70 0.00 1.08 26.90

Discretionaryi,t (’000 INR) 6,537,557 6.69 17.45 0.00 0.00 3.67
Non-Discretionaryi,t (’000 INR) 6,537,557 2.58 7.49 0.00 0.00 0.72

Net Flowi,t (’000 INR) 6,537,557 3.01 69.46 0.00 0.00 0.00
Agei,t 6,537,557 58.56 11.47 51.00 58.00 66.00

Individual level:
1(Female)i 91,570 0.22 0.41 0.00 0.00 0.00
Credit scorei 74,970 770.50 42.96 758.00 786.00 799.00
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Table 2: The effect of the 2015 reform on the risk-adjusted return gap by wealth

This table reports the estimated effect of the reform on the annualized risk-adjusted return gap
between higher-wealth individuals (top 1% of the financial wealth distribution) and lower-
wealth individuals (bottom 99%). The dependent variable is the individual-quarter (annualized)
risk-adjusted return. Postt is an indicator variable equal to one from the reform announcement
quarter onward. 1(Top 1%)i is an indicator variable equal to one if the individual belongs to
the top 1% of the wealth distribution prior to the reform announcement. Column 2 adds control
variables. Column 3 and 4 include individual fixed effects, which absorb the time-invariant
1(Top 1%)i term. All columns include time fixed effects. Control variables are the lagged
idiosyncratic share of Section 3.3 and indicators for age band, gender, and credit-score tier:
seven age bands, three gender categories including unrecorded, and TransUnion CIBIL’s five
risk tiers plus a group for individuals without a score. Column 1 reports the baseline estimates.
Standard errors are clustered at the individual level. t-statistics are reported in parentheses. *,
**, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable = Risk-Adjusted Returnsi,t (%)

(1) (2) (3) (4)

Postt × 1(Top 1%)i -11.998*** -11.721*** -12.046*** -12.160***
(-20.53) (-20.04) (-20.70) (-20.87)

1(Top 1%)i 18.274*** 16.172***
(26.93) (25.58)

Controls ✓ ✓
Time FEs ✓ ✓ ✓ ✓
Individual FEs ✓ ✓
#Individual 66,939 66,939 66,939 66,939
Observations 1,271,280 1,271,280 1,271,280 1,271,280
Adj R-squared 0.038 0.043 0.085 0.085
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Table 3: Average trading during violation windows by wealth

This table reports estimates of equation (7), the difference between higher-wealth individuals
(top 1% of the financial wealth distribution) and lower-wealth individuals (bottom 99%) in how
much they trade a stock during a window in which SEBI later found or settled a violation of
securities law. The dependent variable is the absolute value of Net Flowi,s,t in thousand INR; the
absolute value captures the magnitude of the position change whether the information induced
buying or selling. Net flow is the change in the number of shares held between consecutive
month ends, valued at the end-of-month price (Section 2). Financial wealth is the sum of stock
holdings, bank deposits, and PPF balances at the end of the previous month, expressed in real
2019 INR (Section 2). 1(SEBI)s,t is an indicator variable equal to one if month t falls within a
violation window for stock s, as defined in Section 4.3. 1(Top 1%)i,t is an indicator equal to one if
individual i is in the top 1% of the financial wealth distribution at the end of the previous month,
so group membership is reassigned each month. Column 1 includes stock, individual, and time
fixed effects; Column 2 replaces the individual and time fixed effects with individual-by-time
fixed effects; Column 3 further replaces the stock fixed effect with stock-by-time fixed effects;
and Column 4 adds individual-by-stock fixed effects to reach the fully saturated specification.
The panel is balanced at the individual-stock-month level: for each stock an individual holds
at any point in the sample period, months without a holding enter at a quantity of zero, so the
estimates capture both the extensive and the intensive margin. The exchange rate at the end of
2019 is 1 USD = 71.36 INR. Standard errors are clustered at the individual level, and t-statistics
are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.

Dependent Variable = abs(Net Flowi,s,t) (’000 INR)

(1) (2) (3) (4)

1(SEBI)s,t ×1(Top 1%)i,t 4.449*** 4.357*** 4.413*** 0.757***
(17.20) (16.66) (16.82) (6.52)

1(Top 1%)i,t 1.984***
(13.71)

1(SEBI)s,t 0.118*** 0.094***
(11.78) (9.36)

Stock controls ✓ ✓
Individual controls ✓
Stock FEs ✓ ✓
Individual FEs ✓
Time FEs ✓
Individual-Time FEs ✓ ✓ ✓
Stock-Time FEs ✓ ✓
Individual-Stock FEs ✓
#Individual 90,724 90,724 90,724 90,724
Observations 165,403,741 165,403,741 165,403,741 165,403,741
Adj R-squared 0.123 0.144 0.163 0.441
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Table 4: Average net flows into M&A target firms by higher- versus lower-wealth individuals

This table reports estimates of equation (8), the difference in net flows into M&A target
stocks between higher-wealth individuals (top 1% of the financial wealth distribution) and
lower-wealth individuals (bottom 99%) during the pre-announcement window. The dependent
variable is Net Flowi,s,t in thousand INR. Net flow is the change in the number of shares held
between consecutive month ends, valued at the end-of-month price (Section 2). Financial wealth
is the sum of stock holdings, bank deposits, and PPF balances at the end of the previous month,
expressed in real 2019 INR (Section 2). 1(Pre-Announce)s(e),t is an indicator variable equal
to one for the target stock of M&A event e during the [−12,−1] pre-announcement window.
1(Top 1%)i,e is an indicator equal to one if individual i is in the top 1% of the financial wealth
distribution at the end of the month before event e’s announcement, so group membership
is assigned separately for each event. Columns 1 and 2 report results for deals announced
before January 2015; Columns 3 and 4 for deals announced from June 2016 onward, so that
a full 12-month pre-announcement window falls after the regulations took effect on 15 May
2015. Deals announced in between are excluded. Odd-numbered columns report the baseline
estimates and even-numbered columns add control variables; the controls are the target’s return
in the previous month, rs,t−1, the volatility of its daily returns in the previous month, σs,t−1, the
individual’s idiosyncratic share in the previous month, and her age band. All four columns are
estimated on the same sample, the observations for which the outcome and every control are
observed. All columns include the pre-announcement window indicator, time fixed effects, and
individual-by-stock fixed effects. The panel is balanced at the individual-stock-month level: for
each stock an individual holds at any point in the sample period, months without a holding
enter at a quantity of zero, so the estimates capture both the extensive and the intensive margin.
The post-announcement window is restricted to the four months following the announcement.
The M&A sample comprises 278 events. The exchange rate at the end of 2019 is 1 USD =
71.36 INR. Standard errors are clustered at the individual level, and t-statistics are reported in
parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable = Net Flowi,s,t (’000 INR)

M&As Period = Pre-reform Post-reform

(1) (2) (3) (4)

1(Pre-Announce)s(e),t
×1(Top 1%)i,e

1.265*** 1.255*** 0.184 0.187

(5.43) (5.39) (1.10) (1.11)

Controls ✓ ✓
Time FEs ✓ ✓ ✓ ✓
Event × Pre FEs ✓ ✓ ✓ ✓
Individual × Stock FEs ✓ ✓ ✓ ✓
#Individual 90,616 90,616 90,659 90,659
Observations 158,361,125 158,361,125 158,620,874 158,620,874
Adj R-squared 0.392 0.393 0.392 0.393
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Table 5: The effect of the 2015 reform on the net equity flow gap by wealth

This table reports the estimated effect of the 2015 reform on the net equity flow gap between
higher-wealth individuals (top 1% of the financial wealth distribution) and lower-wealth
individuals (bottom 99%). The dependent variable is individual i’s net equity flow in quarter t
in thousand INR, the sum of Net Flowi,s,t across all stocks in the portfolio over the quarter. Net
flow is the change in the number of shares held between consecutive month ends, valued at the
end-of-month price (Section 2). Financial wealth is the sum of stock holdings, bank deposits,
and PPF balances at the end of the previous month, expressed in real 2019 INR (Section 2).
Postt is an indicator variable equal to one from the reform announcement quarter onward.
1(Top 1%)i is an indicator variable equal to one if the individual belongs to the top 1% of the
financial wealth distribution prior to the reform announcement; the assignment is made once
and held fixed thereafter. Column 1 reports the baseline estimates, Column 2 adds control
variables, Column 3 adds individual fixed effects to the baseline, and Column 4 includes both;
the individual fixed effects absorb the time-invariant 1(Top 1%)i term. All columns include time
fixed effects. Control variables are the lagged idiosyncratic share of Section 3.3 and indicators
for age band, gender, and credit-score tier: seven age bands, three gender categories including
unrecorded, and TransUnion CIBIL’s five risk tiers plus a group for individuals without a score.
In Column 4 the individual fixed effects absorb gender and the credit-score tier, so only the
idiosyncratic share and the age band vary within individual. The exchange rate at the end of
2019 is 1 USD = 71.36 INR. Standard errors are clustered at the individual level, and t-statistics
are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.

Dependent Variable = Net Flowi,t (’000 INR)

(1) (2) (3) (4)

Postt × 1(Top 1%)i -37.138*** -37.388*** -37.709*** -37.669***
(-3.31) (-3.34) (-3.36) (-3.35)

1(Top 1%)i 2.396 5.419
(0.21) (0.48)

Controls ✓ ✓
Time FEs ✓ ✓ ✓ ✓
Individual FEs ✓ ✓
#Individual 66,939 66,939 66,939 66,939
Observations 1,271,280 1,271,280 1,271,280 1,271,280
Adj R-squared 0.006 0.008 0.066 0.066
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Table 6: The effect of the 2015 reform on the spending gap by wealth

This table reports the estimated effect of the PIT on the wealth-based spending gap between
higher-wealth individuals (top 1% of the financial wealth distribution) and lower-wealth indi-
viduals (bottom 99%). The dependent variable in Column 1 is the individual-quarter spending
in thousand INR, measured as the sum of credit card and debit card transactions, and cash
withdrawals and utility bill payments via ATM. The exchange rate at the end of 2019 is 1 USD
= 71.36 INR. Total spending (excluding ATM transactions) is decomposed into discretionary
and non-discretionary categories, following Agarwal and Qian (2014), in Column 2 and 3. Postt
is an indicator variable equal to one from the PIT announcement quarter onward. 1(Top 1%)i
is an indicator variable equal to one if the individual belongs to the top 1% of the wealth
distribution prior to the reform announcement. Control variables include Diversificationi,t−1,
Agei,t, 1(Female)i, and Credit Scorei. All columns include time and individual fixed effects.
Standard errors are clustered at the individual level. t-statistics are reported in parentheses. *,
**, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable = Spendingi,t (’000 INR)

Total
(1)

Discretionary
(2)

Non-Discretionary
(3)

Postt × 1(Top 1%)i 6.343** 4.084*** 1.397***
(2.33) (2.75) (2.82)

Controls ✓ ✓ ✓
Time FEs ✓ ✓ ✓
Individual FEs ✓ ✓ ✓
#Individual 66,939 66,939 66,939
Observations 1,271,280 1,271,280 1,271,280
Adj R-squared 0.660 0.586 0.492
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Table 7: Network centrality, wealth, and returns

This table examines the relationship between network centrality and wealth in Columns
1–2 and between (annualized) risk-adjusted returns and centrality in Columns 3–4, for two
information-network proxies. In Panel A, Centralityp is inferred from pairwise PIN code-level
phone call data and the panel is a PIN code cross-section; in Panel B, Centralityi,t is inferred
from trading behavior following Ozsoylev et al. (2014) at the individual-month level. Centrality
is standardized for the ease of interpretation. The dependent variable is Centrality in Columns 1
and 2, which is regressed on the wealth measure (log(Financial Wealth)p, the PIN code average
financial wealth, in Panel A and log(Financial Wealth)i,t in Panel B) and Risk-Adjusted Returns
(%) in Columns 3 and 4, which is regressed on centrality. Control variables are diversification,
age, female, and credit score, measured as PIN code averages in Panel A and at the individ-
ual level in Panel B. Odd-numbered columns report baseline estimates and even-numbered
columns add control variables. Panel A, being a cross-section, includes no fixed effects and
reports heteroskedasticity-robust standard errors; Panel B includes time fixed effects and
clusters standard errors at the individual level. t-statistics are reported in parentheses. *, **, and
*** denote significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Communication Network

Dependent Variable = Centralityp Risk-Adjusted Returnsp (%)

(1) (2) (3) (4)

log(Financial Wealth)p 0.202*** 0.202***
(14.11) (11.74)

Centralityp 1.362*** 1.056***
(3.93) (3.06)

Controls ✓ ✓
Time FEs none (pincode cross-section)
#Pincodes 2,100 2,100 2,100 2,100
Adj R-squared 0.087 0.100 0.010 0.035

Panel B: Investor Network
Dependent Variable = Centralityi,t Risk-Adjusted Returnsi,t (%)

(1) (2) (3) (4)

log(Financial Wealth)i,t 0.225*** 0.176***
(125.77) (110.57)

Centralityi,t 1.590*** 1.993***
(64.54) (72.81)

Controls ✓ ✓
Time FEs ✓ ✓ ✓ ✓
Observations 6,429,317 6,429,317 6,429,317 6,429,317
#Accounts 90,689 90,689 90,689 90,689
Adj R-squared 0.176 0.352 0.049 0.050
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Internet Appendix
Informational Advantage of the Wealthy

This Internet Appendix contains supplementary material.

A Sample construction

Our account and holdings data is a random and representative sample of the Bank’s cus-
tomers in Ahmedabad, Bangalore, Bhubaneshwar, Chennai, Delhi, Gurgaon, Kolkata,
Mumbai and Surat. They represent states (i.e., Haryana, Delhi, Gujarat, Maharashtra,
Odisha, Karnataka and Tamil Nadu) from different parts of India and with differing lev-
els of GDP.

The raw data contains over 250,000 individuals. Of these, approximately 120,000 have
Demat accounts, which form the starting universe for our filtering procedure. From this,
we apply several filters to construct our final analysis sample. First, following Andersen
et al. (2024), we require account-month observations to have a minimum financial wealth
of 1,000 INR (in 2012 prices) to screen out inactive or trivial accounts. Second, we restrict
the sample to individuals between the ages of 16 and 85 to ensure our observations repre-
sent independent financial decision-makers. These filters yield our final sample of 91,570
unique individuals.

On the securities side, we identify a security by International Securities Identification
Number (ISIN). The raw data contains 10,677 unique ISINs, spanning equities, bonds, and
mutual funds. We restrict our analysis to equities of publicly listed firms for two primary
reasons. First, they constitute the vast majority (>93%) of the total value of holdings in
our sample. Second, focusing on listed equities allows us to study return heterogeneity
on a ”level playing field” of assets theoretically accessible to all investors. This results in
a final sample of 4,243 distinct listed stocks.

We observe security-level holdings at a month-end frequency from January 2012 to De-
cember 2019. Because our analyses require a lagged measure of financial wealth, our final
sample period begins in February 2012. The resulting panel dataset consists of 75,083,634
individual-stock-month observations.

B SEBI Enforcement Orders

SEBI publishes its enforcement orders in a searchable public repository. We scrape this
repository directly. We search the keyword “insider” over orders issued between January
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2012 and January 2026, which returns 3,349 results.1 Some orders are posted at more than
one link, and a few links are stale; we drop the duplicates and, where a document did
not load, retrieve it from the working link to the same order. This leaves a corpus of 3,338
distinct orders. We collected the orders in February 2026. Because SEBI typically issues an
order several years after the conduct it concerns, we extend the search through the most
recent orders then available, so that we can capture as much conduct from our 2012-2019
sample period as possible. Conversely, because the search runs on the issue date, the
conduct described in the retrieved orders reaches back before 2012.

We use gemini-3-flash-preview to read each order and record, in a fixed schema, the
company whose securities were traded, the period of the conduct at issue, the date SEBI’s
enforcement action began, the date of the order, the respondents, the category of conduct,
and the proceeding’s outcome. Table IA.3 reproduces the schema: Panel A lists the fields
we record from each order, and Panel B the definitions of every category the model may
assign.2 We ran the model at temperature 1.0 with JSON-only output in February 2026;
the schema, including the definitions of Panel B, was embedded in the prompt, whose
instruction portion reads as follows:

You are a financial data expert extracting data for academic analysis.

GOAL: Extract structured data about SEBI Orders.

CRITICAL INSTRUCTIONS FOR NUMERIC DATA:

1. **Format**: Return pure numbers (Integers/Floats). No strings like

"Rs.", "Lakhs".

2. **Conversion**: You MUST convert words to absolute figures

(e.g., "5 Lakhs" -> 500000).

3. **Missing Data**: If a number is not mentioned, return **-999**.

If it is explicitly "Nil", return 0.

CRITICAL INSTRUCTIONS FOR CLASSIFICATION:

1. **Primary Event**: Choose the single most severe violation type based

on the definitions provided in the schema.

2. **Secondary Events**: List any other violations present.

1https://www.sebi.gov.in/section-search.html?searchval=insider&searchcontext=Orders&

searchfromdate=01-01-2012&searchtodate=01-01-2026. The search covers every order type the
repository publishes, including adjudication orders, orders of whole-time members, and settlement orders.

2We developed the schema over three rounds of manual reading of about fifty orders each, refining the
category definitions against the documents before the full run. As a consistency check, we re-read the full
corpus a second time in August 2026 with an independently redesigned prompt; the two readings assign
the same conduct category to 95.2 percent of the 2,186 orders in the paper sample, with disagreements
concentrated in the residual categories.
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3. **Origin**: Identify the corporate event (M&A, Earnings, etc.) that

created the information.

Return JSON adhering strictly to this schema: [the JSON schema follows,

carrying the fields of Panel A and the definitions of Panel B]

The orders state SEBI’s decisions, and our extraction records them in six categories. Of
the 3,338 orders, 2,082 end in a finding of violation, 140 in a finding of violation on part
of the allegations, and a further 278 by settlement. We retain the three groups above and
discard orders that dismiss the allegations (500), interim and unresolved matters (113),
and orders in which no violation was alleged in the first place (225), mainly companies’
applications for exemption from the open-offer requirement.3

We match the company named in each order to its Prowess identifier by standardized
name, using record linkage with manual review of imperfect matches, and drop exemp-
tion applications. Requiring a match and a violation window we can date yields the
sample of 2,186 orders used in the paper. The start date of the violation window is stated
by SEBI in the order. We adopt the following fall-back criteria when the stated start date
is not available: the earliest date the order references, the date SEBI’s enforcement action
began, and the date of the order. The end date of the violation window is also stated by
SEBI in the order, or at the order date where none is stated.4 The indicator 1(SEBI)s,t of
Section 4.3 equals one in every month from the start to the end of any violation window
for stock s.

We use in the regression only the windows that intersect our holdings panel: 1,341 vi-
olation windows across 496 distinct stocks contribute 8,334 stock-months between Febru-
ary 2012 and December 2019. Among these, the median (average) window lasts 10 (17)
months, with an interquartile range of 3 to 20 months.

The retained orders span the broad range of conduct SEBI regulates: among the 2,186,
49.8 percent primarily concern disclosure and filing violations, 17.3 percent market ma-
nipulation, 12.5 percent fraudulent issuance, and 12.3 percent insider trading, with the
remainder spread across procedural, front-running, and other charges. We deliberately
do not restrict the windows to orders whose primary charge is insider trading. An order
that was not overturned establishes that price-relevant information about the stock was

3Settlement orders are passed without an admission or denial of guilt. We treat them as violation win-
dows because SEBI accepted a settlement over a specific, dated episode of conduct rather than dismissing
the matter.

495.6 percent of the sample takes its start from a stated conduct period, 4.1 percent from the start of the
enforcement action, and 0.3 percent from the earliest referenced date; none falls back to the order date. In
95.6 percent of orders both ends of the window are SEBI-stated.
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traded on, and SEBI’s own dating of the conduct period establishes that the information
was time-sensitive; those two facts, rather than the legal label of the charge, are what the
violation window is meant to capture.

We use the collection in two further ways. When we count enforcement actions over
time (Section 4.1 and Figure IA.1), we date each action by the start of SEBI’s enforce-
ment action rather than by its conduct window to capture SEBI’s enforcement intensity.
We count the full corpus of 3,338 orders in order to capture the general enforcement en-
vironment. In addition, we read each order a second time to record the source of the
information and the trader’s relationship to that source. We report the share of orders in
which the trader was informed by someone advising them is roughly 2% in Section 6.

C Communication network construction

The communication network is built from weekly pincode-to-pincode call records cover-
ing August to December 2019. For each week we observe total minutes of use between
ordered pairs of pincodes; we sum the two directions to obtain an undirected tie and av-
erage each tie across weeks to obtain a single network. Each tie is then normalized by the
square root of the product of the two pincodes’ total call volumes, w̃ij = wij/

√sisj with
si = ∑j wij. Centrality is the eigenvector centrality of the resulting weighted, undirected
network, standardized across pincodes to a mean of zero and a standard deviation of
one. We use eigenvector centrality following Ozsoylev et al. (2014), who adopt it because
Walden (2019) shows that the information advantage conferred by position in an informa-
tion network maps closely to eigenvector centrality and less closely to alternatives such
as closeness centrality. Computing centrality week by week rather than on the pooled
network yields highly correlated rankings across weeks, so little is lost by averaging the
ties first.

D Group-wise Portfolio Similarity

This section provides a formal derivation of the computationally efficient within-group
and between-group similarity measures presented in the main text.

The standard pairwise cosine similarity between the portfolio holding vectors of two
individuals, i and j, is:

Cosine Similarityi,j = Sim(hi, hj) =
hi · hj

∥hi∥∥hj∥
= ĥi · ĥj,
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where ĥi = hi/∥hi∥ is the L2-normalized portfolio vector for individual i.

D.1 Within-Group Similarity

The brute-force calculation for the average within-group similarity for a group A with NA

members is the sum of all unique pairwise similarities divided by the number of pairs:

Avg within-group similarityA =
∑i,j∈A,i<j ĥi · ĥj
NA(NA − 1)/2

. (IA.1)

To compute this efficiently, we consider the sum of normalized vectors SA = ∑i∈A ĥi:

∥SA∥2 = SA · SA = ∑
i∈A

ĥi · ∑
j∈A

ĥj (IA.2)

= ∑
i∈A

∑
j∈A

(ĥi · ĥj) (by the distributive property of the dot product)

(IA.3)

= ∑
i∈A

ĥi · ĥi + ∑
i,j∈A,i ̸=j

ĥi · ĥj (IA.4)

= ∑
i∈A

∥ĥi∥2 + 2 ∑
i,j∈A,i<j

ĥi · ĥj (IA.5)

= NA + 2 ∑
i,j∈A,i<j

ĥi · ĥj. (IA.6)

By rearranging equation (IA.6), we can solve for the sum of pairwise similarities:

2 ∑
i,j∈A,i<j

ĥi · ĥj = ∥SA∥2 − NA.

Substituting this back into equation (IA.1) yields our efficient estimator:

Avg within-group similarityA =
∥SA∥2 − NA

NA(NA − 1)
. (IA.7)

D.2 Between-Group Similarity

The average between-group similarity for groups A and B is:

Avg between-group similarityA,B =

∑
i∈A,j∈B

ĥi · ĥj

NANB
, (IA.8)
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The numerator can be efficiently calculated by considering the dot product of the aggre-
gate vectors SA and SB:

SA · SB = ∑
i∈A

ĥi · ∑
j∈B

ĥj (IA.9)

= ∑
i∈A

∑
j∈B

(ĥi · ĥj). (IA.10)

Substituting this into equation (IA.8) gives the final estimator:

Avg between-group similarityA,B =
SA · SB

NANB
. (IA.11)
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Figure IA.1: Enforcement and attention around the 2015 reform

Panel A shows the monthly Google search volume index for the keyword “Prohibition of
Insider Trading Regulations” in India. Panel B shows the number of SEBI enforcement
actions citing the insider-trading regulations in each calendar year. Each action is dated
by the date on which SEBI initiated it rather than by the date of the resulting order,
because orders are issued several years after the conduct they concern; actions with no
recorded initiation date are excluded. Counts for the final years are understated, since
actions initiated near the end of the period have not yet produced an order and so do not
appear in the collection. The decline in 2015 begins in the fourth quarter of 2014, before
the announcement, and reverses from the fourth quarter of 2015.
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Figure IA.2: Abnormal returns for M&A target firms

This figure plots cumulative abnormal returns of target firms averaged across 270 M&A
events in the [−21, 63] event window. Abnormal returns are estimated using CAPM over
the 220 trading days ending 31 days before the announcement.
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Figure IA.3: Portfolio diversification across the wealth distribution

This figure plots portfolio diversification against financial wealth percentiles, constructed
on the same sample and wealth bins as Figure 1. Financial wealth is the sum of stock
holdings, bank deposits, and PPF balances at the end of the previous month, expressed
in real 2019 INR (Section 2). For each individual and month, diversification is measured
as one minus the Herfindahl–Hirschman index of portfolio weights, where the weight
of a stock is its value as a share of the total value of the individual’s equity portfolio
at the end of the previous month. Within each percentile-month, individual values are
averaged with weights given by financial wealth, and the plotted value is the time-series
average of these percentile-month values; average financial wealth within each percentile
is computed analogously. The x-axis reports average financial wealth on a logarithmic
scale. The exchange rate at the end of 2019 is 1 USD = 71.36 INR.
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Figure IA.4: Number of stocks by financial wealth

This figure plots the number of stocks held by financial wealth.
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Figure IA.5: Excess returns across the wealth distribution, sorting on initial wealth

This figure plots average annualized portfolio excess returns against percentile bins of
two alternative sorting variables. The baseline series sorts individuals each month on
financial wealth at the end of the previous month, as in Figure 1; the second sorts on
each account’s financial wealth in the first month it appears in the sample, held fixed
thereafter. The horizontal axis is the percentile bin of the sorting variable rather than
a wealth level, because the two sorts map bins to different levels of wealth. Financial
wealth is the sum of stock holdings, bank deposits, and PPF balances at the end of the
previous month, expressed in real 2019 INR (Section 2). Excess returns are computed
from equation (1) on beginning-of-month holdings held over the month. In each month,
individuals are ranked into one hundred equal-count bins on the relevant sorting
variable, with ties broken at random; within each bin-month, returns are averaged with
weights given by that same sorting variable, and the plotted value is the time-series
average of these bin-month values.
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Figure IA.6: Information ratio and Sharpe ratio

This figure plots the Sharpe ratio (Panel A) and the information ratio (Panel B) against
financial wealth percentiles. Financial wealth is the sum of stock holdings, bank deposits,
and PPF balances at the end of the previous month, expressed in real 2019 INR (Section 2).
Both are computed at the individual level over all months in which the individual is
observed, requiring at least twelve: the Sharpe ratio is the mean of her monthly portfolio
excess return divided by its standard deviation, and the information ratio the mean of
her monthly risk-adjusted return from equation (4) divided by its standard deviation,
each multiplied by the square root of twelve, as in equations (10) and (11). Because
each measure spans an individual’s full history, individuals are sorted into percentiles
of financial wealth in the first month they appear in the panel, and values are averaged
within each percentile with weights given by that same financial wealth. The x-axis
reports average financial wealth on a logarithmic scale. The exchange rate at the end of
2019 is 1 USD = 71.36 INR.
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Figure IA.7: Excess log returns and portfolio volatility across the wealth distribution

This figure plots average excess log returns (Panel A) and individual portfolio volatility
(Panel B) against financial wealth percentiles. Financial wealth is the sum of stock
holdings, bank deposits, and PPF balances at the end of the previous month, expressed
in real 2019 INR (Section 2). Panel A is constructed on the same sample and wealth bins
as Figure 1: for each individual and month, the portfolio excess log return is the log of
one plus the portfolio return less the log of one plus the risk-free rate; individuals are
sorted each month into percentiles of financial wealth at the end of the previous month,
values are averaged within each percentile-month with weights given by that financial
wealth, and the plotted value is the time-series average of these percentile-month
values, annualized by multiplying by twelve. Panel B plots, for each individual, the
standard deviation of her monthly portfolio excess returns over all months in which she
is observed, requiring at least twelve, annualized by multiplying by the square root of
twelve; because the measure spans an individual’s full history, individuals are sorted into
percentiles of financial wealth in the first month they appear in the panel and averaged
within each percentile with weights given by that financial wealth. The x-axis reports
average financial wealth on a logarithmic scale. The exchange rate at the end of 2019 is 1
USD = 71.36 INR.
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Figure IA.8: Equity share

This figure plots the equity share of financial wealth against financial wealth percentiles,
constructed on the same sample and wealth bins as Figure 1. The equity share is the
value of an individual’s direct equity holdings divided by financial wealth as defined in
Section 2, both at the end of the previous month. The x-axis reports average financial
wealth on a logarithmic scale.
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Table IA.1: Robustness checks of the effect of the 2015 reform on the risk-adjusted
return gap by wealth

This table reports robustness checks of the estimated effect of PIT on the wealth-based
annualized risk-adjusted return gap between higher-wealth individuals (top 1% of
the financial wealth distribution) and lower-wealth individuals (bottom 99%). The
dependent variable is the individual-quarter (annualized) risk-adjusted return. Postt
is an indicator variable equal to one from the reform announcement quarter onward.
1(Top 1%)i (1(Top 5%)i) is an indicator variable equal to one if the individual belongs
to the top 1% (5%) of the wealth distribution prior to the PIT announcement. Column 1
reports results using alternative individual-quarter risk-adjusted return estimated using
the Carhart four-factor model. Columns 2 and 3 report results using alternative cutoff
(top 5% and bottom 95%) to define higher-wealth and lower-wealth individuals. Control
variables include Diversificationi,t−1 and Agei,t. Standard errors are clustered at the
individual level. t-statistics are reported in parentheses. *, **, and *** denote significance
at the 10%, 5%, and 1% levels, respectively.

Dependent Variable = Risk-Adjusted
Returns (C4)i,t (%)

Risk-Adjusted
Returnsi,t (%)

Risk-Adjusted
Returns (C4)i,t (%)

(1) (2) (3)

Postt × 1(Top 1%)i -11.549***
(-20.20)

Postt × 1(Top 5%)i -10.007*** -9.452***
(-37.55) (-36.12)

Controls ✓ ✓ ✓
Time FEs ✓ ✓ ✓
Individual FEs ✓ ✓ ✓
#Individual 66,939 66,939 66,939
Observations 1,271,280 1,271,280 1,271,280
Adj R-squared 0.045 0.085 0.045
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Table IA.2: The effect of the 2015 reform on the risk-adjusted return gap, by connection
to the firm

This table decomposes the estimated effect of the reform on the annualized risk-adjusted
return gap between higher-wealth individuals (top 1% of the financial wealth distribu-
tion) and lower-wealth individuals (bottom 99%) into the parts contributed by holdings
in firms to which the individual is not connected (Column 2) and by holdings in firms
to which she is connected (Column 3); Column 1 reports the effect on the total. Panel A
defines an individual as connected to a firm in a given fiscal year if she shares a surname
with at least one member of its board of directors in that year; the sample is restricted to
individuals with a recorded surname (excluding about 4.5% of the individuals). Panel B
defines an individual as connected to a firm if it is her employer, as recorded by the bank
for salaried account holders and observed once. Postt is an indicator variable equal to
one from the reform announcement quarter onward. 1(Top 1%)i is an indicator variable
equal to one if the individual belongs to the top 1% of the wealth distribution prior to
the reform announcement. Control variables include Diversificationi,t−1 and Agei,t. All
columns include individual and time fixed effects. Standard errors are clustered at the
individual level. t-statistics are reported in parentheses. *, **, and *** denote significance
at the 10%, 5%, and 1% levels, respectively.

Panel A: Connected by board membership

Dependent Variable = Risk-Adjusted Returnsi,t (%)

Total Unconnected Connected
(1) (2) (3)

Postt × 1(Top 1%)i -12.187*** -11.101*** -0.219***
(-20.01) (-19.43) (-3.06)

Controls ✓ ✓ ✓
Time FEs ✓ ✓ ✓
Individual FEs ✓ ✓ ✓
#Individual 63,901 63,901 63,901
Observations 1,213,523 1,213,523 1,213,523
Adj R-squared 0.086 0.084 0.064

Panel B: Connected by employer

Dependent Variable = Risk-Adjusted Returnsi,t (%)

Total Unconnected Connected
(1) (2) (3)

Postt × 1(Top 1%)i -12.160*** -11.432*** -0.297***
(-20.87) (-19.93) (-2.94)

Controls ✓ ✓ ✓
Time FEs ✓ ✓ ✓
Individual FEs ✓ ✓ ✓
#Individual 66,939 66,939 66,939
Observations 1,271,280 1,271,280 1,271,280
Adj R-squared 0.085 0.088 0.038
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Table IA.3: Extraction schema for the SEBI enforcement orders

This table reports the schema we use to extract structured information from the 3,338
SEBI enforcement orders described in Appendix Section B. Panel A lists the fields
extracted from each order. Panel B lists the conduct categories from which the model
selects the primary charge and the corporate-event categories describing the origin of the
information asymmetry, exactly as they appear in the extraction prompt. We developed
both sets of categories from the orders themselves, over three rounds of manual reading
of about fifty orders each. The instruction portion of the prompt appears in Appendix
Section B.

Panel A: Fields extracted from each order

Field Content

Company, ticker The company whose securities were traded.
Order date Date the order was passed.
Conduct period start / end The conduct window the order states; null where none is stated.
Enforcement start date Date SEBI initiated proceedings (show-cause notice or investigation order).
Earliest referenced date Fallback time anchor, recorded only when the conduct period and enforcement start

are both null, with a note on what the date refers to.
Respondents Every respondent, with role.
Conduct category The primary charge, one of nine categories (Panel B), plus any secondary categories

that apply.
Opportunity origin The corporate event that created the information asymmetry, one of eight categories

(Panel B).
Violation status The proceeding’s outcome as stated by SEBI in the order, recorded in one of six labels

we define: proven, partial, settled, dismissed, alleged, not applicable.
Trading and penalties Shares and value traded, profit or loss avoided, trading direction, fines, disgorgement,

ban length.
Summary A two-to-three sentence summary of the case.

Panel B: Category definitions

Conduct categories — “Select the MOST SEVERE or CENTRAL issue.”

Insider Trading Trading in securities while in possession of Unpublished Price Sensitive Information
(UPSI).

Front Running Trading ahead of large institutional client orders.
Fraudulent Issuance and Financial
Misconduct

GDR scams, siphoning of funds, falsifying books of accounts, diversion of IPO pro-
ceeds.

Market Manipulation and PFUTP Circular trading, price rigging, wash trades, creating artificial volume.
Disclosure and Filing Violations Failure to disclose shareholding changes (SAST/PIT), late filings, or pledge disclosure

failures.
Unregistered and Deceptive Interme-
diary Services

Operating as a broker/advisor/PMS without valid SEBI registration.

Exemption Applications Formal requests for waiver from Open Offer rules (NOT a violation).
Procedural and Technical Non-
compliance

Minor code of conduct issues, failure to respond to summons, non-compliance with
SCORES.

Other Use ONLY if the case strictly does not fit any category above.

Opportunity origin — “The corporate event that created the information asymmetry.”

M&A and Strategic Partnerships Mergers, acquisitions, takeovers, JVs, open offers.
Capital Raising and Restructuring IPOs, rights issues, preferential allotments, buybacks, debt restructuring.
Financial Reporting and Audits Earnings results, profit warnings, audit modifications, financial irregularities.
Promoter and Stakeholder Actions Stake sales, inter-se transfers, family trusts, pledges, encumbrances.
Institutional Order Flow Large block trades (specifically for Front Running).
Operational and Liquidity Events Fund winding up, defaults, business shut down.
Not Applicable No specific corporate event (e.g., pure price manipulation or unregistered activity).
Other Rare events not listed.
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