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Abstract

Generative Al is a general purpose technology with rapidly growing adoption among retail
investors. How does the adoption of this technology change household investment decisions?
I study the adoption of a generative Al-based conversational assistant by retail investors,
using data that link investors’ prompts and Al answers to transaction-level trading records and
portfolio holdings. Using a staggered difference-in-differences design, I find that generative
Al adoption increases investment in index funds relative to individual stocks by 7.6 percentage
points. As a result, Al adoption reduces investors’ return loss, which measures the expected
return forgone due to underdiversification at a given level of risk, by 43 basis points on average,
with substantial heterogeneity across investors. Less diversified portfolios improve the most,
with return loss declining by 101 basis points.
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1 Introduction

Generative Al has become one of the most rapidly adopted technologies, outpacing the adoption speed of the
personal computer and the internet (Bick et al., 2026; Lynch, 2026). This adoption extends to retail investors:
recent surveys report that 54—70 percent of investors have used Al to obtain investment information or support

financial decisions (Investing.com, 2026; Amundi, 2026; HSBC and Ipsos, 2026; Opinium, 2026).

How do retail investors use generative Al, and how does the adoption of this technology change their
investment behavior? On the one hand, generative Al may improve investment choices by providing sound
information and advice consistent with portfolio theory. Such guidance could address a central issue in
household finance: under-diversification and its costs for investors (Calvet, Campbell, and Sodini, 2007). On
the other hand, generative Al may reduce the cost of researching individual companies or increase investors’
confidence in their ability to select stocks, leading to more individual stock trading and possibly decreased
diversification.! A third possibility is that AT adoption leaves investment behavior unchanged: sycophantic

responses may simply affirm investors’ existing beliefs and investment decisions.

To study how retail investors use generative Al and how adoption affects their investment behavior, I use
data from a wealth management platform serving U.S. retail investors that introduced an assistant based on
ChatGPT and Gemini in November 2024. These data link investors’ prompts and generative Al answers to
their subsequent transactions and portfolio holdings. To my knowledge, this is the first study to examine
transaction- and portfolio-level evidence on the effects of generative Al on retail investment. Using an LLM
to encode investors’ prompts and Al answers, I find that investors use generative Al to seek information
and advice about securities and investment products, portfolio allocation and risk, existing holdings and
performance, retirement and financial planning, and taxes. Generative Al answers to investor questions
strongly favor passive index fund investing over individual stocks, a pattern that persists over time and
across ChatGPT and Gemini models. The linked data allow me to match Al recommendations to investors’

subsequent transactions, and I find high rates of implementation of Al recommendations.

Identifying the causal impact of generative Al adoption on investment behavior is challenging because
investors choose whether and when to use generative Al, as well as what to ask about. I address this
identification challenge using two complementary identification strategies. First, I study the staggered
adoption of generative Al by retail investors and its effects on their investment decisions and portfolio
allocations, following the introduction of the generative Al financial assistant on the platform in November
2024. I find that generative Al adoption increases investment in index funds relative to individual stocks by 7.6

percentage points. As a result, Al adoption reduces investors’ return loss, which measures the expected return

IThis view is consistent with Van Nieuwerburgh and Veldkamp (2010), who show in a model that information acquisition can
make a portfolio consisting of individual stocks and a diversified fund optimal.



forgone due to underdiversification at a given level of risk, by 43 basis points on average, with substantial
heterogeneity across investors. Less diversified portfolios improve the most, with return loss declining by
101 basis points. Second, I exploit changes in the instructions given to the Al assistant that altered how
often it provided explicit buy recommendations. Since these recommendations predominantly concern funds,
the changes provide a source of exogenous variation in fund advice received by existing Al users. I use a
difference-in-differences design and find that investors allocate a larger share of their purchases to funds when

Al recommendations to buy funds become more frequent, consistent with the main staggered DiD results.
I have four main findings.

First, I find that generative Al answers guide investors toward passive index investing. I use an LLM to
encode investors’ prompts and Al answers and examine how the advice varies with the topic and nature of
investors’ questions. A simple descriptive comparison that illustrates this finding is the difference between
investors’ prompts and Al answers: investors express interest in buying ETFs or mutual funds in 3.5 percent of
prompts, while 18 percent of Al answers recommend buying funds. Moreover, passive funds are recommended
more frequently than individual stocks across financial topics and in responses to both information requests
and explicit requests for advice. This result remains after accounting for investor fixed effects, indicating
that it is not explained by persistent differences in investor characteristics. In addition, the guidance toward

passive investing persists over time and across ChatGPT and Gemini models.

Second, investors shift toward passive funds following Al adoption, in line with the advice they receive.
Using a staggered difference-in-differences design, I find that adoption increases the passive fund share
of new investment by 7.60 percentage points and the passive fund share of month-end equity holdings by
2.73 percentage points. I find no evidence that this shift is offset by riskier individual stock purchases; the
idiosyncratic risk of new purchases is lower following adoption. Purchased funds also have lower expense

ratios.

A complementary design provides further evidence that Al advice shifts investment toward funds. I exploit
changes in the assistant’s instructions that increased the frequency of ticker-specific fund buy recommendations.
Using a difference-in-differences design, I find that the fund share of new investments increases among

exposed investors relative to nonusers when ticker-specific buy recommendations become more frequent.

Taken together, the two designs address different identification concerns while implying similar investment
responses to fund recommendations, providing causal evidence that Al advice shifts retail investment toward
funds. Changes in the assistant’s instructions provide exogenous variation in the advice received by existing
Al users, addressing the concern that investors adopt Al when they already intend to change their investments.
The staggered adoption design estimates effects across different calendar months and market conditions,

reducing concerns that the results are driven by contemporaneous shocks around the Al assistant’s instruction



changes. The magnitudes are also consistent: after scaling by the corresponding increase in exposure to fund
recommendations, both designs imply a similar increase in the share of new investment allocated to funds in

response to Al advice.

I then examine the effects of Al adoption on portfolio diversification. I find lower portfolio volatility and a
smaller idiosyncratic share of portfolio risk. Return loss, defined by Calvet, Campbell, and Sodini (2007) as
the expected return investors forgo by holding their portfolio instead of an efficient portfolio with the same
level of risk, falls by 43 basis points. This improvement is economically meaningful: the average reduction in
return loss is comparable to the 44 basis point difference in return loss between investors with low and high
financial numeracy documented by von Gaudecker (2015). There is substantial heterogeneity underlying
these results, with investors who were less diversified before adoption experiencing greater diversification
benefits. For the bottom half of investors in terms of diversification before adoption, annual return loss falls
by 101 basis points, or 25 percent of their pre-Al mean. Overall, these findings suggest that generative Al
may bring investment choices more in line with the advice from portfolio theory by improving diversification
and thereby reducing investors’ exposure to uncompensated risk. In Section 7, I then compare these effects
with those of other technological innovations studied in the literature and find that the improvements in fund
allocation and portfolio efficiency lie between those reported for broadband internet and robo advice (Hvide

et al., 2024; Rossi and Utkus, 2024).

Third, I provide evidence on personalization as a mechanism through which generative Al affects
investment behavior. Personalization is a key attraction of generative Al chatbots and has been explored in
the nudge literature as a way of altering behavior (DellaVigna and Linos, 2022). I find that investors are
more likely to implement recommendations when answers use more personal details. To address the concern
that investors’ questions and investment intentions may jointly affect personalization and implementation,
I construct an instrument based on the model generating each answer. This leverages two key features of
my setting. First, most personalization concerns portfolio information supplied directly by the platform,
giving models access to investors’ circumstances without requiring investors to disclose this information
in their questions. Second, improvements across model generations in processing long contexts allow
models to make greater use of this information. I therefore use model indicators as instruments to exploit
differences in how models use platform-supplied portfolio information and estimate the effect of portfolio
personalization on implementation. I find that a one-standard-deviation increase in portfolio personalization
raises implementation by 11.9 percentage points. Personalization relies on personal data that allow chatbots
and Al agents to tailor their responses to consumers’ circumstances, so this finding also has important

implications for the value of data in the age of Al (see Veldkamp, 2023, for a discussion of data as an asset).

Finally, I find that ticker-level recommendations by Gemini and ChatGPT models exhibit mode collapse,



meaning that the distribution of recommended tickers is concentrated on a small set of securities. Across
models, the ten most frequently recommended tickers account for 50 percent of ticker recommendations. This
concentration in recommendations translates into the investments of Al adopters. Following Al adoption,
the share of their fund investment going to the twenty most widely recommended funds increases by 7.19
percentage points. Given widespread adoption of Al, this concentration of retail investment may have

implications for financial markets.

Overall, my findings thus provide evidence that generative Al adoption shifts investment toward passive
index funds and can thereby improve diversification and portfolio efficiency for individual investors. The
widespread adoption of generative Al by consumers may therefore further increase passive index investing,
with potential implications for asset prices (Haddad and Muir, 2025). In addition to this shift towards index
investing, Al adoption may make investment choices more similar across investors by directing retail demand

towards a smaller set of tickers.

Related literature. This paper contributes to four strands of research. First, I contribute to the growing
literature on generative Al and its applications. Mo and Ouyang (2025) provide a comprehensive review of
this literature. Ecker et al. (2026) analyze investment related questions submitted to a Chinese generative
Al platform. Studies by OpenAl and Anthropic document what people ask and the tasks for which they use
generative Al (Chatterji et al., 2025; Handa et al., 2025). Choukhmane et al. (2026) ask a representative
sample to write prompts seeking financial advice from LLMs and simulate the effects of following the advice.
They find that following this advice would lead to choices more consistent with life-cycle theory. Ngangoue
et al. (2026) find that ChatGPT’s advice on major life decisions varies with socioeconomic background. Other
work examines the preferences and biases of LLM models (Ross et al., 2024; Bini et al., 2026; Ouyang et al.,
2025; Fedyk et al., 2026) and studies how financial advice responds to investor characteristics (Rumpf et al.,
2026; Fieberg et al., 2025; Takayanagi et al., 2025; Foltyn and Olsson, 2026). Existing research on consumer
use of generative Al thus studies what individuals ask and the answers they receive. My main contribution
is to provide evidence on the implementation of Al advice in a high-stakes setting: individual investment
decisions. To my knowledge, I provide the first evidence on how Al adoption affects retail portfolios, using

data that link investors’ Al conversations to subsequent transactions and portfolio holdings.

Second, I contribute to the literature on how the adoption of general-purpose technologies affects household
investment decisions. Existing evidence documents mixed effects for the major technological innovations of
the last thirty years: the internet and mobile phones. Studies of online trading find increased trading activity
following adoption of online brokerage accounts and web-based trading in 401(k) plans, including higher

trading frequency and portfolio turnover (Barber and Odean, 2002; Choi et al., 2002). Kalda et al. (2024)



find that smartphone trading encourages purchases of riskier, less diversifying assets. By contrast, Hvide
et al. (2024) find that broadband internet access increases investment in equity funds and improves portfolio
efficiency, with no adverse impact on trading. I extend this literature to generative Al, a general-purpose
technology that can provide and explain investment recommendations, and find that Al adoption increases

investment in index funds and mitigates under-diversification, with no adverse impact on trading frequency.

Third, I contribute to the literature on financial advice by examining a new form of financial advice.
Existing literature focuses on human financial advisors and robo advice. The motivation behind this literature
is that, in theory, financial advice might mitigate under-diversification and other mistakes observed in retail
investors. However, in practice, the literature has identified several shortcomings of human advice. First,
incentives may distort advice (Mullainathan et al., 2012; Chalmers and Reuter, 2020). Further, Bhattacharya
et al. (2012) provide evidence that even unbiased and beneficial advice is rarely followed. They offer advice
to a sample of German households and provide evidence that few households follow the provided advice.
Other work examines advisor beliefs and limited tailoring (Linnainmaa et al., 2021; Reuter and Schoar,
2024), including Canadian evidence that clients’ portfolios closely reflect their advisers’ own asset allocations
(Foerster et al., 2017). The literature on robo advice finds more promising evidence of its benefits (D’Acunto
et al., 2019; Rossi and Utkus, 2024; see D’Acunto and Rossi, 2023, for a review). Generative Al advice differs
from automated robo advice in implementation: individuals must choose which recommendations to follow

and execute the trades themselves.

Finally, I contribute to the literature on household investment mistakes more broadly, and on what forms
of treatment can improve financial decisions (see Campbell, 2006 for a review). This literature documents
under-diversification (Calvet et al., 2007; von Gaudecker, 2015), excessive trading (Barber and Odean, 2000),
and costly fund selection (Choi et al., 2010; Bailey et al., 2011; Bhattacharya et al., 2017). Explanations for
under-diversification, and in particular the combination of single stocks with some weight in diversified funds,
include probability weighting (Polkovnichenko, 2005; Dimmock et al., 2021) and incentives to specialize in
learning about particular assets (Van Nieuwerburgh and Veldkamp, 2010). Other studies examine financial
inertia (Madrian and Shea, 2001; Andersen et al., 2020) and the effects of financial education (Fernandes

et al., 2014). I provide evidence that Al advice has the potential to mitigate under-diversification.

The remainder of the paper proceeds as follows. Section 2 describes the platform and linked data.
Section 3 documents what investors ask and what the Al recommends. Section 4 studies recommendation
implementation and compares recommended investments with other purchases. Section 5 presents the
empirical strategy. Section 6 reports the main results and robustness checks. Section 7 assesses the welfare
implications, heterogeneity in diversification gains, and comparisons with other technological innovations.

Section 8 examines personalization as a mechanism through which generative Al affects investment behavior



and explores investor learning. Section 9 examines common ticker recommendations across models and the

concentration of investment demand. Section 10 concludes.

2 Setting and Data

This section describes the data I analyze. I first describe the Mezzi platform and linked financial account

records, and then explain how I construct portfolio and conversation measures.

2.1 Firm Background

I use data on U.S. retail investors from Mezzi, a wealth management platform that launched as a portfolio
tracking application in November 2023. In November 2024, Mezzi introduced a generative Al-based
conversational assistant that provides financial advice to its customers. Investors interact with generative Al
through a chat interface, submitting prompts about their investments. These prompts are routed to ChatGPT
and Gemini models, which generate the responses. Generative Al does not execute trades; investors decide
whether and how to implement the advice they receive. I define adoption as the date of an investor’s first

observed prompt.

The app integrates generative Al with investors’ financial account data through third-party aggregators,
covering checking accounts, brokerage accounts, and tax-advantaged accounts such as 401(k)s, Roth/IRA
accounts, and 529 accounts. To ensure a complete financial picture of its investors, Mezzi provides onboarding

calls and assists investors with connecting brokerage, retirement, and other accounts.

2.2 Financial and Conversation Data

Through third-party aggregators, Mezzi obtains the transaction histories of investors’ linked accounts.?
Transactions and dividend receipts are recorded on a daily basis. For each transaction, I observe the date,
security identifier, transaction type, quantity, price, dollar amount, and fee. The records include purchases,
sales, transfers, and reinvestments and extend back up to two years before investors first connect their accounts.
The classified conversational sample contains 69,598 initial and follow-up prompts and their corresponding

Al answers, with a median of 12 prompts per investor.

Information such as prices and returns comes from CRSP and CRSP Mutual Funds.? I match the securities

in the account records to the CRSP stock and mutual fund databases. The account data, in conjunction with the

2Before being made available for this research, the records are stripped of personally identifiable data. All analyses are conducted
on these deidentified records, and only aggregate results are reported.
3Security identifiers are supplemented using the CRSP-Compustat linking table; option prices are from HistoricalOptionData.com.



CRSP market data, allow me to compute daily portfolio holdings, values, and returns. I first infer daily holdings
from transactions, transfers, reinvestments, and dividend receipts. When a position predates the available
transaction history, I recover the number of units held by dividing the cash dividend or fund distribution
recorded in the account by the corresponding CRSP distribution per share. Purchases, sales, reinvestments,
and split adjustments are then used to update these holdings. I value each position at the daily closing price and
aggregate holdings across linked accounts. In addition to transaction and dividend data, Mezzi periodically
obtains snapshots of holdings data, which are used to validate the thus constructed portfolios. The constructed

daily portfolio snapshots contain market values, asset class composition, concentration measures, and returns.

I measure purchase shares relative to total purchase dollars, and the passive fund holdings share relative to

month-end equity holdings. Appendix B provides the detailed variable definitions.

2.3 Summary Statistics

Table A.1 provides the key summary statistics for the main sample. Panel A reports sample size and
demographic characteristics, and Panel B reports portfolio characteristics. For comparison, the table also
reports the corresponding statistics for SCF respondents with equity holdings in the 2022 Survey of Consumer
Finances. Table A.2 compares monthly turnover of investors in my sample with that in Giglio et al. (2021)
and Barber and Odean (2000). An important distinction of my data is that they track investments across
accounts at different institutions, while Giglio et al. (2021) and Barber and Odean (2000) use accounts at
Vanguard and one discount brokerage, respectively. When I restrict my data to each investor’s largest account
to make the estimates more comparable, investors in my sample have higher mean monthly turnover than
Vanguard investors (7.50 versus 2.30 percent), but turnover comparable in magnitude to the purchase turnover

reported by Barber and Odean (2000) (7.50 versus 6.49 percent).

Most equity owners in my sample combine indirectly held equity with substantial investments in individual
stocks. Among direct stock owners, the median investor holds 13 stocks and allocates 41.0 percent of total
equity to direct stocks. The median total equity, indirect equity, and direct equity shares of the observed
portfolio are 75.3 percent, 43.4 percent, and 25.3 percent, respectively. Applying the same definitions to the
2022 Survey of Consumer Finances yields corresponding medians of 35.9 percent for the direct fraction of

equity, four directly held stocks, and portfolio shares of 44.0 percent, 37.8 percent, and 10.9 percent.



Investors in my sample lean wealthier than equity-owning SCF households (median observed portfolio
value of approximately $556,000 versus $155,000) and are more active investors (75.0 percent versus 28.2
percent hold more than one individual stock). However, these characteristics are consistent with survey
evidence on who uses GenAl for financial information. A survey by HSBC and Ipsos (2026) finds that
82 percent of high-net-worth investors with at least $2 million in investable assets use Al for finance and
investment tasks, compared with 73 percent across its full sample of affluent and high-net-worth investors.
Only 9 percent of high-net-worth respondents report that Al has not meaningfully changed how they manage
their wealth, compared with 26 percent of investors with $100,000-$250,000 in investable assets (HSBC and
Ipsos, 2026). Blankespoor et al. (2026) similarly find that more sophisticated retail investors lead adoption.
Thus, while my sample is not representative of the overall SCF population, its characteristics are consistent

with those of the retail investors most likely to use GenAl for investment decisions.

3 Investor Use of Generative Al

This section first describes the content of investors’ questions and Al’s corresponding responses. I then

examine when investors consult Al and how consultation relates to subsequent trading.

3.1 The Content of Investor Prompts

Generative Al is a multipurpose technology that can be used for a wide array of tasks (Chatterji et al.,
2025). As such, it is useful to start by classifying how Al is used by investors in this sample. I first
obtain text embeddings of prompt summaries using OpenAl’s large embedding model. These embeddings
provide numerical representations of the prompts’ meaning. I apply principal component analysis to these
embeddings and use k-means clustering to group similar prompts. To visualize these embeddings in a
two-dimensional space, I use the t-distributed Stochastic Neighbour Embedding (t-SNE) algorithm, which
reduces the dimensionality of document embeddings (van der Maaten and Hinton, 2008). The proximity
of two points in the figure can be interpreted as similarity in the meaning of the corresponding prompts.
Figure 1 displays five broad groups: securities and investment products, portfolio allocation and risk, existing
holdings and performance, retirement and financial planning, and taxes. These labels were generated using

privacy-preserving LLM-assisted labeling and then manually reviewed.



t-SNE 2

t-SNE 1
Financial subject Share (%)
I Securities and investment products 25.6
2 Portfolio allocation and risk 25.0
3 Existing holdings and performance 18.8
4 Retirement and financial planning 16.4
5 Taxes 14.2

Figure 1. Topics in Investor Prompts

Notes: This figure plots a t-SNE map of investor prompts using embeddings of prompts. Each point represents one

investor-written prompt, and colors identify five k-means groups.

Semantic similarity can group prompts about similar topics but with different intent. For example, “How
does an ETF work?” and “Should I buy an ETF for my retirement portfolio?” concern the same financial
subject, but the first seeks information while the second seeks advice. To account for this, I next group investor
prompts according to their intent into information-seeking and advice-seeking requests, again using LLM
classification. Combining the prompt intent with the financial subjects identified above thus sorts investor
prompts along two dimensions. The resulting distribution across these categories is displayed in Table 1.
Securities and investment products account for 25.6 percent of prompts, followed by portfolio allocation and
risk at 25.0 percent. Information seeking and advice seeking account for 34.3 and 59.9 percent of prompts,
respectively. Panel B reports the share of investors with at least one prompt in each subject—request cell.
Overall, investors use generative Al for a broad range of financial topics, seeking both advice and purely

informational responses.

3.2 Investor Prompts and AI Answers

The previous section provides evidence that investors use Gen Al for a broad range of topics. In this section,
I explore the investment advice contained in Al answers and how it varies with the topic and nature of
investors’ prompts. Al answers recommend index investing, and this pattern is present across topics and both

information- and advice-seeking prompts.



Table 1. Financial Subjects and Nature of Investor Requests

Financial subject Information seeking Advice seeking

Panel A. Share of prompts (%)

Securities and investment products 11.3 13.6
Portfolio allocation and risk 2.1 20.9
Existing holdings and performance 9.4 8.5
Retirement and financial planning 6.4 8.6
Taxes 5.1 8.3
Panel B. Share of investors with at least one prompt in the cell (%)

Securities and investment products 39.9 49.1
Portfolio allocation and risk 16.9 62.1
Existing holdings and performance 42.4 40.1
Retirement and financial planning 30.2 36.1
Taxes 28.6 40.7

Notes: This table reports topic shares of plotted prompts (Panel A) and investors with at least one prompt in each cell (Panel B). The
difference between the topic totals and the sum of the two columns reflects other requests not assigned to either category.

I begin by comparing buy interest in investors’ prompts with buy recommendations in Al answers, and
find that AI answers are highly tilted towards recommending funds and ETFs. Investors consider buying
stocks in 1.9 percent of prompts, and stocks are recommended in 4.6 percent of Al answers. By comparison,
investors consider buying ETFs and funds in 3.5 percent of prompts, and these are recommended in 18.0
percent of answers. Al answers are therefore about 5.14 times as likely to recommend buying a fund as
investors are to express interest in buying one in their prompts. Panel C of Table 2 instead reports the share of
investors receiving at least one buy recommendation for each asset type. Among investors receiving buy
advice, 96.9 percent receive at least one answer containing advice to buy funds, compared with only 48.0

percent receiving at least one individual stock recommendation.

Using the classification introduced in Section 3.1, I next examine how AI’s buy recommendations vary
across financial topics and request types. Panel A of Appendix Table F.1 provides evidence that passive
funds are recommended more frequently than individual stocks across topics for both information requests
and explicit requests for advice, with likelihood ratios ranging from approximately 2.6 to 14.4. To examine
whether the greater frequency of passive fund recommendations reflects persistent differences across investors,
Panel B of Appendix Table F.1 additionally includes investor, calendar month, and weekday fixed effects.
Passive funds remain more frequently recommended than individual stocks across topics and request types.

Al also favors funds when investors leave the choice of securities open. Panel B of Table 2 reports
the composition of ticker-level buy and sell recommendations, separately for all prompts and for prompts
containing neither a recognized ticker nor the words “stock” or “stocks.” Among suggested purchases in

Al answers to the latter prompts, 89.7 percent concern an ETF or mutual fund and 10.3 percent concern an

10



individual stock.

Table 2. Investor Prompts and Al Answers

Individual ETFs and
stocks mutual funds
Panel A. Buy interest and recommendations
Prompts expressing interest in buying 1.9 3.5
Including a specific ticker 1.9 1.7
Al answers containing buy recommendations 4.6 18.0
Including a specific ticker 4.4 15.7
Panel B. Composition of Al buy and sell recommendations
All prompts
Buy recommendations 15.0 85.0
Sell recommendations 50.4 49.6
Prompts without tickers or stock mentions
Buy recommendations 10.3 89.7
Sell recommendations 47.4 52.6
Panel C. Investors receiving recommendations
Among investors receiving buy advice 48.0 96.9
Among investors receiving sell advice 80.7 70.0

Notes: This table reports buy interest in investor prompts and buy and sell recommendations in Al answers. Panel A reports the
share of prompts with buy interest and Al answers with buy recommendations for each asset type. Panel B reports, conditional on
buy or sell advice, the share of ticker-level recommendations for each asset type. Panel C reports, conditional on receiving buy or sell
advice, the share of investors receiving at least one recommendation for each asset type.

4 Al Recommendations and Investor Behavior: Descriptive Evidence

The data link AI recommendations to subsequent trades, which allows me to examine high-frequency,
transaction-level evidence of how investors implement Al advice and how recommended investments differ
from their other purchases before turning to the main estimates in Section 6. Section 4.1 first studies
whether investors buy tickers (stocks and funds) that are recommended. Second, it restricts the analysis to
fund ticker advice, which represents 89.7 percent of ticker-level advice, and examines whether investors
buy the recommended Lipper categories and the specific recommended funds within those categories.
Lipper categories group funds with similar investment objectives and strategies. Section 4.2 compares the
composition, fees, and historical risk of recommended investments with those of other purchases made
following the same advice. These analyses provide a first step toward understanding how Al advice may

change investor behavior.

11



4.1 Implementation of AI Recommendations

I first present high-frequency, ticker-level evidence on the implementation of particular Al recommendations.
Using an open-source LLM, I identify ticker-specific buy and sell recommendations in each response; the
Online Appendix reports the classification prompt. These ticker-level recommendations are then linked to

investments made within 10 trading days.

Table E.1 reports implementation rates within 1, 2, 5, and 10 trading days. 36.2 percent of answers
with buy advice are implemented within 10 trading days. At the ticker-level, 18.5 percent of recommended
securities are purchased. 72.6 percent of answers containing a ticker-level buy recommendation recommend

more than one ticker, and thus the implementation rate at the answer level is higher.

I next examine the overall share of purchase dollars allocated to recommended securities. It combines
the extensive margin (whether or not investors buy any recommended security) with the intensive margin
(conditional on buying recommended securities, what share of purchase dollars is allocated to them). Purchases
are pooled within 10 or 30 trading days of advice, counting each transaction once and matching it to any
recommendation active on its purchase date. As can be seen in Panel A of Appendix Table E.2, the overall

share is 24.65 percent within 10 trading days and 22.29 percent within 30 trading days.

As discussed in Section 3 (Table 2), 89.7 percent of ticker-level buy recommendations in response to
open-ended prompts concern ETFs or mutual funds. Motivated by this prevalence of ticker-level fund
recommendations, I next document how investors’ fund purchases are associated with the categories and
funds recommended in Al answers. I distinguish between purchasing a fund in a recommended category and
selecting the particular recommended fund within that category. Purchases are measured within 10 trading
days. Standard errors are double-clustered by individual and time.

Lipper category choice. 1 begin by considering the decision to purchase a fund in a recommended category.
Specifically, I link category recommendations to subsequent purchases using a linear probability model of the

form:

Yiic =q; + /lw(a) + Nd(a) + ﬂCRiC;w +Yc log(AUMc,m(a)—l) + Eiac- (1)

The unit of observation is an advice event—category. The dependent variable is an indicator for purchasing
any fund in the category. Here i denotes the investor, a the advice event (one Al answer to a user question),
and c the Lipper category. The explanatory variable of interest is Rl.cac, an indicator equal to one if the answer
recommends the category. The coefficient of interest, B¢, is the difference in the probability of purchasing a

fund in a recommended rather than a nonrecommended category.

In Panel A of Table 3, I present evidence that investors are more likely to buy funds in the categories

recommended by Al. Column (1) provides evidence that recommended categories are 23.96 percentage
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points more likely to be purchased than nonrecommended categories. Column (2) adds investor fixed effects
for persistent differences in purchase propensity, and calendar week and weekday fixed effects for common
time variation and weekly purchase patterns. The recommendation gap changes little with these controls,
at 24.27 percentage points. Column (3) corresponds to Equation (1) and adds log Lipper category AUM,
measured as total fund assets in the category in the preceding month, to control for differences in category
size. The recommendation coefficient is 20.26 percentage points. Doubling category AUM is associated with

a 1.34-percentage-point higher purchase probability.

Fund choice within a recommended category. Next, Panel B of Table 3 compares recommended funds with
other funds in the same recommended categories, distinguishing the choice of a particular fund from the
choice of a category. ETF and mutual fund share classes are combined. I regress the fund purchase indicator
on a dummy variable for whether the fund is recommended, controlling for investor, calendar week, and

weekday fixed effects and fund assets under management (AUM):
Y,'I;Cf =a; t /lw(a) +Nda) + ,BFR,FaCf + Vlog(AUMf,m(a)—l) + Uiacf- ()

The unit of observation is an advice event—category—fund. The dependent variable is an indicator for

F

iacf’ an

purchasing the fund. Here f denotes the underlying fund. The explanatory variable of interest is R
indicator equal to one if the answer recommends the fund. The terms «;, 4,,(4), and 14(4) denote investor,
calendar week, and weekday fixed effects. Log AUM, measured in the preceding calendar month, m(a) — 1,

controls for differences in fund size.

The estimated probability of purchase remains higher for recommended funds within the same category
after controlling for fund size and fixed effects. Recommended funds are 16.86 percentage points more likely
to be purchased than other funds in the recommended categories, as reported in column (1) of Panel B of
Table 3. Adding investor, calendar week, and weekday fixed effects has little effect on the estimate, which is
16.92 percentage points in column (2). Column (3) corresponds to Equation (2): adding the AUM control
reduces the recommendation coefficient to 16.29 percentage points. The coefficient on log AUM implies that

doubling AUM is associated with a 0.22-percentage-point higher purchase probability.
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Table 3. Recommendations and subsequent fund purchases

Panel A. Across categories

Category purchase

(H (2) (3)

Category recommended 23.96"" 2427 20.26""

(2.52) (2.50) (2.18)
Log Lipper category AUM 1.93"

(0.23)

Constant 3.63

(0.58)
Investor FE No Yes Yes
Week FE No Yes Yes
R? 0.03 0.07 0.10

Panel B. Within a recommended category
Fund purchase

(1 ) 3)
Fund recommended 16.86™" 16.92*** 16.29"
(2.20) (2.22) (2.22)
Log fund AUM 0.32%**
(0.05)
Constant 0.63""
(0.09)
Investor FE No Yes Yes
Week FE No Yes Yes
R? 0.10 0.12 0.12

Notes: This table reports OLS estimates (i.e., a linear probability model) of the likelihood that an investor purchases a fund following
an Al answer. The dependent variable is an indicator for purchasing any fund in a category (Panel A) or a specific fund within
a recommended category (Panel B) within ten trading days of the answer. The recommendation indicator equals one if the Al
recommends the category or fund, respectively. Columns (2) and (3) include individual, calendar week, and day of week fixed effects.
Column (3) additionally controls for log AUM in the preceding month, measured at the category level in Panel A and the fund level in
Panel B. Coefficients and standard errors are in percentage points. Standard errors are double-clustered by individual and calendar
month and shown in parentheses. Statistical significance at the 1%, 5%, and 10% levels is indicated with ***, **, and *, respectively.

The results above indicate that ticker recommendations are associated with subsequent purchases. However,
these patterns are subject to endogeneity concerns: most importantly, Al may recommend the same or
similar investments to those investors would have made anyway. The next section, Section 4.2, examines
how recommended investments differ from other investments made by the same investors. Section 6 presents

causal evidence on the impact of Al usage on investment.

4.2 Al Recommendations and Other Investments

Section 4.1 provides evidence consistent with investors buying recommended securities. However, implemen-

tation is incomplete, and even investors who buy recommended securities may also purchase other securities.
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To further understand how Al recommendations differ from investors’ choices, I move beyond the textual
differences between questions and answers described in Section 3. This section compares the composition,
fees, and historical risk of recommended investments with those of other purchases made following the same

advice.

For each advice event, I construct two portfolios. The first consists only of the recommended securities.
The second consists of alternative purchases, i.e. purchases by the same investor following advice that do not
match any of the recommendations. For both of these portfolios, I calculate market beta, annualized volatility,

relative Sharpe ratio loss, and maximum drawdown.

Following Calvet, Campbell, and Sodini (2007), I use relative Sharpe ratio loss to measure underdiversifi-
cation. Calvet, Campbell, and Sodini (2007) define diversification loss as the expected return a household
loses by not choosing a position on the efficient frontier with the same level of risk as its portfolio. Assuming
that assets are priced according to the CAPM, relative Sharpe ratio loss expresses the expected excess
return shortfall as a fraction of that efficient portfolio’s expected excess return. The resulting measure is
RSL, =1-S,/Sg, where S, and Sp denote the portfolio and benchmark Sharpe ratios. Table E.3 reports

how these portfolios differ.

Recommended portfolios exhibit less underdiversification and lower historical risk than portfolios of
alternative purchases made by the same investors. The relative Sharpe ratio loss is 10.7 percentage points
lower for recommended portfolios, falling from 28.1 to 17.4 percent, a 38.1 percent reduction. The annualized
volatility is 11.27 percentage points lower and the market beta is 0.23 lower; the maximum peak-to-trough
decline is 10.35 percentage points smaller. The purchased-fund expense ratios are 9.09 basis points lower for

advice-following purchases than for other post-advice purchases (Table E.4).

The differences between advice-following and other purchases are also visible when investors are grouped
by their pre-advice portfolio characteristics. Appendix Figure A.1 compares the two types of purchases
within these groups. It provides evidence that market betas tend to be lower for advice-following purchases
than for other post-advice purchases. Annualized volatility is also lower. Underlying asset HHI is lower
for advice-following purchases than for other purchases. The ETF/fund share of purchases is higher for
advice-following purchases. Relative Sharpe ratio loss is lower for advised purchase portfolios than for other
purchase portfolios. Comparisons are made within investor and response window. Appendix Figure A.1 also
addresses concerns about the sycophancy of generative Al advice in financial contexts: recommendations
differ from non-recommended investments along several dimensions, and similarly also differ from existing
portfolio holdings.

Advice-following purchases are more heavily allocated to diversified funds and carry lower fund fees

than other post-advice purchases. Table E.4 quantifies these differences. Transactions that match Al advice,
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relative to other post-advice purchases, are 36.34 percentage points more likely to be diversified funds, 40.86
percentage points less likely to be individual stocks, 10.66 percentage points more likely to be broad passive

equity funds, and have expense ratios that are 9.09 basis points lower.

4.3 Recommended Securities in Investor Portfolios

In addition to immediate adherence to advice, I examine whether advice accumulates in retail investors’
portfolios. Even if investors implement generative Al advice, adherence could be temporary and shifts in
allocations may not be economically meaningful. Securities introduced by Al appear in investors’ final
observed portfolios as well as in subsequent trades. Appendix Figure A.2 relates the share of final holdings in
these securities to time since first advice and cumulative interactions. Panel A plots the advised share against
cumulative interactions; Panel B plots it against days since first advice. At the final observed portfolio date,

30.6 percent of investors hold at least one ticker introduced to them by gen Al advice.

Heavier Al users hold a larger share of their portfolios in securities on which they have received advice.
Appendix Figure A.3 reports the same accumulation statistics for any ticker recommended by Al, including
securities the investor already held. Taken together, these figures provide descriptive ticker-level evidence that
investors hold securities introduced by generative Al. The evidence in this section complements the main
DiD estimates in Section 6 by linking transactions and holdings to recommendations received in specific

conversations.

S Empirical Strategy

The preceding sections provide descriptive evidence consistent with investors acting on Al recommendations.
However, this evidence does not provide a valid counterfactual: investors may have made the same or similar
investments without Al advice. I now examine the causal impact of Al advice on investment decisions using
two complementary difference-in-differences designs. The first exploits staggered variation in when users
begin interacting with the Al assistant. Users begin using the assistant between November 2024 and July
2026, and I observe up to two years of historical account data, enabling me to compare their investment
behavior before and after adoption. The second exploits two platform-side changes in the system prompt that
made the advice more explicit and actionable, in the sense that the share of advice recommending tickers first

increases sharply and then decreases.

The two designs are complementary in that they have different strengths and face different threats to
identification. The staggered DiD draws on adoption events distributed across users and calendar dates,

but users endogenously choose whether and when to adopt. The platform change design holds users’ prior
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selection into Al use fixed, but is more exposed to contemporaneous developments because the system prompt

changed on common calendar dates.

The results are consistent across the two estimation strategies. Both provide evidence that Al financial
advice shifts investment away from individual stocks and toward diversified, passive, low-cost funds. The
magnitudes also line up quantitatively across the two designs. Scaling the estimates by the corresponding
increase in exposure to diversified fund recommendations, both designs imply a similar increase in fund

investment per additional fund/ETF recommendation.

5.1 Staggered DiD

I examine the impact of Al adoption using a standard difference-in-differences regression, exploiting the fact
that the data provide historical transactions and portfolio details up to two years prior to a user signing up for

the portfolio tracking app and starting to use the Al financial assistant.

Yir = 0 + @; + BAlj; + €. 3)

As documented in Section 3.2, Al answers consistently favor passive funds over individual stocks across
financial topics and types of investor requests. Motivated by this finding, the main outcome variable, y;;, is the
share of new investment and portfolio holdings allocated to index funds and individual stocks for investor i in
calendar month ¢. Section 7 examines the implications of these allocation changes for portfolio diversification
and performance. The indicator Al;; equals one from the month in which investor i first uses the Al financial
assistant onward. Year-month fixed effects, ¢,, control for common, time-varying factors such as market-wide
shocks or tax season. Investor fixed effects, «;, control for time-invariant differences in investment behavior
across investors. Observations are investor-months, and I cluster standard errors by investor and calendar

month.

A rapidly growing literature has shown that two-way fixed-effects estimators can suffer from the “forbidden
comparison” problem in staggered DiD designs, where already-treated units are used as controls for later-
treated units (see Roth et al., 2023, for an overview). For example, improvements in AI models may lead
to higher initial effect sizes for later adopters, so that their treatment effects may be larger. To account for
this heterogeneity, I study the dynamic effects of Al adoption using the interaction-weighted (IW) estimator
proposed by Sun and Abraham (2021). My main estimates are robust to using other estimators introduced by
the literature on staggered difference-in-differences, including those of de Chaisemartin and D’Haultfceuille
(2020), Callaway and Sant’Anna (2021), and Borusyak, Jaravel, and Spiess (2024), as well as using traditional
two-way fixed effects OLS.
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Identification requires that, absent Al adoption, allocations to index funds and individual stocks would
have evolved in parallel among Al adopters and non-adopters. While this assumption cannot be directly tested,
I examine its validity in the pre-period by plotting the share allocated to passive index funds in Appendix
Figure C.1, comparing non-adopters with users that eventually adopt Al by the end of my data set in July
2026. The figure provides evidence that allocations are stable, with no clear pre-trend toward passive funds.
In addition, there is no statistically significant difference in average index fund allocations between adopters

and non-adopters before Al adoption, with a t-test of equal means yielding a p-value of 0.389.

The main identification concern with this design is selection into treatment. Al usage is not randomly
assigned, and the timing of Al adoption as well as the questions asked of the Al financial assistant are
endogenously chosen by users. I address this concern in two ways. First, Section 5.2 presents a complementary
identification strategy that exploits exogenous variation in the advice provided to existing Al users, induced
by platform-side changes in the system prompt. These changes hold users’ prior selection into Al use fixed
and provide variation in advice that does not depend on their individual adoption dates. Second, Section 9.2
provides additional evidence that the shift in investment toward funds is concentrated in funds that Al is most
likely to recommend. Selection based on a general desire to diversify could explain a shift from individual
stocks into funds, but would not by itself explain why purchases shift disproportionately toward the particular

funds favored by Al

5.2 DiD Using System Prompt Changes

Second, I provide additional evidence on the causal impact of Al advice on investment decisions, leveraging
an exogenous shift in the propensity of Al answers to provide ticker-level fund recommendations. I exploit
two revisions by the app provider to the system prompt supplied to ChatGPT and Gemini. A system prompt
consists of instructions and context supplied by the app to the language model, in addition to the investor’s own
question. In December 2025, the app provider revised these instructions to encourage concrete investment
advice that identifies specific tickers where possible. In January 2026, the app provider revised them again to
instruct the assistant to avoid recommending tickers. These changes hold users’ prior selection into Al use
fixed and provide variation in advice that does not depend on their individual adoption dates. The changes in
the system prompt alter the advice received by Al users but do not directly affect users who do not interact
with the assistant.

The platform changes create a sharp increase followed by a reversal in the frequency of explicit buy
recommendations. Figure 2 plots the share of Al answers containing explicit ticker buy recommendations
around these changes. The share of advice containing explicit ticker buy recommendations increases from a

weekly average of 18.0 percent before the change to 33.4 percent during the high fund advice period beginning
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in the calendar week of December 15, 2025, and then declines to 5.6 percent during the low fund advice

period beginning in the calendar week of January 12.

Share of answers (%)

0 T T T T T T
Sep Oct Nov Dec Jan Feb Mar
2025 2025 2025 2025 2026 2026 2026

Figure 2. Al answers containing ticker buy recommendations

Notes: This figure plots the share of Al answers containing explicit ticker buy recommendations around two changes in

the system prompt. The December 2025 change encouraged recommendations of specific tickers, while the January 2026

change instructed the assistant to avoid them, leading to a discrete increase and subsequent decrease in the share of answers

containing such recommendations.

The treatment group consists of users who had interacted with the Al financial assistant by September
2025. I compare changes in their ETF and fund share of purchases with those of the control group, consisting
of users who had not started using the assistant. The high fund advice period spans four calendar weeks, so
investors must use the assistant during this window to receive advice under those instructions. To ensure a
reasonable probability of receiving advice in the different treatment windows, I sort users on pre-September
2025 Al usage and compare the highest usage quartile (hereafter, Al users) with nonusers. To the extent that
investors’ demand for Al advice is persistent, those with higher prior usage are more likely to receive advice
under the different regimes.

I estimate the following difference-in-differences regression with individual and calendar-week fixed

effects:

Yiw = @; + 0,y + B (Al; x High,,) + B (AL X Low,,) + uj. 4

As in the staggered DiD, the main outcome variable, y;,,, is the share of new investment allocated to

passive ETFs and funds by investor i in calendar week w. The coefficients Sy and Sy, capture the changes
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in this share for Al users relative to nonusers during the high and low fund advice periods, respectively,

compared with the pre-period. Standard errors are clustered by individual and calendar week.

The identifying assumption is that, absent the shift in advice, Al users and permanent nonusers would
have followed parallel trends in fund allocations. As de Chaisemartin and D’Haultfeeuille (2026) discuss,
this assumption is more demanding in DiD designs where groups already differ in treatment status before
the change. In my setting, the effect of prior Al adoption must have stabilized over the period around the
system prompt changes, so that continued Al use does not itself generate differential trends in fund allocations.
Figure 3, Panel A provides supporting evidence for this condition: Al users increase the share of new
investment allocated to passive funds upon adoption, and this increase persists in subsequent months. The
main threat to identification in the DiD based on system prompt changes is that it relies on a narrow time
period, raising concerns about contemporaneous shocks affecting Al users differently from nonusers. This
concern is alleviated by the staggered DiD, since it estimates the treatment effect of Al adoption in different
calendar months and thus under different market conditions.

In addition to this simple DiD, I also estimate an instrumented DiD for each prompt change (see de
Chaisemartin and D’Haultfceuille, 2018, for a discussion of this methodology). An instrumented DiD is the
DiD of the outcome divided by the DiD of the treatment. In this setting, it scales the DiD estimate of the
change in fund investment by the change in the propensity of the Al to give fund recommendations in its
answers. Intuitively, this yields an estimate of the change in fund investment per percentage point change in
the fund recommendation rate. It corresponds to the usual 2SLS Wald estimator, which is simply the ratio of
the reduced form (i.e. the simple DiD estimate of the change in fund investment) to the first stage, which is

the change in the average rate of fund advice.

6 Main Results

6.1 Results from Staggered DiD

Figure 3 reports the Sun and Abraham (2021) event-study estimates for the monthly purchase share and
the month-end portfolio share. I find an immediate 7.08-percentage-point jump in the purchase share in
the adoption month. The portfolio change is more gradual as purchases accumulate. The shift in the net
passive fund share is less pronounced, consistent with sale decisions also being driven by tax and rebalancing

considerations.
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Figure 3. Passive fund shares after Al adoption
Notes: This figure plots the coefficients and 95% confidence intervals from event-study regressions of Al adoption on passive
index fund shares in monthly purchases and portfolio holdings, using the Sun and Abraham (2021) interaction-weighted
estimator. The dependent variable is the direct index fund share of the monthly purchase portfolio in Panel A and the direct
index share of portfolio holdings at month end in Panel B. Event time is measured relative to Al adoption. Standard errors
are clustered by both individual and calendar month.

AT adoption produces an economically sizable increase in the share of investment allocated to index
funds. Table 4 reports the average effects on purchases and holdings. Column (1) reports that, controlling for
calendar month and individual fixed effects, obtaining Al financial advice increases the share of monthly
investments going to direct-index funds by 7.60 percentage points, or 22.8 percent relative to the dependent

variable mean of 33.30 percent.
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The reallocation toward funds is also evident after accounting for sales and in month-end holdings,
alongside a decline in direct stock investment. Column (2) of Table 4 reports the estimated impact on the net
passive fund share, defined as fund purchases plus individual stock sales minus fund sales and individual
stock purchases, scaled by gross trading. The net passive fund share increases by 4.03 percentage points.
Column (3) reports the effect on direct stock purchases: the individual stock share falls by 5.88 percentage
points. Finally, columns (4) and (5) report the impacts on month-end equity holdings: the direct-index fund
share increases by 2.73 percentage points, and the individual stock share falls by 2.53 percentage points.

Table 4. Effects of Al adoption on investment allocation

Month-end portfolio

Monthly purchase portfolio .
holdings

Passive fund Net passive fund Individual stock Passive fund Individual stock

share share share share share
(D (2) 3) 4 )
Post-adoption effect 7.60" 4.03" -5.88" 273" -2.53"
(1.55) (1.95) (1.71) (0.68) (0.71)
DV mean 33.30 14.39 46.81 38.39 49.69
Observations 31,432 41,047 31,432 52,481 52,481
R? 0.61 0.36 0.63 0.90 091
Individual fixed effects Yes Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes Yes

Notes: This table presents the results of difference-in-differences regressions estimating the effect of Al adoption on investment
allocation. Columns (1)—(3) report effects on the direct-index fund share of purchases, the selling-inclusive net passive fund
share, and the individual stock share of purchases, respectively. Columns (4) and (5) report effects on the direct-index fund
and individual stock shares of month-end equity holdings. All columns use the Sun and Abraham (2021) estimator and
include individual and calendar month fixed effects. Observations are at the individual-month level. Standard errors are

double-clustered by individual and calendar month and reported in parentheses. *p < .10, **p < .05, **p < .01.

The increase in fund allocations leads to a complementary decrease in idiosyncratic volatility. This
matters because Al adoption could increase the diversified part of the purchase portfolio while also increasing
purchases of volatile individual stocks. The decline in purchase risk is robust across alternative measures of
idiosyncratic volatility, and purchased funds also have lower fees. Columns (1)—(3) of Table D.1 report the
alternative risk measures. Shifting from individual stocks to diversified funds lowers idiosyncratic volatility:
it falls by 13.6 percent using a U.S. market benchmark, 11.0 percent using the MSCI World Index, and 11.5
percent using Welch’s BSWA estimator. Column (4) reports the average volatility of stock-only purchases
with no statistically significant change. Column (5) reports the expense ratio of funds purchased, which
decreases by 3.57 basis points. Following Calvet, Campbell, and Sodini (2007), I also report the return loss of

the combined monthly purchase portfolio. It falls by 39.9 percent.
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Figure D.1 plots the distributions of purchase portfolio idiosyncratic volatility, total volatility, the passive
fund share of purchases, and fund expense ratios before and after Al adoption. Figure D.2 reports the Sun
and Abraham (2021) event-study estimates for the idiosyncratic volatility of purchases. Conditional on
purchasing individual stocks, I find no statistically significant change in their concentration, total volatility,
or idiosyncratic volatility (Table D.2). The estimated effects on fund expense ratios remain negative across
alternative estimators (Table D.3). These results provide evidence that the idiosyncratic volatility of new
purchases declines following Al adoption, consistent with the increase in fund investment. I find no evidence

of an offsetting increase in the risk of individual stock purchases.

6.2 Results from System Prompt DiD

I next turn to the second identification strategy, which exploits the system prompt changes described in
Section 5.2. First, Panel A of Table 5 reports changes in the share of Al answers recommending funds. Figure
2 shows the time series of the share of answers containing ticker buy recommendations, with vertical lines
indicating the two prompt changes. The first prompt change increased the average fund recommendation rate
from 18.9 percent to 34.2 percent, by 15.26 percentage points, as reported in column (2) of Panel A. The
second prompt change decreased the rate from 34.2 percent to 4.5 percent, by 29.72 percentage points, as

reported in column (4).

Second, Panel B of Table 5 reports the simple, reduced-form DiD estimates of the effects of the system
prompt changes on fund investment. Following the December 2025 change, which increased the fund
recommendation rate by 15.26 percentage points (Panel A), the fund share of new investment increases by
8.13 percentage points for Al users relative to nonusers, as reported in column (2) of Panel B. Following the
January 2026 change discouraging ticker-level recommendations, this share falls by 7.67 percentage points
relative to the preceding high-recommendation period, as reported in column (4) of Panel B. Both estimates
are statistically significant at the 1 percent level.

Finally, Panel C reports the instrumented DiD estimates. This estimate divides the change in fund
investment in Panel B, which is the reduced-form estimate of the effect of the prompt change, by the change
in the fund recommendation rate in Panel A, which is the first-stage estimate. Inference uses the usual 2SLS
standard errors. The resulting estimate of 0.533 in column (2) implies that an increase of one percentage
point in the fund recommendation rate increases the fund share of new investment by 0.533 percentage points,
and is significant at the 1 percent level. The joint F-statistic is 118.6, alleviating weak instrument concerns.

Figure 4 reports the corresponding event-study estimates around the increase in ticker-level recommen-

dations in Panel A and the subsequent decrease in Panel B. Fund purchases rise when Al provides more
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Table 5. System Prompt Changes, Fund Recommendations, and Fund Investment

Increase in recommendations Decrease in recommendations
December 2025 January 2026
(D 2 3 “4)
Panel A: First-Stage DiD on Fund Recommendation Rates
Post x Al user 15.26"" 15.26™" -29.72" —-29.72"
(3.30) (3.31) (3.23) (3.24)
R? 0.947 0.967 0.958 0.974
Panel B: Reduced-Form DiD on Fund Investment
Post x Al user 8.13" 8.13" -7.67° -7.67°
(1.97) (1.98) (2.23) (2.24)
R? 0.500 0.506 0.522 0.529
Panel C: Instrumented DiD on Fund Investment
2SLS estimate 0.533"™" 0.533"" 0.258™" 0.258"
(0.110) (0.110) (0.064) (0.064)
R? 0.499 0.505 0.523 0.529
Observations 11,434 11,434 7,824 7,824
Individual fixed effects Yes Yes Yes Yes
Calendar week fixed effects No Yes No Yes

Notes: Table reports difference-in-differences regressions of fund recommendation rates (Panel A) and fund investment (Panel B),
with 2SLS estimates in Panel C. Fund investment is the percentage of new investment allocated to ETFs and funds. Observations are
individual-calendar weeks. Post indicates weeks after the respective prompt change. Columns (1) and (2) report the effect of the
December 2025 increase in recommendations relative to the preceding period. Columns (3) and (4) report the effect of the January
2026 decrease relative to the high recommendation period. All specifications include individual fixed effects, with recommendation
period indicators in columns (1) and (3) and week fixed effects in columns (2) and (4). Standard errors are double-clustered by
individual and calendar week and reported in parentheses. The joint first-stage F-statistic for both prompt changes, estimated over the
full sample with individual and calendar week fixed effects, is 118.56. See de Chaisemartin and D’Haultfeeuille (2018) and Hudson,
Hull, and Liebersohn (2017) for the identifying conditions. *p < 0.10, **p < 0.05, ™*p < 0.01.

ticker-level recommendations and fall when these recommendations become less frequent. These results
complement the evidence from the staggered DiD and provide additional evidence that investors respond to

Al recommendations that encourage fund investment.
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Figure 4. ETF/fund investment shares around system prompt changes
Notes: This figure plots the estimated coefficients and 95 percent confidence intervals from event-study regressions around
the increase in ticker-level advice (Panel A) and the decrease in ticker-level advice (Panel B). The outcome is the share of
new investment allocated to ETFs and funds. Event time is measured in two-week intervals. Regressions include individual
and calendar week fixed effects. Standard errors are clustered by individual and calendar week.

An additional advantage of the instrumented DiD estimate is that it is more directly comparable to the main
staggered DiD estimate after similarly scaling the fund investment response for the overall sample in the main
staggered adoption design. The main staggered DiD estimate implies a 7.6 percentage point increase in fund
investment after Al adoption. Across all adoption months, the weighted share of fund advice is 18 percent,
naturally increasing from zero before Al adoption. Thus, using this increase to scale the main staggered DiD
estimate yields 7.6/18 = 0.422 percentage points. This scaled response therefore is comparable in magnitude
to the main instrumented DiD estimate for the December increase, which implies a 0.533 percentage point
increase in fund investment per percentage point increase in Al fund advice. Both empirical strategies thus
yield comparable effect sizes when scaled by the respective changes in fund recommendation rates, providing
causal evidence that Al advice shifts investment toward funds. Section 7 will discuss the implications of this

shift for diversification and investment performance.

6.3 Heterogeneity by Portfolio Characteristics

The robo-advice literature provides evidence that investors with less diversified portfolios tend to benefit
more from advice (D’Acunto, Prabhala, and Rossi, 2019; Rossi and Utkus, 2024). I explore whether this
also applies to generative Al advice. I sort individuals into quintiles of pre-Al fund shares. Table 6 reports
how the effect varies across quintiles. I find that the estimated effect of generative Al advice adoption on

the index fund purchase share is strongest for the bottom two quintiles. This result is consistent with the
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idea that individuals with lower initial fund shares have more scope to benefit from advice that encourages
diversification. Section 7.1 examines how the gains from diversification vary with investors' pre-Al portfolio
diversification.

Table 6. Heterogeneity by pre-Al fund share

Ql Q2 Q3 Q4 Q5

Index fund purchase share
Post-adoption effect 7457 14357 6.82"" 399 1.04
(1.81) (2.53) (2.49) (2.68) (1.98)

Notes: This table reports estimates for the effects of Al adoption on the index fund purchase
share by pre-Al fund share quintile. Individuals are grouped into quintiles based on their
pre-Al fund share, with group assignments held fixed. All columns report estimates using
the Sun and Abraham (2021) estimator. Coefficients and standard errors are expressed in
percentage points. Standard errors are clustered by both individual and calendar month and

reported in parentheses. *p < 0.10, *p < 0.05, **p < 0.01.

6.4 Robustness

In this subsection, I conduct a number of robustness tests of the main results. First, I provide evidence that my
main result is robust to using different staggered difference-in-differences estimators. Table D.4 reports the
main estimates using Sun and Abraham (2021), stacked DiD, Callaway and Sant’Anna (2021), Borusyak et al.
(2024), de Chaisemartin and D’Haultfceuille (2026), and traditional two-way fixed effects. The coefficients
for the monthly purchase portfolio remain economically and statistically significant and of similar magnitude.
The net passive fund share estimates are also positive and statistically significant in three of the four available
specifications. The estimates for the month-end portfolio share remain positive but are smaller and less

precisely estimated.

Second, I examine robustness to different passive fund definitions. Table D.5 reports estimates using the
direct-index and CRSP B/D/E index fund definitions. The estimates for both the monthly purchase portfolio

and the month-end portfolio remain positive and similar under the narrow and broad definitions.
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Third, I examine an alternative to the staggered DiD estimation. Carlin et al. (2023) use the release of a
mobile financial application in intention-to-treat and DiD specifications to study how easier access to financial
information affects consumer financial decisions. I replicate this approach by using the November 2024
introduction of the Al assistant on Mezzi as the common start-of-treatment date. I compare changes in fund
purchase shares between investors who begin using Al within nine months of launch and investors who do
not. The plot in Appendix Figure D.3 indicates an increase in fund purchase shares among Al users relative
to nonusers. Panel A plots the weekly difference in fund purchase shares between the two groups. Panel B

reports the event-study estimates.

Fourth, I examine robustness to the minimum activity required in a month. Table D.6 reports estimates
using every positive purchase month and purchase requirements of 0.1 and 0.5 percent of the opening portfolio.
The estimated increase in the passive fund purchase share remains positive and statistically significant under

each requirement.

Finally, I provide evidence that the average treatment effect is not skewed by a single adoption cohort.
Table D.7 and Figure D.4 report treatment effects for early, middle, and late adopters under two cohort
definitions. The first defines cohorts by dividing the months since November 2024 when the Al assistant was
introduced into equal periods. This keeps the duration of the adoption windows fixed but allows the number
of adopters to vary. The second defines cohorts by dividing into groups of approximatley equal numbers
of adopters. This balances cohort size but allows the calendar span to vary. Although later cohorts exhibit
somewhat larger point estimates, the estimates are positive across both groupings, and the equality tests do

not reject the hypothesis that the three cohort effects are the same.

7 Welfare Implications

Section 6 provides evidence that investors shift both their monthly investments and portfolio allocations
towards ETFs, particularly the diversified index funds most likely to be recommended by Al (Section 3). A
natural next question is how this shift towards index funds benefits investors. In this section, I examine the

implications of Al adoption for diversification and investment performance.

7.1 Gains from Diversification

The shift toward diversified index funds examined in Section 6 may improve investors’ portfolios by reducing
under-diversification, one of the investment mistakes discussed in household finance (Campbell, 2006;
Campbell and Ramadorai, 2026). This section analyzes the effect of Al adoption on portfolio efficiency using

measures introduced by Calvet, Campbell, and Sodini (2007).
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I first consider the return loss, that is, the average return individuals lose by choosing their actual portfolio
rather than a position combining the benchmark portfolio with cash to achieve the same risk level (see
equation (10) in Calvet et al., 2007).* Graphically, return loss is the vertical distance from an investor’s
portfolio to the efficient frontier at the same level of risk. Before Al adoption, investors in my sample have an
average annual return loss of 236 basis points, as reported in column (1) of Panel A in Table 7, comparable in
order of magnitude to the 175 basis points reported for Swedish households’ risky portfolios by Calvet et al.
(2007) and 131 basis points reported for U.S. investors in 401(k) accounts by Tang et al. (2009).

Overall, the estimates reported in Table 7 provide evidence that Al adoption leads to more diversified
portfolios and improved outcomes. The second column of Panel A in Table 7 reports the simple difference
in this measure before and after Al adoption: annual return loss falls by 46.2 basis points. This means that
investors forgo 19.5 percent less expected return relative to an efficient portfolio with the same level of risk.
Panel B reports staggered DiD estimates, following Section 6. I find a negative and statistically significant
effect of Al adoption on the return loss, of similar magnitude to the simple difference: column (2) of Panel B

reports an overall reduction of 43.2 basis points, significant at the 5 percent level.

I report estimates of the effects of Al adoption on two other measures of portfolio risk, the Sharpe ratio
and the portfolio idiosyncratic risk share. The portfolio idiosyncratic risk share is the share of portfolio
variance that can be attributed to idiosyncratic risk, as opposed to systematic risk, and is calculated following
equations (1) to (3) in Calvet, Campbell, and Sodini (2007).

To give a sense of the economic magnitudes of the effects, I compare the overall 43.2 basis point reduction
in Table 7 with the return loss differences across financial numeracy groups reported by von Gaudecker
(2015). Annual return losses are 44 basis points lower among investors at or above the median numeracy
score than among those below it. Thus, the overall post-Al reduction in the return loss is comparable in

magnitude to the difference between the low and high financial literacy groups.

There is significant heterogeneity underlying these results, with less diversified investors experiencing
more diversification benefits. I define less diversified investors as those with annual return loss above the
median in the last month before Al adoption. In terms of the main return loss measure, less diversified
investors reduce their return loss by 101 basis points from a pre-adoption mean of 407.2 basis points (columns
(3) and (4) of Panel B in Table 7). This is a 24.8 percent reduction, significant at the 1 percent level. By
comparison, the effect for the more diversified half of investors is not statistically significant, as reported in

column (6). Figure 5 additionally plots the Sun and Abraham (2021) event-study effects on return loss for the

4T follow Calvet, Campbell, and Sodini (2007) and assume that assets are priced according to an international CAPM, using the
MSCI World Index as a proxy for the market portfolio. Returns are defined in excess of the return on a one-month U.S. Treasury bill.
For ETFs and mutual funds, fees are subtracted before calculating returns. Return loss is L;; = 0y (Sp — Sir), where o7, is annual
portfolio volatility, S;; is the portfolio Sharpe ratio, and Sy, is the benchmark Sharpe ratio.
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Table 7. Portfolio efficiency: raw changes and staggered DiD estimates

All investors Less diversified More diversified

Measure 11:31 Change l:i_ﬁll Change I:g;?ll Change
(1) (2) (3) 4) Q) (6)
Panel A. Raw differences (after minus before)
Return loss (annual bp) 236.32 —46.20%** 439.97 —100.24** 22.42 10.56*
(10.59) (20.94) (5.08)
Annual volatility (%) 24.63 —1.14*** 30.22 -2.36"** 18.76 0.14
(0.25) (0.46) (0.15)
Relative Sharpe loss (%) 11.65 —1.63** 20.80 —3.95"* 2.03 0.81*
(0.35) (0.64) (0.39)
Sharpe ratio 0.5079 0.0094*** 0.4553 0.0227*** 0.5631 -0.0047*
(0.0020) (0.0037) (0.0023)
Idiosyncratic risk share (%) 19.95 —2.41" 35.12 —6.04" 4.01 1.41*
(0.53) (0.96) (0.64)
HHI (0-100) 12.58 —2.63*** 22.74 —5.87"** 1.91 0.78
(0.59) (1.07) (0.59)
Panel B. Staggered difference-in-differences
Return loss (annual bp) 214.88 —43.18"* 407.20 —-101.06*** 22.55 17.55
(19.57) (25.63) (17.60)
Annual volatility (%) 24.18 -1.16"* 29.56 -2.50"** 18.81 0.28
(0.47) (0.57) (0.45)
Relative Sharpe loss (%) 11.05 -1.18* 20.03 —3.58" 2.07 1.37%
(0.62) (0.74) (0.62)
Sharpe ratio 0.5113 0.0068* 0.4597 0.0206*** 0.5629 -0.0079**
(0.0035) (0.0043) (0.0036)
Idiosyncratic risk share (%) 19.05 -1.79* 34.03 —5.52%* 4.07 2.21*
(0.91) (1.07) (0.93)
HHI (0-100) 11.67 —1.88" 21.65 =531 1.69 1.74*
(0.99) (1.19) (1.02)

Notes: Panel A of this table reports raw changes from the last month before Al adoption to the last observed month between 6 and 9
months after Al adoption. Panel B reports Sun and Abraham (2021) estimates. SEs are two-way clustered by investor and calendar
month. Changes in percentage measures are percentage points; Sharpe ratios are unscaled. *p < 0.10, **p < 0.05, **p < 0.01.

less and more diversified halves of investors, based on their diversification before Al adoption.

7.2 Generative Al vs Other Technological Innovations

Overall, the estimates reported in Section 7.1 provide evidence that Al adoption leads to more diversified

portfolios and improved efficiency, especially among less diversified investors. I next compare the economic

effects of generative Al adoption to those of other technological innovations studied in the literature. These

technological innovations range from broadband internet and smartphones, which are general purpose
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Figure 5. Effects of Al adoption on return loss by initial diversification
Notes: This figure plots event-study estimates for reductions in annual return loss following Al adoption, separately by
initial diversification. Return loss is measured following Calvet, Campbell, and Sodini (2007), using the MSCI World as the
benchmark. Groups use median annual return loss before Al adoption, as in Table 7. Bars indicate 95 percent confidence
intervals. Standard errors are double-clustered by individual and time. Positive values indicate lower annual return loss.

technologies, to robo advisers explicitly built to optimize and outsource investment decision making.

The effects of general purpose technological innovations documented in the literature are mixed. Exploiting
variation in broadband internet rollout in Norway, Hvide et al. (2024) find that internet access increases
investment in equity funds and improves portfolio efficiency, which they argue may reflect easier access to
information about sound portfolio allocation principles. For smartphones, on the other hand, Kalda et al.
(2024) find more purchases of assets that do not improve diversification and lower Sharpe ratios, which they
link to greater reliance on automatic and intuitive thinking.

The literature provides evidence that robo-advising, as a technology purpose-built to construct and
maintain diversified portfolios, improves portfolio diversification and efficiency (see D’Acunto and Rossi
(2023) for a literature review). The effects vary depending on the type of robo advisor. Rossi and Utkus
(2024) study Vanguard’s robo-advice service, where investors fully delegate portfolio management, and find a
strong increase in the share of mutual fund holdings invested in index funds. By comparison, D’Acunto et al.
(2019) study a portfolio optimizer in India that requires investor approval and find an increase in the number
of stocks and lower portfolio volatility among initially less diversified investors.

Overall, my estimates for the effect of generative Al adoption on fund allocation and portfolio efficiency
among initially less diversified investors lie between those reported for broadband internet and robo-advising.
Appendix Table G.1 compares the main estimates with those found for broadband internet (Hvide et al., 2024),

mobile phone trading (Kalda et al., 2024), and robo-advice (Rossi and Utkus, 2024). Among initially less
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diversified investors, the index fund share of equity holdings increases by 4.8 percentage points, compared
with 3.1 percentage points for the equity fund share following broadband expansion and 35 percentage points
for the index fund share of mutual fund holdings following adoption of Vanguard’s adviser, which fully
rebalances investors’ portfolios. The Sharpe ratio increase likewise exceeds that reported for broadband
internet but is smaller than that reported for robo-advice.

Apart from effect size, another useful dimension along which to compare generative Al adoption is the
extent of adoption. Generative Al, while still expanding, has been adopted faster than the internet and the
personal computer (Bick et al., 2026; Lynch, 2026). As of 2026, surveys report that 54—70 percent of investors
have used Al to obtain investment information or support financial decisions (Opinium, 2026; Amundi, 2026).
While robo-advice can be highly effective, its use remains limited: in a 2026 Gallup survey, 3 percent of U.S.
adults who sought financial guidance in the previous year used a robo adviser (Kemp, 2026). Overall, the
results above suggest that the rapid adoption of generative Al may bring investment choices more in line with

the advice from portfolio theory and improve diversification for retail investors who adopt this technology.

8 Personalization of AI Answers

8.1 Who Takes Advice, and Why?

Sections 6 and 7 provide evidence that investors shift their portfolios towards funds following Al adoption,
thereby improving diversification, consistent with the emphasis on index fund investing and diversification
in Al answers. Overall, the shift toward funds and improvement in diversification contrast with the limited
changes in behavior documented in other settings: Bhattacharya et al. (2012) report that only about 5 percent
of investors offered free, unbiased advice obtain it, and the average advisee does not improve portfolio
diversification.

This is consistent with a wider behavioral literature providing evidence that it is difficult to change
behavior. Fernandes, Lynch, and Netemeyer (2014) find that the effects of financial education on behavior
are small, even for programs involving many hours of instruction. This raises the question of what features
of generative Al advice lead to the immediate and persistent shift documented in Section 6. Section 8.1.1

examines the effect of personalization on implementation.

8.1.1 Personalization

Personalization is one of the key mechanisms explored in the nudge literature as a way of altering people’s

behavior (DellaVigna and Linos, 2022). At the same time, a key feature of generative Al chatbots is their
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ability to tailor answers to the user’s circumstances. In my setting, Al answers can be personalized using
two sources of information about the investor: information provided directly through current or previous

conversations and portfolio information supplied by the platform.

I begin by constructing two alternative measures of personalization. First, I use a quantitative measure
that counts personalization details. Second, I use a qualitative measure in which an open-source LLM assigns
an overall personalization score. The counted details cover portfolio state and life details. Portfolio state
covers current financial facts, such as holdings, allocation, concentration, cash balances, and account structure.
Life details describe personal circumstances, such as age, employment, dependents, or retirement status. The
Online Appendix reports the classification prompt. Appendix H provides examples of both measures. The

correlation between the detail counting measure and the LLM categorization measure is 0.75.

Personalization primarily draws on portfolio information of the kind supplied by the platform. Portfolio
details account for 85.3 percent of the personalization details, as reported in Appendix Table H.1. Using these
measures, I examine whether investors are more likely to implement recommendations in more personalized

Al answers.

I start by estimating a simple linear probability model relating implementation to personalization:

quz = +,3Piqz + Cigt» )

where I;,, denotes implementation of the recommendation in answer g received by investor i on date ¢, and
P;4: denotes personalization in that answer, expressed in standard deviation units. «; denotes investor fixed
effects. As in Section 4, implementation is a dummy variable equal to one if the investor buys at least one
recommended ticker within ten trading days of the answer. The coefficient § measures the association between

personalization and the probability that the investor implements the recommendation.

More personalized answers are more likely to be implemented under both measures of personalization,
including after accounting for investor and month fixed effects. Appendix Table H.2 reports the regression
estimates. The sample is restricted to ETF/fund recommendations, which account for 89% of ticker-level
recommendations. Panel A reports results for the LLLM-generated measure, and Panel B for the number of
personalization details. In the pooled specification, a one-standard-deviation increase in personalization is
associated with a 5.64-percentage-point higher implementation rate for the LLM score and a 3.50-percentage-
point higher rate for the detail count. The positive association is robust to adding investor and month fixed
effects. Investor fixed effects control for persistent differences in investors’ tendencies to trade and implement
recommendations, while month fixed effects control for conditions common to investors receiving answers in

the same calendar month, including market conditions. With both sets of fixed effects, the corresponding
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associations are 3.24 and 1.86 percentage points.

Figure 6 illustrates this relationship. The positive association remains after controlling for investor and
month fixed effects: a one-point increase in the personalization score is associated with a 1.56-percentage-point

increase in implementation (standard error 0.34).

A. Bivariate relationship B. Investor and month FEs
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S !
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Implementation, residualized (pp)
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Personalization score Personalization score, residualized
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Implementation within ten trading days (%)

Figure 6. Personalization and implementation within ten trading days
Notes: Panel A plots average advice implementation rates within ten trading days by personalization score. Panel B plots
the same relationship after controlling for investor and calendar month fixed effects.

There are several reasons for this regression to be biased. In particular, investors’ skill at using Al, the
types of questions they ask, and unobserved investment intentions may affect both the personalization of
answers and whether advice is followed. While the descriptives provide evidence that most personalization
draws on portfolio information of the kind supplied by the platform, investors’ questions may still influence
how this information is used in an answer. For instance, an investor who already intends to trade may provide
more personal information or ask a more specific question, eliciting a more personalized answer.

To address these concerns, investor fixed effects account for stable differences across investors, including
differences in general cognitive ability and the propensity to act on recommendations. To account for
experience with Al I also control for the investor’s number of previous interactions. Question type controls
distinguish information requests from advice and action requests, while topic controls account for changes in
the financial subjects investors ask about. Additional controls include the log of the question token count and
the number of named securities. I also include day-of-week fixed effects and control for purchases and sales

during the 30 calendar days before the question.

The positive relationship between personalization and implementation remains after controlling for
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question characteristics, Al experience, and prior trading. Column (2) of Table 8 reports the OLS estimates
with these controls. With the full set of controls, a one-standard-deviation increase in personalization is
associated with a 2.92-percentage-point higher implementation rate for the LLM measure and 1.83 percentage
points for portfolio details. Both estimates remain positive after adding controls to column (1), which includes
only investor fixed effects. Portfolio details remain positively associated with implementation when portfolio

and life details enter jointly (Appendix Table H.3).

While it is reassuring that the personalization effect is driven by portfolio details, which are supplied by
the app rather than by the user, the concern of skill-based differences is only partially addressed by controlling
for previous Al usage. An ideal empirical setup to estimate the causal effect of personalization would be if
investors were randomly assigned to LLMs giving different levels of personalized advice in order to obtain

exogenous variation in personalization.

To approximate this setup, note that a significant improvement in LLM generations over my sample
period concerns their ability to handle long contexts. This improvement can affect the level of portfolio
personalization, since that relies on processing long financial context. Appendix Figure H.1 provides evidence

that implementation rates have increased along with personalization.

I thus use assignment to different models, which depends on time, to instrument for portfolio personalization.
I estimate the effect of portfolio personalization on implementation using two-stage least squares (2SLS). As
in the dummy instrument formulation described by Goldsmith-Pinkham et al. (2026), 2SLS combines the
model indicators into a single predictor, obtained from the first-stage regression of portfolio personalization

on these indicators, controls, and investor fixed effects. The first-stage regression is

M
Pig: = Z TmZmigr + X;qtd + i + Vigrs (6)

m=2
where Z,,;q; = 1{M;4, = m} indicates that model m generated the answer, and M;,, is the model category.
The model indicators include GPT-4, GPT-4.1, GPT-5, GPT-5.2, and the Gemini 3 and 3.1 model. X;,;
contains the controls described above, and y; denotes investor fixed effects. In the second stage, I use the
fitted value ﬁiq, in place of P;4,. Both stages include the same controls and investor fixed effects and use the

same observations.

Identifying Assumptions. Whether the model indicators can be used as valid instruments for variation in
personalization hinges on the standard relevance and exclusion restriction assumptions of the IV framework.
Evaluating the relevance assumption, Appendix Table H.4 reports first-stage estimates of a regression of
personalization on different model indicators, i.e., each model is represented by an indicator. The model

indicators strongly predict portfolio personalization, with a Montiel Olea and Pflueger (2013) effective
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F-statistic of 44.23 in the baseline specification (Panel B of Table 8), exceeding the critical value of 18.29 and
relieving concerns about weak instruments. The first-stage estimates change little when I include controls
for question characteristics, previous Al interactions and pre-advice trading activity, and day-of-week fixed

effects.

The exclusion restriction requires that model identity affect implementation only through personalization.
While the exclusion restriction is not directly testable, the main concerns about it can be examined empirically
in this case. In particular, the rich textual data allow for additional tests of other features of Al answers
that may have changed across models. The key concerns are changes in the recommendations themselves
(e.g., it is possible that models suggest tickers that are popular or get better at suggesting tickers that an
investor is likely to buy) and substantive changes in the arguments for investments (e.g., an emphasis on
diversification or simplicity), rather than in the qualitative nature of how the arguments are given in terms of
personalization. Question characteristics predict actual personalization but do not jointly predict the assigned

model’s personalization tendency, conditional on investor fixed effects and prior activity.

Results. The IV comparison focuses on variation in personalization predicted by model assignment, while the
OLS estimates provide a benchmark. Table 8 reports the results from estimating Equation (5). In columns
(1)-(2), I present the OLS estimates for comparison purposes. Columns (3)—(4) report results when using the
model indicators to instrument for portfolio personalization in the first-stage regression. Appendix Table H.4

presents first-stage results for the same sample.

Since column (4) accounts for stable differences across investors and observable differences in question
characteristics, experience with Al and pre-advice trading activity, as well as day-of-week effects, it is my
preferred specification. In this column, a one-standard-deviation increase in portfolio personalization (3.04
details) corresponds to an 11.87-percentage-point increase in implementation, with a standard error of 3.91,
compared with an OLS estimate of 1.83 percentage points. The IV estimate is equivalent to 27.5 percent of

the sample mean implementation rate of 43.14 percent.
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Table 8. Personalization and implementation: OLS and IV

Dependent variable: implementation (percentage points)

OLS 2SLS
ey @) 3) )
Investor FE Full controls Investor FE Full controls

Panel A. Qualitative LLM measure
Personalization 3.56" 2,92 6.82"" 8.01""

(0.82) 0.79) (2.83) (2.62)
R? 0.26 0.27 0.25 0.26
First-stage F' (clustered) — — 49.63 92.82
MOP effective F — — 95.85 165.94
Panel B. Detail counting measure
Personalization 2.24™ 1.83 10.29™ 11.87"

0.77) (0.80) (4.25) (3.91)
R? 0.25 0.27 0.23 0.24
First-stage F' (clustered) — — 42.73 64.10
MOP effective F — — 35.74 44.23
Investor fixed effects Yes Yes Yes Yes
Topic fixed effects No Yes No Yes
Day-of-week fixed effects No Yes No Yes
Other question / experience controls No Yes No Yes
Prior 30-day purchases and sales No Yes No Yes
DV mean (%) 43.14 43.14 43.14 43.14

Notes: This table reports estimates for the relationship between personalization and advice implementation using the regression specification
in Equation (5). Columns (1)—(2) report OLS estimates, and columns (3)—(4) report 2SLS estimates using model indicators as instruments for
personalization. Panel A measures personalization using the qualitative LLM score, and Panel B uses the number of portfolio details. The dependent
variable indicates whether the investor buys at least one recommended security within ten trading days of the answer. Coefficients are expressed in
percentage points per standard deviation of personalization. All columns include investor fixed effects. Columns (2) and (4) include the additional
controls listed in the table. MOP denotes the effective first-stage F'-statistic of Montiel Olea and Pflueger (2013). Standard errors are clustered by
investor and answer date and reported in parentheses. *p < 0.10, ™ p < 0.05, **p < 0.01.

8.2 Financial Vocabulary in Subsequent Prompts

In addition to personalization, I find suggestive evidence that investors learn from interacting with generative
Al financial terms used in Al answers are more likely to appear in investors’ subsequent prompts, including
in later conversations. Whether Al helps individuals acquire knowledge, beyond providing answers to
their immediate questions, is a central issue in the literature on Al and learning (Brynjolfsson et al., 2025;
Bastani et al., 2025). I examine one potential indication of learning: whether individuals subsequently use
financial concepts introduced by generative Al in their own questions. To do so, I estimate the effect of Al
introducing a financial concept on subsequent prompts by investors. I estimate the following regression at the

individual-concept—conversation level:

Yic,j+l = ﬁAIIntrol-Cj + @ + Ty(j) + Eicjs (7)

The outcome variable, Y. j+1, equals one if individual 7 uses concept c in the first prompt of conversation
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J + 1. My main variable of interest is Allntro;. ;, an indicator that equals one if generative Al uses the concept
in conversation j before the individual has used it in that or any earlier conversation. I include individual fixed
effects, «;, and calendar week fixed effects, 7, (), where w(j) denotes the week of conversation j. Standard

errors are double-clustered by individual and time.

For each individual and concept, the sample retains conversations until the first observed use by either
the individual or Al I group different forms of the same word under one concept. The main estimates pool
four concepts: fund, allocation, diversification, and index. I add volatility, concentration, and risk for the

concept-specific examples in Panel B of Appendix Table I.1.

Panel A of Appendix Table I.1 provides evidence that Al introduction is positively associated with
subsequent use of financial concepts. After controlling for individual and calendar week fixed effects, the
estimated coefficient is 1.98 percentage points (standard error 0.61), compared with an outcome mean of
4.67 percent. The coefficients decline with the inclusion of fixed effects, but remain positive and statistically

significant.

The association between Al introduction and later vocabulary use varies across financial concepts.
Panel B of Appendix Table 1.1 reports the concept-specific estimates. The coefficients on fund, allocation,
diversification, and risk are positive and statistically significant. In contrast, the coefficients on volatility and

concentration are negative and statistically significant.

I also examine a systematically selected vocabulary to assess whether the analysis depends on the initial
choice of financial concepts. Appendix Table 1.2 reports this alternative selection. It retains only terms that
appear at least three times as often in Al answers as in prompts and that appear in at least 10 percent of Al
answers. Appendix Table 1.3 reports the retained financial terms that meet these criteria. Panel A reports the

prevalence of selected financial terms in Al answers and prompts.

9 AI Adoption and the Concentration of Investment Demand

Section 7 provides evidence that individual investors may benefit from the adoption of generative Al as a
new information technology by democratizing access to advice consistent with portfolio theory. While Al
adoption may thus improve individual investors’ portfolios through a shift towards low-cost index investing,
a separate question is how this adoption may change cross-sectional variation in investment behavior and
what this may imply for asset markets. This question relates to the literature on the role of retail trades in
financial markets, which has examined noise trading (De Long et al., 1990), herding (Barber et al., 2009), and
attention-driven buying (Barber and Odean, 2008; Barber et al., 2022).

In this section, I examine the concentration of Al recommendations and its implications for investment
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demand. I first compare the concentration of fund recommendations with the concentration of assets within
Lipper categories. I then provide evidence that, after adoption, investors allocate a larger share of monthly

investment to the most widely recommended funds, including within fund investment.

9.1 Concentration in investment recommendations

LLMs have been described as next token predictors or “stochastic parrots.” Although these characterizations
provide an incomplete account of their capabilities, it remains true that their responses can concentrate on a
limited set of alternatives, even when many answers are possible. Post-training can reinforce this tendency
while improving the quality of individual responses (Lin, 2026; Chen et al., 2026). As a result of this feature,
LLMs tend to exhibit homogeneity when making recommendations, a feature that, e.g., Allouah et al. (2025)

document in the context of simulated online shopping.

Homogeneity can be a desirable feature: factual questions often have one correct answer. Financial
information may also be a setting where most questions have an answer that is either factually correct or
correct in the sense that it is consistent with academic portfolio theory. However, the choice homogeneity
documented in other product recommendation settings may have adverse implications in financial markets by
increasing the concentration and correlation of demand. In the context of retail trading on Robinhood, Barber
et al. (2022) document that the app’s stock displays lead to correlated retail demand, which can cause price

pressure and subsequent negative abnormal returns.

It is thus useful to start by documenting to what extent the product homogeneity is present in LLM
answers to financial questions. To examine the concentration in ticker-level recommendations, I first identify
the 10 tickers which were recommended to the most investors by each ChatGPT and Gemini model in my
dataset from October 2024 to July 2026. For each of these, I calculate the share of investors receiving a
recommendation to buy this ticker as the number of investors that received a given ticker-level recommendation
divided by the total number of investors who received ticker-level recommendations during the time a given
Gen Al model was in use. Appendix Figure J.1, Panel A, provides evidence that the recommendations are
highly concentrated: across models, the top 10 most commonly recommended tickers are recommended
to 71.5 percent of investors receiving ticker-level recommendations, on average. VTI is the most widely
recommended ticker for six of the seven models when ranked by distinct investors, consistent with the broad

market index focus of recommendations discussed in section 3.2.

A natural question to ask is how the concentration of recommendations on certain funds compares
to how much market share those funds have within their Lipper categories, that is, can the concentration

simply be explained by these tickers being the most popular within their category? To do so, I compare
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recommendation concentration with the concentration of AUM within the ten largest Lipper categories by
total fund AUM. Specifically, I define s; as fund i’s share of all distinct investor ticker recommendations or
total AUM in its category and calculate HHI = }}; s% separately for each distribution. I also calculate top three
and top ten shares alongside the HHIs, using investor ticker recommendations. I rank funds separately by
recommendations and AUM within each category. Differences are recommendations minus AUM, expressed

in percentage points for the top shares; HHIs and their differences are reported without scaling.

I find that recommendations are more concentrated than fund assets within Lipper categories. In terms of
magnitudes, the mean HHI for recommendations is 0.3690, approximately 2.9 times the AUM index of 0.1263.
The difference of 0.2427 is statistically significant at the 1 percent level. Recommendation concentration
exceeds AUM concentration in all seven models. For example, within the Lipper Multi-Cap Core Funds
category, VTI accounts for 53.9 percent of investor ticker recommendations, compared with 15.8 percent of

category AUM.

The top three funds account, on average, for 82.4 percent of investor ticker recommendations within Lipper
categories, compared with 49.1 percent of category AUM for the three largest funds. The corresponding top
ten shares are 99.1 percent for recommendations and 75.1 percent for AUM. Both differences are statistically

significant at the 1 percent level.

In summary, this analysis provides evidence that the feature of recommendation homogeneity extends to
financial advice. Note that this homogeneity in ticker recommendations is particularly interesting given that
these tickers are extracted from answers to a variety of questions asked by different investors, as described in

section 3.1.

9.2 Concentration in recommendations and fund purchases

The previous section documents ticker-level homogeneity in LLMs’ investment recommendations. I next
investigate whether the recommendations translate into increased investment concentration in the Al-preferred

tickers for Al adopters.

To do so, I first repeat the main staggered DiD specification restricting the purchase numerator to the top
20 fund recommendations (all of which are passive index funds). After Al adoption, the share of monthly
investments in the top 20 Al recommended funds increases by 4.81 percentage points, as reported in column (2)
of Table 9. For the top ten funds, the increase is 3.02 percentage points. Comparing the top twenty increase
to the overall 7.6 percentage point increase in passive index investing discussed in section 6.1, this implies
that the increase in only the top 20 funds accounts for 63.3% of the increase in passive index investing among

Al adopters.
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One concern with this comparison is that the increase in purchases of the top twenty recommended funds
could reflect an overall shift toward fund investing without a change in the composition of the funds users buy.
I thus additionally examine whether the share of the top 20 Al recommendations also increases within new
monthly fund investments only. Indeed, this share rises by 7.19 percentage points, as reported in Table 9,
column (3), indicating a shift toward these particular funds within fund investing. The corresponding increase
for the top ten funds is 4.94 percentage points. Appendix Figure J.2 plots the changes around Al adoption in
the top 20 share (Panel A) and their share within fund investment (Panel B).

Finally, I examine the HHI in terms of ticker-level investment, abstracting from the diversification benefits
provided by funds, as discussed in Section 7, to investigate whether investment is concentrated in fewer
securities. This is reported in column (4) of Table 9. The HHI increases by 2.98 points on a scale from 0 to
100 after AI adoption (standard error 1.31), indicating more concentrated purchases across tickers.

Overall, these results suggest that Al adoption may concentrate retail investment in Al recommended
securities. Given widespread adoption, this may have implications for financial markets and the changing
role of retail investment by both reinforcing the shift towards passive index fund investing and concentrating
investment in a small set of commonly recommended funds.

Table 9. Al adoption and the composition and concentration of monthly investment

Monthly fund Monthly

Monthly investment ) )
investment  investment

Passive fund  Top 20 Top 20 Ticker HHI
share fund share  fund share (x100)
(D 2 (3) “4)
Post-adoption effect 7.60"" 481" 7.19" 2.98"
(1.55) (1.28) (1.26) (1.31)
DV mean 33.30 13.54 25.59 38.69
R? 0.61 0.48 0.48 0.55
Individual fixed effects Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes

Notes: This table reports estimates for changes in the composition and concentration of monthly
investment after Al adoption using Sun and Abraham (2021). Columns (1) and (2) report passive
fund and top twenty fund shares of monthly investment. Column (3) reports the top twenty share
within monthly fund investment. Column (4) reports the HHI of monthly investment multiplied
by 100, treating each fund as one security. Investment shares are in percent. Standard errors are
clustered by individual and calendar month and reported in parentheses. Significance levels:
*p <0.10,™p < 0.05, **p < 0.01.
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10 Conclusion

Generative Al has become one of the most rapidly adopted technologies. This rapid adoption extends to
financial advice, with a recent Investing.com survey reporting that nearly two-thirds of U.S. retail investors
have used generative Al tools to assist with investment decisions (Investing.com, 2026). This paper offers
the first assessment, to my knowledge, of how generative Al financial advice affects observed investment
decisions and portfolio allocations. Using linked records of investors’ questions, Al answers, security-level
recommendations, transactions, and holdings, I find that generative Al predominantly recommends funds in
response to open-ended requests for investment ideas. After investors begin using generative Al, their purchases
shift toward broad passive index funds, and this shift subsequently appears in portfolio holdings. The securities
they purchase carry less idiosyncratic risk, and the funds they select charge lower fees. These portfolio changes
address problems widely documented in household finance: retail investors often hold underdiversified
portfolios and bear uncompensated idiosyncratic risk (Calvet et al., 2007; Badarinza et al., 2016), and they
frequently select investment products with unnecessarily high fees or otherwise undesirable fund characteristics
(Choi et al., 2010; Bailey et al., 2011). This shift in investment behavior is driven by Al advice consistently
directing investors toward greater diversification through low-cost index investing, as prescribed by standard
financial theory (Markowitz, 1952; Campbell and Viceira, 2002; Campbell, 2006). I find high rates of advice
implementation. This is notable given extensive evidence that changing household financial behavior is
difficult (Madrian and Shea, 2001; Bhattacharya et al., 2012; Fernandes et al., 2014; Andersen et al., 2020).
Overall, my findings suggest that generative Al can improve household investment decisions by providing

financial guidance that is consistent with standard financial theory and that investors act on.
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Appendix

A Data and Advice

Table A.1. Summary statistics: Investors in my sample and the 2022 Survey of Consumer Finances

Investors in my sample 2022 SCF
Variable Mean SD Median Mean SD Median
Panel A. Sample and Demographic Characteristics
Equity-owning sample, N 1,854 - - 2,966 - -
Age (years) 52.9 12.9 55.0 52.1 16.8 52.0
Married (%) 79.6 67.3
Any children/dependents (%) 54.0 39.7
Number of children/dependents 0.91 0.99 1.00 0.71 1.05 0.00
Panel B. Portfolio Characteristics
Hold > 1 direct stock (%) 75.0 28.2
Portfolio value ($000) 1,9089  2,925.8 555.7 845.3 5,986.9 155.0
Retirement share of investable wealth (%) 33.9 36.4 19.3 71.6 37.3 96.8
Portfolio composition
Direct share of total equity (%) 44.9 32.6 41.0 45.4 38.5 35.9
Number of direct stocks 39.3 62.7 13.0 10.4 20.0 4.0
Total equity share of portfolio (%) 70.4 234 75.3 46.1 29.3 44.0
Indirect equity share of portfolio (%) 42.5 25.5 434 41.7 28.2 37.8
Direct equity share of portfolio (%) 33.6 29.4 253 20.8 24.1 10.9

Notes: This table reports summary statistics for investors in my sample and equity holders in the 2022 Survey of Consumer Finances
(SCF). For binary measures, the Mean column reports the percentage satisfying the condition; SD and Median are left blank. The
portfolio measures are defined following Polkovnichenko (2005). I measure SCF shares relative to financial assets as defined in that
paper, and portfolio shares for investors in my sample relative to observed connected portfolio value. Indirect equity includes funds,
retirement accounts, annuities, trusts, and managed accounts. Retirement share is the ratio of retirement account wealth to investable

wealth.
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Table A.2. Monthly portfolio turnover

Sample Account coverage Mean (%) Median (%)
Portfolio tracking app All linked accounts 8.39 2.09
Portfolio tracking app Largest account only 7.50 1.55
Barber and Odean (2000) One brokerage 6.49 2.67
Giglio et al. (2021) Vanguard only 2.30 0.91

Notes: This table reports mean and median monthly turnover for investors using the portfolio tracking app and for the samples in
Barber and Odean (2000) and Giglio et al. (2021). The app estimates cover all linked accounts or the largest account only. The
figures from Barber and Odean (2000) refer to purchase turnover. All values are percentages.
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Figure A.1. Advice-following trades and existing portfolio characteristics
Notes: This figure plots means within five groups of the corresponding pre-advice characteristic. The error bars indicate
95 percent confidence intervals. Standard errors are double-clustered by individual and time. Relative Sharpe ratio loss is
computed following Calvet et al. (2007).
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Final portfolio share in newly
introduced advised securities

A. Number of interactions B. Time since first advice

Individuals
®  Decile mean (95% ClI)
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Figure A.2. Accumulation of newly introduced advised investments in investor portfolios
Notes: This figure plots the relationship between advice exposure and the share of the final portfolio invested in
newly introduced Al-advised tickers. The horizontal axis measures cumulative classified answer interactions on
a logarithmic scale in Panel A and days since first advice in Panel B. Gray points represent individuals; blue
points report means within deciles, with 95 percent confidence intervals.
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Figure A.3. Al-recommended securities in final portfolios
Notes: This figure plots the share of investors’ final portfolios invested in securities previously recommended by Al Panel A

plots this share against the number of Al interactions on a log scale. Panel B reports the share invested against the days from

the first AI recommendation. Both panels sort into deciles.
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B Outcome Definitions

B.1 Portfolio Construction

I reconstruct daily portfolios from transactions, transfers, reinvestments, and dividend receipts. For positions
that predate the available transaction history, the number of shares is calculated as the recorded dividend or
fund distribution divided by the corresponding CRSP distribution per share. Purchases, sales, reinvestments,
and split adjustments update each position.

The market value of each position is calculated as the shares held times the daily closing price per share. I
calculate total portfolio value by summing positions across linked accounts. I compare the reconstructed
holdings with periodic holdings snapshots. From these data, I construct daily measures of market value, asset

class composition, concentration, and returns.

B.2 Variable Definitions

I define the following portfolio shares:

Equity holdings

Equity share = x 100,

Total portfolio value

Passive index fund holdings

Passive fund portfolio share = x 100,

Total portfolio value

Individual stock holdings

Individual stock portfolio share = % 100.

Total portfolio value

Total portfolio value is the value of all holdings across linked accounts. For the regression outcomes, I use the

following purchase and month-end equity shares:

Passive index fund purchases

Passive fund purchase share = x 100,
Purchases
Individual stock h
Individual stock purchase share = AdivIca’ STock pufenases x 100,
Purchases
Passive index fund holdi
Passive fund holdings share = assive Imcex THRd oTqInes x 100.

Equity holdings

Purchases and holdings are measured in dollars.
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C Empirical Strategy

Figure C.1. Portfolio allocations before the introduction of the Al financial assistant

—— Al adopters — — — Non-adopters
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Notes: This figure plots the mean monthly share of passive index ETFs and funds in investors’ portfolios from November
2023 to October 2024. Adopters are users who start using the Al financial assistant by the end of my sample in July 2026;
never adopters are users with no observed Al use by that date. Bands indicate pointwise 95% confidence intervals. A t-test of
equal means gives a p-value of 0.389.
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D Additional Results and Robustness Checks

Table D.1. Effects of ATl Adoption on Purchase Characteristics

. Stock-only  Fund expense
Full purchase portfolio

purchases ratio
Welch BSWA ) )
U.S. market  World market U.S. market  Basis points
(Welch, 2022)
(D 2 3) 4 )]
Post-adoption effect —-0.15" -0.12"" —-0.12"" 0.01 -3.57"
(0.04) (0.03) (0.04) (0.02) (1.41)
DV mean 2.67 2.77 2.27 3.57 29.05
Individual fixed effects Yes Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes Yes

Notes: This table reports estimates for the effects of Al adoption on purchase characteristics. The dependent
variable in columns (1)—(4) is log idiosyncratic volatility under the indicated market model. Columns (1)—(3) use the
combined monthly purchase portfolio, while column (4) is restricted to individual stock purchases. In column (5),
the dependent variable is the purchase-dollar-weighted expense ratio of funds bought that month. Standard errors
are double-clustered by individual and calendar month and reported in parentheses. Separately, CCS return loss
(Calvet, Campbell, and Sodini, 2007) falls by 39.9 percent for the combined purchase portfolio. Significance levels:
*p <0.10,"p < 0.05, ™ p < 0.01.
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D.1 Purchase Risk and Fund Fee Distributions
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Figure D.1. Purchase portfolio distributions before and after Al adoption
Notes: This figure plots the distributions of purchase portfolio characteristics before and after Al adoption. Panels A and
B measure purchase-dollar-weighted annualized volatility. Panel C measures strict passive index ETF and mutual fund
purchases as a share of purchases. Panel D reports monthly fund expense ratios. The curves depict kernel densities, and the
vertical lines indicate medians.

Panel Pre median  Post median Change p-value
A. Idiosyncratic volatility (%) 12.77 10.93 -1.84 <0.01
B. Total volatility (%) 26.60 24.10 -250 <0.01
C. Passive fund purchase share (%) 23.49 33.14 +9.65 < 0.01
D. Fund expense ratio (bp) 24.14 16.18 -7.96 0.03

Changes equal post minus pre medians, in percentage points for Panels A-C and basis points for Panel D. Two-sided p-values
test equality of the pre/post distributions.

57



i
1
10 - i
i
1
—_ 1
e .0 [ =
é‘ 0 > T T 0 : — T
= |
© 1
S i
£ -10 A i ?
() 1
2 i ?
2 | ®
© 20 - |
i
i 1
1
_30 T T T 1 T T T T
-9 -6 -3 0 3 6 9

Months relative to first Al use

Figure D.2. Idiosyncratic volatility of purchases following AI adoption
Notes: This figure plots the coefficients and 95% confidence intervals from event-study regressions of Al adoption on the
idiosyncratic volatility of purchases, using the Sun and Abraham (2021) interaction-weighted estimator. The dependent
variable is the log of annualized residual volatility of purchased securities, estimated using an MSCI World raw return OLS
market model. Event time is measured relative to Al adoption. All regressions include individual and calendar month fixed
effects. Standard errors are clustered by both individual and calendar month.
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Table D.2. Concentration and volatility of individual stock purchases
Stock purchase Log total Log idiosyncratic
HHI volatility volatility
M @) 3)
Al adoption 2.28 0.48 1.11
(1.94) (2.20) (2.36)
R? 0.58 0.59 0.59
Calendar month FE Yes Yes Yes
Individual FE Yes Yes Yes
DV mean 44.25 40.36 33.30

Notes: This table reports estimates for changes in the concentration and volatility of individual stock purchases
following Al adoption using Sun and Abraham (2021). The dependent variables in columns (1)—(3) are 100
times the sum of squared stock-purchase-dollar weights, log total volatility, and log idiosyncratic volatility,
respectively. Column (3) uses CRSP value-weighted market model residual volatility. Log coefficients are
multiplied by 100 and approximate percentage changes; DV means are in levels. All specifications include
individual and calendar month fixed effects. Standard errors are double-clustered by individual and calendar
month and reported in parentheses. Significance levels: *p < 0.10, **p < 0.05, **p < 0.01.
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D.2 Fund Purchase Fees

Table D.3. Robustness of fund purchase fee estimates

Weighted Two-way Cohort-specific Group-time Any fund
stacked DiD fixed effects event study ATT purchase
1) @ 3 ) &)
AT adoption -2.18 2343 3.57 -3.73 -2.20™
(2.29) (1.30) (1.41) (2.38) (0.91)

Notes: This table reports estimates for changes in fund purchase expenses following Al adoption across alternative specifications.
The dependent variable is the purchase-dollar-weighted annual expense ratio of fee-covered ETF and mutual fund purchases,
measured in basis points. Column (5) uses the cohort-specific event-study estimator. In column (1), the event-specific datasets
are stacked together. Standard errors are double-clustered by individual and time. Significance levels: *p < 0.10, *p < 0.05,

**p < 0.01.
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D.3 Robustness

Table D.4. Passive Fund Shares across Difference-in-Differences Estimators

Point Standard Lower Upper
estimate error bound bound

Panel A. Monthly Purchase Portfolio
Sun and Abraham (2021) 7.60"* 1.55 4.55 10.65
Stacked DiD 773" 2.20 3.42 12.05
Callaway and Sant’Anna (2021) 6.11% 2.81 0.61 11.61
Borusyak et al. (2024) 532" 1.93 1.53 9.12
de Chaisemartin and D’Haultfceuille (2026) 6.03"" 2.18 1.76 10.29
TWFE-OLS 498" 1.61 1.82 8.13

Panel B. Selling-inclusive net share, 0.5 percent activity requirement

Sun and Abraham (2021) 7.53" 2.23 3.16 11.90
Stacked DiD 11.18™ 4.34 2.67 19.69
Callaway and Sant’Anna (2021) 6.91 4.25 -1.42 15.23
TWFE-OLS 6.08"" 2.78 0.64 11.52

Panel C. Total Portfolio

Sun and Abraham (2021) 273" 0.68 1.41 4.06
Stacked DiD 1.38 0.91 -0.41 3.17
Callaway and Sant’Anna (2021) 240" 1.13 0.18 4.61
TWFE-OLS 1.57" 0.86 -0.12 3.26

Notes: This table reports estimates for changes in passive fund shares following Al adoption using alternative difference-in-differences
estimators. The dependent variables use the direct-index definition, and coeflicients are expressed in percentage points. Standard

errors are double-clustered by individual and time. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
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Table D.5. Alternative Passive Fund Definitions

o Point Standard
Specification estimate error
Panel A. Monthly Purchase Portfolio
Direct-index funds 7.60"" 1.55
CRSP B/D/E index funds 6.38" 1.46
Panel B. Month-End Portfolio
Direct-index funds 273" 0.68
CRSP B/D/E index funds 250" 0.68

Notes: This table reports estimates for changes in passive fund shares following Al adoption using alternative
passive fund definitions and the Sun and Abraham (2021) estimator. The dependent variable is the passive
fund share of the monthly purchase portfolio in Panel A and the passive fund share of month-end equity
holdings in Panel B. All specifications include individual and calendar month fixed effects. Standard errors
are double-clustered by individual and calendar month and reported in parentheses. Significance levels:

*p <0.10, " p < 0.05, **p < 0.01.
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Figure D.3. Al introduction

Notes: This figure plots weekly differences in fund purchase shares and corresponding event-study estimates using the
sample underlying the DiD specification. November 2024, when the Al assistant was first introduced, serves as the common
treatment date. Panel A plots weekly differences in fund purchase shares between the two groups, and Panel B reports the
corresponding event-study estimates in eight-week bins. The event-study specification includes investor and calendar-week
fixed effects. Shaded bands and error bars indicate 95 percent confidence intervals. Standard errors are two-way clustered.
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Table D.6. Alternative Monthly Activity Requirements

_ Point Standard
Monthly purchase requirement estimate error
Any positive purchase 6.80"" 1.16
At least 0.1% of opening portfolio 5.78" 1.43
At least 0.5% of opening portfolio 7.60" 1.55

Notes: This table reports estimates for changes in the index fund purchase share following Al adoption using
Sun and Abraham (2021) and the activity restrictions indicated in each column. The dependent variable is the
direct-index fund share of the monthly purchase portfolio. All specifications include individual and calendar
month fixed effects. Standard errors are double-clustered by individual and calendar month and reported in

parentheses. Significance levels: *p < 0.10, **p < 0.05, **p < 0.01.

64



Table D.7. Monthly Purchase Portfolio Effects across Adoption Cohorts

Early Middle Late
Panel A. Equal calendar time periods
Post-adoption effect 4.83 7.70" 7.72%
(4.96) (2.36) (2.58)
Oct. 2024 Apr— Oct. 2025~
Adoption dates Mar. 2025 Sept. 2025 Mar. 2026
Panel B. Equal-number adopter groups
Post-adoption effect 6.09" 7.78" 8.17"
(2.45) (3.01) (2.89)
Nov. 13, 2024- July 17— Nov. 8, 2025-
Adoption dates July 17, 2025 Nov. 7, 2025 Mar. 29, 2026

Notes: This table reports estimates for changes in the index fund purchase share following Al adoption, separately by
adoption cohort, using stacked difference-in-differences. The dependent variable is the direct-index fund share of the
Monthly Purchase Portfolio. Standard errors are double-clustered by individual and calendar month and reported in

parentheses. Significance levels: *p < 0.10, **p < 0.05, **p < 0.01.
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Figure D.4. Monthly Purchase Portfolio Effects across Adoption Cohorts
Notes: This figure plots the estimated coefficients and 95 percent confidence intervals from Table D.7. The dependent

variable is the direct-index fund share of the Monthly Purchase Portfolio. Results are reported separately by adoption cohort.
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E Additional Implementation Evidence

Table E.1. Advice implementation

Implementation within (trading days)

1 2 5 10

Panel A. Answer-level implementation
Constant (%) 16.6"* 23.8""* 32.0"" 36.2""*

(2.15) (2.52) (2.59) (2.43)
R? 0.00 0.00 0.00 0.00
Panel B. Ticker-level implementation
Constant (%) 9.0""" 12.6"™ 16.8™" 8.5

(2.29) (2.60) (2.70) (2.46)
R? 0.00 0.00 0.00 0.00
Individual fixed effects No No No No
Answer date fixed effects No No No No
Panel C. Ten-day regressions with fixed effects

Pooled Individual FE Date FE Both FE

(D 2 (3) 4

Answer-level DV mean (%) 36.2 36.2 36.2 36.2
Answer-level R? 0.00 0.26 0.14 0.34
Ticker-level DV mean (%) 18.5 18.5 18.5 18.5
Ticker-level R? 0.00 0.22 0.15 0.28
Individual fixed effects No Yes No Yes
Answer date fixed effects No No Yes Yes

Notes: This table reports estimates for advice implementation rates across trading-day windows. Panels A and B report
cumulative implementation rates (percent) from constant-only regressions. Implementation requires a purchase of any
recommended security in an answer (A) or the specific ticker (B). Panel C adds the indicated fixed effects to the ten-day
regressions. Standard errors are double-clustered by individual and time. *p < 0.10, **p < 0.05, **p < 0.01.
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Table E.2. Investment in recommended securities after advice

10 trading days 30 trading days

Panel A. Overall share of purchase dollars
Share invested in recommended securities (%) 24.65 22.29
Panel B. Per advice answer

Mean Median Mean Median
Total purchases ($) 337,010 51,183 635,355 168,099
Purchases of recommended securities ($) 33,173 0 48,978 0
Share invested in recommended securities (%) 9.13 0.00 8.18 0.00
Panel C. Distribution of purchase outcomes (%)
No purchases 8.32 3.24
Only nonrecommended securities 53.56 48.76
Recommended and nonrecommended securities 37.33 47.63
Only recommended securities 0.80 0.37

Notes: This table reports investment in recommended securities after Al advice. Panel A divides total recommended purchase
dollars by total purchase dollars. Recommended purchases match any buy recommendation issued on or before their date whose
window includes the purchase. Panels B and C match purchases to individual answers. Panel B’s shares are conditional on positive
purchases; Panel C reports percentages of answers.
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E.1 Recommended Portfolios Versus Alternative Purchases

Table E.3. Historical diversification and risk: recommendations versus purchases

Main Winsorized Investors weighted
estimate 1/99 equally
Reduction in relative Sharpe ratio loss 0.11" 0.11" 0.11"
(0.01) (0.01) (0.01)
Reduction in market beta 0.23"" 0.24™ 0.24™
(0.03) (0.03) (0.03)
Reduction in annualized volatility (pp) 11.27" 10.80"" 12.22"*
(1.37) (1.18) (1.38)
Reduction in maximum peak-to-trough decline (pp) 10.35™" 10.33"" 10317
(1.05) (1.03) (1.06)
Compared within the same advice event Yes Yes Yes
Standard errors Individual and time Individual and time Individual and time

Notes: This table reports estimates for differences in historical diversification and risk between recommended investments and
purchases. Relative Sharpe ratio loss follows Calvet et al. (2007): 1 — S;,/Sp, where S}, is the relevant constructed portfolio
Sharpe ratio and S is market Sharpe. Under the zero-alpha one-factor CAPM, it is the share of market Sharpe lost to imperfect
diversification. The row reports the reduction in this loss, so positive values favor the recommendation. Standard errors are
double-clustered by individual and time. Maximum drawdown is the largest decline from a preceding peak. *p < 0.10, *p < 0.05,

*p < 0.0L.
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Table E.4. Characteristics of purchases that follow advice

Follows advice  Follows advice Security named
vs. no recent  VS. other post-advice vs. other post-advice
advice purchase purchase
Diversified fund (pp) 31.56™ 36.34™ 24.88™
(3.03) (3.54) (4.57)
Individual stock (pp) -33.10"" -40.86"" -29.44™
(3.23) (3.66) (5.76)
Broad passive equity (pp) 9.05™" 10.66™" 12.34™
(1.32) (1.49) (1.59)
Expense ratio (bp) -6.17" -9.09"* -7.647
(0.82) (1.15) (1.27)
Historical volatility (pp) -8.85" -10.26™" -7.017
(0.74) (0.81) (1.13)
Historical beta -0.19" -0.22" -0.10""
(0.02) (0.02) (0.03)
Reduction in maximum peak-to-trough decline 8.50™" 9.74™* 6.68""
(pp)
(0.70) (0.76) (1.08)
Individual FE Yes Yes Yes
Date FE Yes Yes Yes

Notes: This table reports estimates for differences in the characteristics of purchases that follow advice and
other purchases. Columns (1) and (2) compare purchases following advice with purchases without recent
advice and other post-advice purchases, respectively. Column (3) compares named securities with other
post-advice purchases. All specifications include investor and purchase date fixed effects. The coefficients
are measured in percentage points for composition and volatility, and basis points for fees. Standard errors
are clustered by investor and calendar week and reported in parentheses. Significance levels: *p < 0.10,
*p <0.05, " p <0.01.
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F Investor Use: Supporting Evidence
Passive fund versus stock buying advice

Table F.1. Passive Fund and Stock Buying Advice by Financial Subject and Request Type

Information seeking Advice seeking
Financial subject Passive funds Stocks Passive funds Stocks
Panel A. Raw shares (%)
Securities and investment products 11.9 2.7 32.2 12.6
Portfolio allocation and risk 10.8 1.0 42.1 6.4
Existing holdings and performance 3.2 1.2 6.5 1.2
Retirement and financial planning 2.7 0.2 11.5 0.8
Taxes 5.6 0.6 24.5 4.0
Panel B. Adjusted probabilities (%)
Securities and investment products 12.6 2.3 31.6 10.9
(0.9) (0.6) (1.2) (0.8)
Portfolio allocation and risk 10.6 3.0 39.7 6.4
(1.9) (0.7) (0.9) (0.5)
Existing holdings and performance 5.4 1.4 8.9 1.0
(0.8) (0.4) (1.1) (0.5)
Retirement and financial planning 4.0 1.6 12.5 1.9
(0.9) (0.3) (1.2) (0.4)
Taxes 6.4 0.9 23.2 4.2
(1.2) (0.5) (1.4) (0.6)

Notes: This table reports the likelihood that an Al answer recommends buying passive funds or individual stocks across financial
subjects and request types. Panel A reports raw answer shares. Panel B reports OLS estimates (i.e., linear probability models) of
these probabilities with individual, calendar month, and day of week fixed effects. Results are expressed as percentages. Standard
errors are clustered by individual and shown in parentheses in Panel B.
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G Additional Welfare Results

Table G.1. Fund allocation and portfolio efficiency: comparisons with other technologies

Fund holdings Return loss Sharpe ratio Idiosyncratic
Paper / investor group share (pp) (annual bp) change volatility (%)
Generative Al: difference-in-differences
All investors 2.73 —43.2 0.00680 -6.99
Less diversified 4.80 —101.1 0.02057 —19.83
More diversified 0.37 17.6 —0.00788 9.39
Other investment technologies
Broadband: Hvide et al. (2024) 3.08 -34.0 0.00250 —
Smartphones: Kalda et al. (2024) — — —0.14200 —
Vanguard: Rossi and Utkus (2024) 35.00 — 0.05300 -16.05

Notes: This table reports estimates for changes in fund allocation and portfolio efficiency following AI adoption alongside estimates
for other technological innovations from the literature. Hvide et al. (2024) exploit variation in broadband rollout in Norway to
estimate the effects of internet access on investment behavior and portfolio efficiency. Kalda et al. (2024) compare purchases made by
the same investor in the same month via smartphones and other platforms at two German banks. Rossi and Utkus (2024) compare
investors’ portfolios before and after adopting Vanguard’s robo-advice service.

Dashes indicate no comparable estimate.
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H Personalization measures

The prompt reported in the Online Appendix assigns the overall LLM score and extracts personalization
details from the question and Al answer.

Table H.1. Summary statistics for personalization

Answers with Share of all

Mean SD Median any detail (%) details (%)
Panel A. Overall measures
Original LLM personalization score 7.04 2.08 8 — —
Portfolio and life details 5.53 3.47 5 94.2 100.0
Panel B. Detail counts by type
Portfolio state 4.72 3.04 5 934 85.3
Life details 0.81 1.13 0 46.0 14.7

Notes: This table reports summary statistics for personalization in Al answers. Panel A reports the LLM personalization score and
the total number of portfolio and life details. Panel B reports portfolio and life details separately.

Table H.2. Personalization measures and advice implementation

Advice implementation within ten trading days

1) 2 3)
Panel A. LLM personalization score
LLM personalization score 271 71 1.56™"
(0.66) (0.38) (0.34)
One-standard-deviation increase (pp) 5.64™" 3.56™" 3.24™
(1.38) (0.79) (0.70)
R? 0.01 0.26 0.26
Panel B. Number of personalization details
Number of personalization details 1.01* 0.61"™" 0.54™
0.41) (0.23) 0.21)
One-standard-deviation increase (pp) 3.50™ 212" 1.86"
(1.43) (0.79) (0.73)
R? 0.01 0.25 0.26
DV mean (%) 43.06 43.06 43.06
Individual fixed effects No Yes Yes
Month fixed effects No No Yes

Notes: This table reports OLS estimates (i.e., a linear probability model) of the likelihood that an investor implements Al advice.

The dependent variable is an indicator for purchasing at least one recommended security within ten trading days of the answer. The
sample includes answers containing ETF or fund recommendations. Personalization is measured by the LLM’s overall score from 1
to 10 in Panel A and the number of portfolio and life details in Panel B. The correlation between the two measures is 0.75. Column
(1) includes no fixed effects, column (2) adds individual fixed effects, and column (3) additionally includes calendar month fixed
effects. Coeflicients are in percentage points per additional score point or detail, with corresponding estimates for an increase of one
standard deviation. Standard errors are double-clustered by individual and time and shown in parentheses. Statistical significance at
the 1%, 5%, and 10% levels is indicated with ***, **, and *, respectively.
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H.1 Portfolio and life details

I next distinguish between life details and portfolio details. Life details describe personal circumstances that
investors disclose through current or previous conversations. Portfolio information is supplied directly by the
app to the LLM as context and can therefore be used to personalize an answer even when the investor does not
mention it in the question. I consider the two types jointly to examine whether portfolio details are associated
with implementation after accounting for life details.

Table H.3 reports this joint regression. With investor and month fixed effects, a one-standard-deviation
increase in portfolio details is associated with a 2.04-percentage-point higher implementation rate (standard
error 0.74). The corresponding estimate for life details is —0.36 percentage points (standard error 0.69) and is
not statistically distinguishable from zero.

Table H.3. Portfolio and life details and implementation

Implementation within ten trading days (x100)

(D 2 3) 4
Portfolio details (1 SD) 3.81™" 2.26™* 2.10" 2.04"
(1.35) (0.73) (0.95) (0.74)
Life details (1 SD) -0.22 -0.20 -1.70 -0.36
(1.40) (0.85) (1.41) (0.69)
R? 0.01 0.25 0.03 0.26
DV mean (%) 43.06 43.06 43.06 43.06
Individual fixed effects No Yes No Yes
Month fixed effects No No Yes Yes

Notes: This table reports estimates for the relationship between portfolio and life details and advice implementation. Each observation
is an Al answer. Implementation equals one if the investor buys at least one recommended security within ten trading days of the
answer. Portfolio and life detail counts enter jointly; coeflicients are percentage points per standard deviation (3.04 portfolio details
and 1.13 life details). Columns add the indicated fixed effects. Standard errors are double-clustered by individual and time. With
both sets of fixed effects, the portfolio association is 2.04 percentage points, while the life detail estimate is indistinguishable from

zero. *p < 0.10, " p < 0.05, **p < 0.01.
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—— Details —— 10-day take-up
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Figure H.1. Portfolio personalization and implementation over time

Notes: This figure plots portfolio personalization and advice implementation over time. The blue line (left axis) plots the average
number of distinct portfolio detail categories used to personalize an answer. The orange line (right axis) plots the percentage of
answers followed by a purchase of at least one recommended security within ten trading days of the answer, excluding the answer

date. Both series are trailing 90-calendar-day moving averages. Vertical lines indicate the dates at which the default model changed.
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H.2 First-stage regressions

Table H.4. Model indicators: first-stage regressions

First stage
Personalization (SD)

(H (2)
Investor FE Full controls
GPT-4.1 0.20"" 033"
(0.07) (0.08)
GPT-5 0.90"" 0.93"
(0.10) 0.11)
GPT-5.2 0.78" 0.96"
(0.15) (0.15)
Gemini 3 Flash 0.99"" 1.16™
(0.08) (0.08)
Gemini 3 Pro 0.61"" 0.80""
(0.12) (0.10)
Gemini 3.1 Pro 0.63™" 0.87°
(0.10) (0.10)
Investor fixed effects Yes Yes
Topic fixed effects No Yes
Day-of-week fixed effects No Yes
Other question / experience controls No Yes
Prior 30-day purchases and sales No Yes
Within R? 0.08 0.24
First-stage F' (clustered) 42.73 64.10
Effective first-stage F' 35.74 44.23
Weak-1V critical value 17.86 18.29
First-stage partial R? 0.08 0.09

Notes: This table reports estimates for the relationship between model indicators and portfolio personalization from first-stage regressions.
Personalization is measured in standard deviations; one SD equals 3.04 portfolio details. GPT-4 is the reference category. The controls match
Table 8. Standard errors in parentheses are clustered by investor and answer date. The first-stage F-statistic tests all model indicators jointly. Effective
F-statistics and critical values follow Montiel Olea and Pflueger (2013), using a 5% test size and a 10% worst-case bias benchmark. *p < 0.10,
*p <0.05,**p <0.01.
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I Financial Vocabulary

Table I.1. Al introduction and subsequent use of financial concepts

Individual uses concept in first prompt of next conversation

(1) 2 3)

Panel A. Pooled estimate
Al introduces concept 3.19" 2,07 1.98"

(0.54) (0.60) (0.61)
DV mean 4.67 4.67 4.67
Total R? 0.01 0.20 0.20
Individual fixed effects No Yes Yes
Calendar week fixed effects No No Yes

Panel B. Examples of concept-specific estimates

Concept Estimate Concept Estimate
Fund 4437 Allocation 8.16™"
(0.93) (1.17)
Diversification 452" Volatility 336"
(0.98) (0.36)
Concentration 246" Risk 121
(0.49) (1.34)

Notes: This table reports estimates for investors’ subsequent use of financial concepts introduced by Al. The unit of
observation is an individual-concept—conversation. The dependent variable is an indicator equal to one if the individual uses
the concept in the first prompt of the next conversation, within 90 days. The main regressor is an indicator equal to one if
generative Al first introduces the concept. Panel A pools fund, allocation, diversification, and index. Panel B adds volatility,
concentration, and risk and reports six examples from the seven-concept model with individual and calendar week fixed
effects. Different forms of the same word are grouped together. Coefficients and means are expressed in percentage points.
Column (1) includes no fixed effects; column (2) adds individual fixed effects; column (3) adds calendar week fixed effects.

Standard errors are double-clustered by individual and time. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
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Table I.2. Algorithmically selected financial terms and subsequent individual use

Panel A. Prevalence-based term selection

Term Al answers (%) Individual prompts (%) Ratio
Exposure 37.6 6.0 6.3x
Allocation 31.3 6.1 5.1x
IRA 30.2 5.0 6.1x
Yield 21.4 1.6 13.1x
Volatility 20.6 0.6 36.4%
Diversification 17.7 2.5 7.0x
Liquidity 13.5 0.6 24.5%
Roth 13.2 0.9 15.6x

Panel B. Subsequent use in the next conversation

1) 2) 3)
Al introduces term 2.94™ 2,52 2.50™"
0.31) (0.33) (0.33)
DV mean 2.08 2.08 2.08
Total R 0.01 0.07 0.07
Individual fixed effects No Yes Yes
Calendar week fixed effects No No Yes

Notes: This table reports the prevalence of selected financial terms and estimates for investors’ subsequent use of those terms.
Panel A reports the prevalence of selected financial terms that meet the screen. I retain exact words or phrases appearing in at
least 10 percent of Al answers and at least three times as often in answers as in individual prompts. I measure prevalence
as the share of individual-written prompt—answer events containing the term. Panel B repeats the outcome in Table 1.1
for the eight terms shown in Panel A. Coefficients and means are expressed in percentage points. Column (1) includes no
fixed effects; column (2) adds individual fixed effects; column (3) adds calendar week fixed effects. Standard errors are

double-clustered by individual and time. Significance levels: *p < 0.10, **p < 0.05, **p < 0.01.
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Table 1.3. Financial terms retained by the prevalence screen

_— Al answers Individual prompts Ratio
(%) (%)
Tax 474 9.4 5.1x
Cash 42.6 7.6 5.6x
Growth 42.0 35 12.0x
Risk 38.9 6.8 5.7x
Exposure 37.6 6.0 6.3x
Taxable 37.2 4.5 8.3x
Value 35.8 2.1 17.3%
Fund 339 42 8.0x
Allocation 31.3 6.1 5.1x
IRA 30.2 5.0 6.1x
Stock 28.0 4.6 6.1x
Equity 27.8 1.7 16.6x
Retirement 27.6 53 5.2x%
ETF 27.5 25 10.8x
Sector 24.8 42 5.9%
Yield 214 1.6 13.1x
Volatility 20.6 0.6 36.4x
Dividend 20.1 42 4.8x
Index 20.1 0.9 23.1x
Bond 19.3 1.6 12.0x
Return 19.1 2.6 7.4%
Concentration 18.1 1.4 13.3%
Diversification 17.7 2.5 7.0x
Liquidity 13.5 0.6 24.5%x
Roth 13.2 0.9 15.6x

Notes: This table reports the frequencies of financial terms retained by the prevalence screen. This list only contains terms
that appear in at least 10 percent of Al answers and at least three times as often in answers as in prompts. Frequencies refer

to the word shown; terms are ordered by frequency in Al answers.
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J Concentration of Investment Recommendations
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Figure J.1. Concentration of investment recommendations across models
Notes: This figure plots each model’s recommendation shares for the top 10 most recommended tickers. Tickers are ranked separately

within each model. Panel A reports the share of investors receiving a recommendation for each ticker, and Panel B reports the share
of answers recommending each ticker.
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A. Top 20 share of all purchases
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B. Top 20 share within fund purchases
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Figure J.2. Allocation of monthly investment around Al adoption
Notes: This figure plots event-study estimates for changes in the allocation of monthly investment around Al adoption. The
top 20 are the funds recommended to the largest number of distinct investors, pooling recommendations across models.
Points represent Sun and Abraham (2021) event-study estimates with 95 percent confidence intervals. All specifications
include investor and calendar month fixed effects, with standard errors clustered by investor and calendar month.
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