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Abstract

I study a generative-AI tool that offers insurance brokers real-time reply suggestions,
using two randomized phases of its rollout, involving 1,070 licensed brokers at
China’s largest insurance brokerage. In a ten-week pilot, 239 randomly selected
brokers were given access to the AI tool; in a subsequent 20-day experiment, about
165,000 customers were randomly assigned to conversations in which the broker
either had or did not have access to AI advice. Access to AI advice raises realized
premium by 28 percent within 15 days among customers of non-pilot brokers,
and customers buy more life insurance. AI’s benefits depend on broker ability
and the product. In life insurance and large policies, where premiums per sale are
higher, gains rise with brokers’ baseline ability; in health insurance, the tool narrows
performance gaps across brokers. Brokers who adopt suggestions more often do
not gain more, suggesting that adoption frequency is an imperfect proxy for AI’s
value. Pilot brokers’ advantage emerges after the initial weeks and persists after
full roll-out, even after adjusting for their greater effort, consistent with learning.
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1 Introduction

Households making consequential financial decisions often rely on intermediaries to
acquire information, interpret complex products and turn that information into advice
they can trust. Generative AI is entering this work: financial institutions are deploying
it in customer service and advice, and supervisors ask that customer-facing uses with
material consequences remain under effective human oversight (Financial Stability
Board, 2026). In insurance, a broker must understand a customer’s circumstances,
explain a contract and help the customer act on the advice.1 A generative-AI tool can
draw on product knowledge and customer history to draft a tailored reply, while the
human intermediary remains responsible for what reaches the customer.2 Such a tool
could spread expertise to less capable intermediaries or raise the return to the expertise
they already have; which of the two happens is central to understanding the role of
human skill as AI enters professional services.

This paper shows that when brokers receive generative-AI reply suggestions, cus-
tomers buy more life insurance and pay more premium; higher-ability brokers gain
more with customers who already know them, mainly through large life policies; and
how often brokers adopt suggestions is a poor guide to these gains.

I study a production-grade generative-AI tool that offers licensed insurance brokers
real-time reply suggestions during live advisory conversations at Ant Insurance, China’s
largest insurance brokerage. The broker can send, edit or ignore each AI suggestion.
The tool was rolled out in three phases: a ten-week randomized broker-level pilot, a
20-day customer-level experiment, and full rollout. In the pilot, 253 randomly selected
brokers had early access to the AI tool for all of their customers. In the subsequent
experiment, every broker had the tool, and each customer was randomly assigned to
the Treat or Control group at the first message, when the tool switches on. About 80
percent of customers were assigned to Treat. Brokers served both groups, knew each
customer’s group and could use the tool only for Treat customers. The estimand is the
effect of access to AI advice: the broker’s opportunity to use AI suggestions in a given
conversation. Because Control assignment withdrew a tool that pilot brokers had used
for ten weeks, the main sample contains the 124,347 customers of the 831 non-pilot
brokers; platform records follow their later conversations and purchases over the whole
rollout.

I report four main findings. First, access to AI advice increases life-insurance purchases
and realized premium (Section 3). Premium per customer rises by 88 yuan within 15
days, 28 percent of the Control mean of 315 yuan, and by 152 yuan within 30 days, or

1Sales incentives also shape this interaction: commission-based compensation can encourage unsuit-
able sales (Inderst and Ottaviani, 2012; Anagol et al., 2017; Egan, 2019).

2Salvi et al. (2025) provide experimental evidence that generative AI can produce persuasive, per-
sonalized arguments.
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29 percent. The probability of buying life insurance rises by 0.33 percentage points
within 15 days and 0.47 points within 30 days, about 14 and 17 percent of the Control
rates. Randomization inference gives 𝑝-values of 0.002 for the life-insurance effect and
0.025 for 30-day premium; the 15-day premium effect is weaker under this procedure
(𝑝 = 0.064) and significant under a wild cluster bootstrap with adjustment for the three
main tests (Holm 𝑝 = 0.044). Poisson estimates with broker fixed effects give the same
28 percent, with a Holm-adjusted 𝑝-value of 0.066 for each of the three tests. The overall
purchase effect is not statistically significant within 15 days and is 0.28 percentage points
within 30 days.

Second, and central to the paper, the gains of higher-ability brokers depend on the product
and on whether the customer already knows the broker (Section 4). Ability is an index of
brokers’ sales performance (premium, conversions and conversion rate) and tenure
in the ten pilot weeks before the experiment. On average, each standard deviation of
the index raises the 15-day premium effect by 107 yuan, about a third of the Control
mean (Holm-adjusted 𝑝 = 0.030), and the 30-day effect by 155 yuan. The gradient
is concentrated in life insurance, in large policies and among returning non-buyers,
customers who had visited or chatted with a broker but had not bought, and within
them among those who had already chatted with the same broker: for these customers
the premium gradient is 189 yuan per standard deviation, against an insignificant −59
yuan for the other returning non-buyers, and it works mainly through life policies of
30,000 yuan or more. For new customers the effect varies little with ability, and in
health insurance it is, if anything, larger for weaker brokers; the life-insurance gradient
exceeds the health-insurance gradient by 0.33 percentage points per standard deviation
(Holm-adjusted 𝑝 = 0.044). Among returning non-buyers, about 70 percent of the
premium gap between the top and bottom ability quintiles comes from larger purchases
per buyer. Because brokers know which customers have the tool, I read the premium
gradient as an upper bound on what the tool adds to stronger brokers’ premium at full
deployment (Section 4.4). The product contrast has a second reading: an average life
policy pays the broker more commission per sale than a health policy, so the pattern
reflects what a sale is worth to the broker as well as what the advice requires.

Tenure alone gives a similar gradient of 95 yuan. By tenure group, the premium
effect is 23 yuan for brokers with less than three months of tenure and 236 yuan for
brokers with more than a year; the trend across four tenure groups is significant at
the 10 percent level, although equality across the groups is not rejected. In customer
support, AI lets new workers perform like experienced ones (Brynjolfsson et al., 2025);
in insurance advice the newest brokers gain least.

Third, adoption is not value (Section 5). Because each broker serves both groups, I
estimate each broker’s premium effect from one half of the customers and the broker’s
adoption share from the other half, so that the two measures share no sampling noise.
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Brokers who adopt a larger share of the AI suggestions they receive have smaller
premium gains (corrected correlation −0.39), while the gains correlate positively with
ability (0.42). Over the three weeks, adoption rises sharply while the premium effect
falls (the weekly differences are not statistically significant). Strong brokers gain most
without adopting most. Brokers also lean on the tool when they are busy: on days
when a broker happens to receive more Treat customers, she adopts a larger share of
suggestions, all of it by sending them with parts deleted rather than editing them; on
busier days the gain per Treat customer is also smaller.

Fourth, the effects persist, for customers and for brokers (Sections 3 and 6). For customers,
access raises the probability that a customer returns to chat on days 15 to 45 by 1.37
percentage points, about 9 percent of the Control rate, and the probability of another
purchase by day 45 by 0.13 points, about 20 percent; both survive adjustment formultiple
outcomes. For brokers, the evidence comes from the pilot: conditional on rank and on
pre-pilot sales and effort, pilot brokers’ advantage in daily premium is close to zero
in the first five pilot weeks, appears from week 6 and persists at roughly a fifth of the
non-pilot mean after every broker has the tool. The timing of its appearance coincides
with rising demand for savings-type life insurance, as guaranteed rates were expected to
fall, so the onset alone is not evidence of learning. The persistence is: a pure access effect
would vanish once all brokers have the tool, so the persistent advantage is consistent
with learning. It is not a matter of working more: after adjustment, pilot brokers record
only a few percent more work, and their premium per work day is 13 percent higher,
mostly through larger purchases. Pilot brokers, however, already worked more before
the pilot (joint balance 𝑝 = 0.0001), so learning and residual selection on unobserved
effort or skill cannot be separated.

To interpret why the gains differ by product and by the customer’s history with the
broker, I use a model in which the tool supplies content and the customer weighs it by
how far she trusts the broker (Section 7). In health insurance, whose terms customers
can check, content is enough and the tool narrows gaps across brokers. In savings-type
life insurance, whose suitability is revealed only over years, content counts only as far
as the customer trusts the broker, so the tool is worth more to stronger brokers with
customers who already know them. The model interprets these patterns; it does not
measure credibility.

These results contribute in three ways. First, they reconcile, within one experiment,
evidence that AI levels performance in customer support, writing and programming
(Brynjolfsson et al., 2025; Noy and Zhang, 2023; Cui et al., 2026) with evidence that it
amplifies performance among entrepreneurs (Otis et al., 2026): holding the tool, the
brokers, the customers and the days fixed, the product and the customer’s relationship
with the broker decide whether AI substitutes for or complements ability. Second, in
advice the tool appears to steepen rather than flatten the experience curve. Third, the

4



paper links suggestion-level adoption records to randomized revenue effects and shows
that adoption frequency misstates where value is created. Since firms and researchers
often measure AI by its use (Babina, 2026; Humlum and Vestergaard, 2025b), the lesson
is general. For organizations, value should be judged by realized customer outcomes
rather than adoption counts, and a tool that raises the return to expertise can widen
performance differences within an occupation unless training and customer allocation
account for it.

Related literature. Research on AI, worker skill and the organization of production asks
who gains from the technology. Generative AI produces new content and reaches a
far broader set of cognitive tasks than predictive machine learning (Eloundou et al.,
2024). Brynjolfsson et al. (2025) study a staggered deployment in customer support,
and randomized experiments examine writing, coding and consulting (Noy and Zhang,
2023; Peng et al., 2023; Cui et al., 2026; Dell’Acqua et al., 2026). Several find larger gains
among less-experienced or lower-performing workers, as does work on predictive AI
in taxi navigation (Kanazawa et al., 2026). Dell’Acqua et al. (2026) show that gains
depend on whether a task lies inside the technology’s capabilities, and Otis et al. (2026)
find that initially higher-performing entrepreneurs benefit more, with implementation
choices helping explain the difference. These patterns speak to how technology changes
the value of human capabilities and the allocation of tasks (Acemoglu and Restrepo,
2018, 2019; Autor, 2024; Hoffmann et al., 2024) and to the organization of knowledge
(Garicano, 2000; Ferreira and Li, 2026). I show, within one deployment, that the task
determines whether the same tool amplifies skill.

Research on financial advice and intermediaries studies how information, incentives
and trust shape advice. Models examine conflicts between information provision and
sales incentives (Inderst and Ottaviani, 2012; Gennaioli et al., 2015); empirical research
studies steering, misconduct and brokers’ own beliefs.3 Insurance research studies
how information and experience affect demand and the match between holdings and
household needs (Koijen et al., 2016; Cai et al., 2015, 2020). Predictive AI uses digital
footprints to assess default risk (Berg et al., 2020) and changes the distribution of credit-
market gains (Fuster et al., 2022). Closest to my setting, Liu (2026) gives insurance
brokers purchase-intent scores based on customers’ digital footprints; sales rise, but at-
tention can shift away from risk-relevant information. Robo-advising research examines
diversification, fees, access, personalization and the value of human contact (D’Acunto

3Studies document steering toward costly or unsuitable products (Bergstresser et al., 2009; Christof-
fersen et al., 2013; Mullainathan et al., 2012; Anagol et al., 2017; Egan, 2019), misconduct (Egan et al.,
2019), limited customization (Foerster et al., 2017), and the influence of intermediaries’ own beliefs
(Linnainmaa et al., 2021). Research on regulation and fiduciary obligations examines how institutional
constraints shape advice quality and market participation (Charoenwong et al., 2019; Egan et al., 2022;
Bhattacharya et al., 2025).
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et al., 2019; Rossi and Utkus, 2024; Reher and Sokolinski, 2024; Jiang et al., 2025; Greig
et al., 2025). With generative AI, Fieberg et al. (2025) evaluate LLM portfolio advice
across investor profiles, and Choukhmane et al. (2026) study household prompts and
the lifetime implications of following LLM advice. On a large Chinese fintech platform,
He et al. (2026) show that mutual fund investors follow a generative-AI chatbot’s sug-
gestions in about half of interactions and that those who follow them trade less and
earn higher returns, while Yang et al. (2026) study human bankers with final authority
over AI-based investment advice.4 In most of this work, AI advises households directly
or informs a single decision; my setting places a licensed intermediary between the AI
and the customer, links randomized access to brokers’ use and realized transactions,
and shows that the value of AI in advice depends on the intermediary’s expertise.

Research on human use of algorithmic advice studies when people follow algorithms.
Machine predictions create value through the human decisions they inform (Kleinberg
et al., 2018; Agrawal et al., 2019). Responses to algorithms depend on prior errors and
expertise (Dietvorst et al., 2015, 2018; Logg et al., 2019). Expert assistance can be limited
by under-response and effort crowd-out (Agarwal et al., 2023, 2025), and Angelova et
al. (2026) show that the value of discretionary overrides differs sharply across decision-
makers. Combining humans and AI need not outperform the better of the two (Vaccaro
et al., 2024). In my setting, the finding that brokers who adopt more gain less, while
abler brokers gain more, is consistent with selective use as a source of complementarity,
although receipt of a suggestion also depends on whether a conversation lasts long
enough for the tool to generate one. I discuss research on learning and technology
adoption with the pilot evidence in Section 6.

2 Institutional Setting, Experimental Design, and Data

2.1 Ant Insurance and the Advisory Process

I study licensed insurance brokers at Ant Insurance in China. China’s insurance industry
collected 5.7 trillion RMB in premiums in 2024, of which about 17 percent was interme-
diated by specialized agencies and brokerages; Ant Insurance has ranked first among all
intermediaries since 2022, with about 6 to 7 percent of the intermediated premium. It
connects over 600 million customers who have purchased insurance through the Alipay
app with products from more than 90 partner insurers.5 I focus on life and health
insurance, which account for 90 percent of the brokers’ policies and 95 percent of their

4For reviews, see Goldstein et al. (2019) on fintech and Eisfeldt and Schubert (2025) on generative AI
and finance. In another intermediary setting, Cong et al. (2025) study AI support for real-estate brokers
in China.

5Source: Yearbook of China’s Insurance (2025). Appendix A gives further detail on the market and the
product lines.
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premium. Life insurance, with a median policy premium of 10,000 yuan, accounts for
almost all of the premium; health insurance, which in the records covers both critical-
illness and medical insurance, has a median premium of 486 yuan and is usually bought
sooner after the first chat (Appendix Table A1).

Each customer who seeks advice is randomly matched to a licensed broker by the
platform. The broker is the only party who writes to the customer: the customer
never interacts with the generative-AI tool directly. The conversation runs through the
platform’s instant-messaging (IM) interface and often spans several days; the broker
may also follow up by telephone, which the tool does notmediate (Appendix Figure A2).
A customer’s path has three steps. A visit is a tap on a broker’s avatar, which opens
the chat window and triggers preset replies; a chat begins when the customer sends a
message; a purchase is a policy bought by the customer. The records hold only policies
that were not refunded, so purchases and premiums, the total amount the customer
paid, measure realized revenue. Purchases occur almost entirely among customers who
chat.

Each broker carries a five-step seniority rank (L1 to L5), a coarse but public signal
of broker quality; among the non-pilot brokers, whose customers form the main sample
(Section 2.4), 56.4 percent are L2. Median tenure at the start of the pilot is about seven
months. A broker serves many customers in parallel, starting first conversations with
about seven to eight new customers a day.

2.2 The Generative-AI Tool

The tool combines a fine-tuned large language model, an insurance knowledge base and
a corpus of past advisory transcripts (Appendix Figure A1). It starts working only after
the customer’s first message. For each incoming message, it conditions on the message,
the customer’s past conversation history and personal information (age, gender, city,
family composition, past insurance activity) and generates suggested replies for the
broker, who decides whether to use a suggestion, modify it, or write an independent
reply; the customer does not see the tool. Generation takes time, so a short conversation
can end before a suggestion arrives, and zero exposure can reflect a short conversation
rather than a broker’s choice.

The platform records how the broker handles each suggestion in one of seven states
(Appendix A). I call a suggestion the broker received an exposure and a suggestion
the broker accepted in any form an adoption. Neither is a customer action, and receipt
alone does not establish that the broker read the suggestion. The broker adopted at
least one suggestion for about one in five Treat customers; Section 5 documents how
adoption varies across brokers. The tool did not change during the experiment (no
model updates, prompt changes or changes to the quality filter), and the pilot used the
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same tool.

2.3 Phased Rollout and Randomization

The tool was rolled out in three phases (Figure 1): a randomized broker-level pilot of
ten weeks; a customer-level experiment of 20 days, in which every broker had the tool
and customers were randomly assigned to the Treat or Control group; and full rollout
to all customers. I count days from the first day of the experiment: Day 1 is its first day
and Day 20 its last.

The pilot. In all, 253 pilot brokers had ten weeks of early access to the tool for every
customer they served; 239 of them serve customers in the experiment. They were drawn
at random within rank, but the selection share differed by rank, and pilot brokers had
worked more than other brokers of the same rank just before the pilot. Three broker
frames recur. The main pilot frame contains the brokers of ranks L2 to L5 active on at
least three of the nine days before the pilot: 862 brokers, of whom 187 are pilot brokers.
The roster frame (1,074 brokers of ranks L2 to L5 at the start of the pilot, 204 pilot
brokers) and the first-pilot-week frame (858 brokers active on at least three days of the
first pilot week, 187 pilot brokers) serve as comparisons. Appendix Table A36 gives
selection by rank. In the main frame, pilot and non-pilot brokers sold similar amounts
and had similar tenure before the pilot but spent more time on the telephone and in
IM and were active on more days (joint test of seven baseline covariates, 𝑝 = 0.0001).
Every pilot comparison therefore conditions on rank and on pre-pilot outcomes and
covariates, and inference uses permutations of the pilot indicator within rank. The nine
days before the pilot are used only for this frame, its balance test and these covariates.

The experiment. Every broker received the tool two days before Day 1. I call these
the transition days and exclude them from the experiment window; customers whose
first chat fell on them stay in the sample with that day as their first-chat date. For 20
days each customer was randomly assigned, at the first message, to the Treat group, in
which the tool was on in the broker’s workspace for that conversation, or to the Control
group, in which it was off. The same broker typically handled both groups each day
(Figure 3).

Full rollout. After Day 20 the tool was on for all customers. This period has no Control
group; I use its first seven weeks to follow experiment customers.

Assignment at the first message. Because the group is assigned at the customer’s first
message and the tool starts only after that message, whether a customer writes cannot

8



Pilot Experiment Full rollout

10 weeks 20 days (Day 1 to Day 20) 7 weeks

Randomized at the broker level

Pilot brokers
(AI tool)

Non-pilot brokers
(no AI tool)

Randomized at the customer level

Treat group:
AI on

Control group:
AI off

Brokers use AI
with all customers

AI AI

AI AI AI AI AI AI AI AI AI

Figure 1: The Phased Rollout of the Generative-AI Tool
Notes: The three phases of the rollout (not to scale). Figures with headsets are brokers; outlined figures
are customers; the AI label marks conversations in which the broker receives AI suggestions. In the pilot,
253 pilot brokers, drawn at random within rank with selection shares that differed by rank, used the tool
with all of their customers. In the experiment, every broker had the tool and each customer was assigned
at the first message to the Treat group (AI suggestions on) or the Control group (AI suggestions off). In
full rollout the tool was on for all customers. Icon counts show proportions only: pilot brokers are about
one in five brokers, and about four in five customers in the experiment are in the Treat group.

respond to the assignment; the experimental frame is therefore the set of customers
who chat. I take each customer’s group from the record of the first chat, the first day
with a recorded dialogue round. The Treat share is about 0.80 but varies by day: among
customers of non-pilot brokers it is 0.68 on Day 1 and between 0.80 and 0.82 on the
other 19 days (Figure 2(b)). I do not rely on a fixed nominal probability; every Treat
and Control comparison conditions on broker and first-chat-date fixed effects.

A Treat assignment enables AI in the broker’s workspace but does not force it: among
customers of non-pilot brokers (the main sample; Section 2.4), the broker received
at least one suggestion for 45.6 percent of Treat customers and 0.7 percent of Control
customers. I treat actual use as endogenous and instrument it with assignment in
Section 5. Brokers were not blind to the assignment: serving a Control customer, the
broker had no access to AI advice.

Identification assumptions. Random assignment within broker and first-chat date
identifies the effect of access to AI advice (Section 2.6). Reading that effect as operating
only through received suggestions requires an exclusion restriction, used for the IV
estimates in Section 5: brokers know whether they have access to AI advice, and this
may affect their effort or telephone follow-up. Cross-customer spillovers also sepa-
rate the customer-level contrast from full deployment, since knowledge gained with
Treat customers may carry into Control conversations. Sections 3 and 6 examine these
channels.
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Visited a broker

563,669 customers, 1,096 brokers

Sent a first message
Randomized to Treat or Control

164,732 customers (124,347 non-pilot)

Bought within 15 days

5,485 customers (4,099 non-pilot)
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Figure 2: First Chats in the Experiment
Notes: Panel (a) shows the funnel: customers who visit a broker during the experiment, customers who
chat (the tool switches on and the customer is randomly assigned at the first message), and customers
who buy within 15 days. Panel (b) shows customers of non-pilot brokers by the experiment day of their
first chat, stacked by prior funnel stage (deepest stage reached with any broker in the ten weeks before
the first chat), with the Treat share of the day on the right axis. The Treat share is about 0.80 and varies
by day (lower on Day 1); first-chat-date fixed effects absorb this variation. Days 11 to 13 include a public
holiday, when fewer customers start chatting.

Customer sends
first message

Treat group
(AI suggestions on)

Control group
(AI suggestions off)

IM
conversation

Phone follow-up
(optional)

Customer
may return

Purchase and
premium

(15 days / 30 days)

randomized

Figure 3: Assignment at the First Message and Outcome Windows
Notes: Customers are randomly matched to brokers. The customer is assigned to the Treat group
(AI suggestions on in the broker’s workspace) or the Control group (AI suggestions off) at the
first message, when the generative-AI tool switches on; about four in five customers are in the
Treat group, with a lower share on Day 1. Group and broker are taken from the customer’s first
chat record. Outcomes run from the first-chat date.

2.4 Data and Samples

The analysis draws on linked datasets that Ant Insurance placed in the Ant Open
Research Laboratory sandbox, covering the pilot, the experiment and the first seven
weeks of full rollout. Customer-broker-day records give dialogue rounds, same-day
purchases and premium by product category, the platform’s 15-day purchase and
premium fields, and, for the experiment, the group label, customer rating, age and
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the AI suggestions the broker received and adopted. A broker-day panel gives service
time, customers opened, conversions and premium; a broker roster gives rank, joining
date and the pilot indicator. Appendix A describes each dataset and Appendix A the
construction of outcomes.

Experiment sample. The customer-level analysis covers customers with a positive
count of dialogue rounds on at least one day of the experiment (Figure 2(a)). Three
definitions fix the sample:

1. Group. Treat equals one if the label on the customer’s first chat record is Treat.
2. First-chat date. The day of the customer’s first chat, including the transition days.6

3. Broker. The broker on the customer’s first chat record.
The experiment sample contains 164,732 customers served by 1,070 brokers. Pilot
brokers serve 24.5 percent of the customers in the experiment. For them, a Control
assignment withdrew a tool they had used for ten weeks, so their Control customers
received a withdrawal rather than the standard service. The main sample is therefore
the customers of non-pilot brokers: 124,347 customers served by 831 brokers, of whom
80.4 percent are in the Treat group; 800 of these brokers serve both groups, and the
comparison within broker comes from them. Results for all brokers are reported as
robustness. Appendix Table A2 summarizes the samples and non-pilot brokers’ output
in each phase, and Appendix Table A5 gives the steps from the raw records. Output per
broker rises from the pilot to the experiment and full rollout, which mixes the rollout
with seasonal demand, so I never compare periods directly.7

This study was remotely conducted on the Ant Open Research Laboratory8 in an Ant
Group Environment. All data was sampled and desensitized, and was analyzed on
the Ant Open Research Laboratory. The laboratory is a sandbox environment where the
author can only remotely conduct empirical analysis and individual observations are
invisible.

2.5 Variables

Platform customer rating. Ant Insurance rates each customer B (lowest expected
value) < A < S < S+ (highest), with a separate New customer category; I take the rating

6For 6,025 customers, the first chat falls on one of the two transition days. Their first-chat date is
retained as the starting point for outcomes and date fixed effects.

7The product mix shifts with the calendar as well: the life share of policies is 54 percent during the
pilot, 68 percent during the experiment and 77 percent in the first three weeks of full rollout among
non-pilot brokers, and 55, 68 and 77 percent among pilot brokers, who had the tool in all three periods.

8https://www.deor.org.cn/labstore/laboratory. The laboratory follows a “usable but not visi-
ble” design: researchers run their own code on the data inside the environment but cannot view, copy or
download individual records, and only aggregate results that pass review leave it. The code for every
result in this paper is kept in the laboratory and can be rerun there to reproduce the results.
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from the first chat record. Among Control customers of non-pilot brokers, B and A
account for 86.6 percent. The rating does not respond to assignment (Appendix A).

Customer history classes. I class each customer by the deepest funnel stage reached
with any broker in the 70 days before the first chat, a window that starts no earlier than
the first day of the pilot. The classes are mutually exclusive:

• New customers: no recorded contact in the ten weeks before the first chat.
• Prior visitors: customers who had opened a chat window with a broker without

sending a message.
• Prior chatters (who had not bought): customers who had chatted with a broker

but had not bought.
• Prior buyers: customers who had bought at least once.

Prior visitors and prior chatters together form the returning non-buyers. In the main
sample, 57.0 percent of customers are new customers, 22.5 percent prior visitors, 19.0
percent prior chatters and 1.6 percent prior buyers, so returning non-buyers make up
41.5 percent. About a third of customers had earlier contact with the same broker as at
the first chat.

Outcomes. All outcomes are measured from the first-chat date (day 0). The main
outcomes are purchase, an indicator for any purchase on days 0 to 14 (in percentage
points), and premium, the premium paid over the same days (in yuan). The platform
computes these fields from its transaction records over the full 15 days. Most buyers
purchase within a few days of the first conversation. The main tables also report a
30-day outcome, which adds the purchases recorded on days 15 to 29, one record per
customer and day. I also use purchase and premium by product category and policy
size, purchases by day after the first chat, and conversation outcomes. Pilot outcomes
are broker averages per calendar day, with inactive days counted as zero. Appendix
Table A3 defines every variable.

Broker ability. The main ability index combines non-pilot brokers’ performance dur-
ing the pilot, when they did not have the tool, with tenure at the start of the pilot. It is
the first principal component of tenure, mean daily premium, mean daily conversions,
and conversions per customer opened; it explains 68 percent of the variance and is
standardized across the 820 non-pilot brokers with the necessary inputs and at least
ten active days. No experiment-period platform score enters it.9 Tenure alone is the
robustness measure. To compare measures on a common sample, the ability regres-

9An earlier comparison index also includes the platform score recorded in the experiment panel,
which is not a clean pre-assignment measurement; it appears only as an alternative specification and in
the accounting benchmark of Section 7.
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sions contain 120,586 customers of 746 brokers, including 50,242 returning non-buyers.
The index summarizes existing capability; it does not directly measure the quality of
judgment or suggestion screening.

Descriptive statistics. Table 1 describes the main sample. Among Control customers,
3.3 percent buy within 15 days andmean premium is 315 yuan. Premium among buyers
is highly right-skewed: among Control buyers the median 15-day premium is 700 yuan,
the 90th percentile 20,000 yuan and the mean about 9,600 yuan. I therefore winsorize
premium at the 99th percentile of positive values throughout and use Poisson pseudo-
maximum-likelihood (PPML) for percentage effects. Appendix Table A4 reports the
distribution of every variable.

2.6 Balance Check

Random assignment produces well-balanced groups (Table 1). Customer histories,
prior contact with the same broker, visit and chat days, recency, customer ratings,
and the broker’s tenure and rank are similar across groups, and every standardized
difference is below 0.04. Conditional on broker and first-chat-date fixed effects, Treat
customers’ last earlier contact is 0.5 days more recent, a statistically significant but small
difference.
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Table 1: Sample Characteristics and Balance

Control Treat Difference 𝑝 Norm.
mean mean diff.

(𝑁 = 24,344) (𝑁 = 100,003)
(1) (2) (3) (4) (5)

Panel A. Customer history in the 70 days before the first chat
New customers (%) 56.01 57.18 0.33 (0.35) 0.345 0.024
Prior visitors (%) 22.25 22.53 −0.10 (0.30) 0.744 0.007
Prior chatters (%) 20.11 18.74 −0.29 (0.27) 0.270 −0.035
Prior buyers (%) 1.64 1.55 0.06 (0.09) 0.518 −0.007
Prior contact with the same broker (%) 35.44 34.60 0.02 (0.35) 0.958 −0.018
Visit days 1.84 1.76 −0.006 (0.025) 0.807 −0.022
Chat days 0.47 0.43 −0.003 (0.009) 0.747 −0.033
Days since last contact 15.13 14.89 −0.49 (0.20) 0.015 −0.013
Customer rating S+ (%) 5.32 5.05 −0.25 (0.17) 0.135 −0.012
Customer rating S (%) 4.90 4.80 −0.06 (0.16) 0.722 −0.004
Customer rating B (%) 36.93 37.29 0.47 (0.35) 0.191 0.007
New customer rating category (%) 3.10 2.72 −0.17 (0.11) 0.115 −0.023
Premium bought before the first chat (yuan) 435 331 −62.9 (64.9) 0.333 −0.012

Panel B. Characteristics of the customer’s broker
Tenure (SD) 0.01 0.00 −0.0040 (0.0077) 0.604 −0.008
Rank L2 (%) 57.00 57.12 0.14 (0.41) 0.727 0.002
Rank L3 (%) 22.43 22.37 −0.04 (0.34) 0.896 −0.001
Rank L4 (%) 9.83 9.78 −0.01 (0.27) 0.979 −0.002
Rank L5 (%) 1.98 2.06 0.10 (0.10) 0.347 0.006

Panel C. Outcomes, for scale
Purchase on the first-chat day (%) 1.96 2.05 0.16 (0.10) 0.091
Purchase, 15 days (%) 3.28 3.30 0.12 (0.13) 0.354
Premium, 15 days (yuan) 315.40 377.80 88.4 (40.2) 0.028
Chat rounds 5.50 5.45
Chat days 1.36 1.35

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. 831 brokers, 800
of whom serve both groups. History classes use contact with any broker in the 70 days before the first
chat. Column (3): coefficient on Treat with broker, first-chat-day and customer-rating fixed effects (Panel
A; rating rows without customer-rating fixed effects) or first-chat-day and customer-rating fixed effects
(Panel B); standard errors clustered by broker in parentheses; percentages in percentage points. Column
(5): difference in means over the square root of the average group variance. Days since last contact:
returning customers only. Prior premium: pilot period. Tenure is standardized across brokers. Panel
C: column (3) is the Treat coefficient with broker, first-chat-day and customer-rating fixed effects, as in
Table 2. No stars.
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3 Access to AI Advice and Insurance Purchases

This section examines how access to AI advice changes whether customers buy insur-
ance, how much they pay and which products they buy. Access raises premium per
customer by about 28 percent and the probability of buying a life policy by 14 percent.
The premium effect comes from more customers paying 10,000 to 50,000 yuan, and the
extra life buyers come mostly from customers who would not have bought at all. The
effect arises on the day of the first chat, through conversion within the conversation.

3.1 Empirical Strategy

Because assignment was random within broker and first-chat date, comparing Treat
and Control customers of the same broker who first chatted on the same day identifies
the intent-to-treat effect of access to AI advice. For customer 𝑖, served by broker 𝑏(𝑖),
with first-chat date 𝑡(𝑖) and customer rating 𝑔(𝑖), I estimate

𝑦𝑖 = 𝛽Treat𝑖 + 𝛼𝑏(𝑖) + 𝛿𝑡(𝑖) + 𝜇𝑔(𝑖) + 𝜀𝑖, (1)

where 𝑦𝑖 is an outcome measured from the first-chat date and Treat𝑖 is the group on the
first chat record. Broker fixed effects make the comparison one between customers of
the same broker, first-chat-date fixed effects absorb common calendar-day conditions,
and customer-rating fixed effects improve precision. Standard errors are clustered by
broker. The main sample is the 124,347 customers of the 831 non-pilot brokers who
chatted at least once in the experiment; the 164,732 customers of all 1,070 brokers
form a robustness sample. The coefficient 𝛽 is the effect of deployment as it occurred,
including conversations that ended before a suggestion was produced.10 For premium
I also estimate a Poisson pseudo-maximum-likelihood model with first-chat-date and
customer-rating fixed effects and report 100(𝑒𝛽 − 1); Section 4 adds broker fixed effects
to this model.

Outcomes. The primary outcomes are the platform’s 15-day fields: whether the cus-
tomer bought any policy, and the premium paid. The platform computes them for
every customer from its transaction records, and they count only policies that were not
refunded. Product categories and policy sizes come from the daily purchase records.
Premium is winsorized at the 99th percentile of positive values (200,000 yuan for the
15-day field).

10I retain these customers and do not condition on realized suggestion receipt or conversation length,
which can respond to assignment.
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Inference. Ant Insurance designed and ran the experiment; my analysis was not pre-
registered. I therefore designate a primary family of three tests: (M1) the average effect
on 15-day premium; (M2) the interaction of Treat with pre-experiment broker ability
in 15-day premium; and (M3) the difference between the life and the health purchase
interactions with ability (M2 and M3 are in Section 4). The family is estimated on the
common sample with the ability index (120,586 customers of 746 brokers), with 𝑝-values
from a wild cluster bootstrap that imposes the null (Rademacher weights by broker,
999 draws) and a Holm adjustment. All other estimates are secondary. The estimand
is realized premium per customer, an additive revenue measure that also enters the
decomposition and the model; under random assignment the coefficient in equation (1)
estimates it without functional-form assumptions, so the primary tests use it. Because
most customers pay nothing and premium among buyers is heavily right-skewed, I
also report Poisson pseudo-maximum likelihood (PPML; Santos Silva and Tenreyro,
2006) with the same fixed effects, including broker effects, which measures each effect
in proportion to the Control mean. With the Poisson statistics and a score bootstrap that
imposes the null, the same family gives Holm-adjusted 𝑝-values of 0.066 for all three
tests (Appendix Table A9, Panel C). For the average effects I also report randomization
inference that permutes Treat within broker × first-chat-date cells, with the coefficient of
equation (1) as the statistic (4,999 draws; Appendix Table A8); it tests the sharp null of
no effect for any customer. The Romano and Wolf adjustment is in Appendix Table A9.

Assignment. Treat and Control customers have similar histories and broker character-
istics before the first chat (Section 2.6). Brokers knew which customers were in the Treat
group, and about 80 percent of each broker’s customers were. The contrast is therefore
the effect of access in one conversation for a broker who also uses the tool in most other
conversations. Effort moved from Control to Treat customers would inflate it; skills
from the tool carried into Control conversations would attenuate it. Section 3.7 tests
both.

3.2 Purchases and Premium

Table 2 reports the main estimates. Premium is the amount paid for retained policies
bought in the outcome window: realized premium revenue and household insurance
expenditure, not broker commissions or profit.

15 days. Access raises premium per customer by 88 yuan (standard error 40), or
28 percent of the Control mean of 315 yuan (Panel A). The randomization-inference
𝑝-value is 0.064, because the permutation distribution of the premium coefficient has
heavier tails than a normal. In the primary family the same effect, 93 yuan on the ability-
index sample, has a bootstrap 𝑝-value of 0.039 and a Holm-adjusted 𝑝-value of 0.044;
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across the three primary tests the Holm-adjusted 𝑝-values are 0.030 to 0.044 with OLS
and 0.066 with PPML. The probability of any purchase rises by 0.12 percentage points
on a Control rate of 3.28 percent, which is not statistically significant. PPML with broker
fixed effects gives the same proportional effect, 28 percent (𝑝 = 0.040; randomization
inference 𝑝 = 0.085).

30 days. Premium rises by 152 yuan (standard error 60), 29 percent of the Control
mean of 529 yuan, and the purchase probability by 0.28 percentage points on 3.85 percent
(Panel B). Both reject the sharp null under randomization inference (𝑝 = 0.025 and
0.041). The PPML effect on 30-day premium is 29 percent (𝑝 = 0.016; randomization
inference 𝑝 = 0.028).

Life insurance. The probability of buying a life policy within 15 days rises by 0.33
percentage points (standard error 0.11), 14 percent of the Control rate of 2.36 percent,
with a randomization-inference 𝑝-value of 0.002; over 30 days it rises by 0.47 points,
17 percent of 2.69 percent. This is the most robust single estimate in the experiment.
Health-insurance purchases do not change (Table 3).

Customer history. Returning non-buyers, customers who had visited or chatted with
a broker in the ten weeks before the first chat but had not bought, show effects of similar
proportional size (Panels C and D). Premium rises by 92 yuan for new customers
(standard error 46) and by 113 yuan (57) for returning non-buyers, about 38 percent
in both classes; among returning non-buyers, prior chatters show the largest life effect,
0.81 percentage points (0.28). Both classes gain more in percent than the full sample
because its Control mean includes prior buyers, 1.6 percent of customers with a Control
mean of 3,356 yuan and an imprecise effect of 48 yuan (standard error 1,028); the class
estimates come from separate regressions, so they need not average to the pooled 88
yuan. These differences, and those across time since last contact, customer ratings and
age bands, are not statistically significant (Appendix B).

All brokers. The sample of all brokers gives similar or somewhat smaller effects
(Panels E and F).
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Table 2: Effects of Access to AI Advice on Purchases and Premium

Dependent variable: Premium Premium Purchase Purchase, Life premium Life Life
PPML first-chat day PPML premium policy

(% change) (yuan) (pp) (pp) (% change) (yuan) (pp)
(1) (2) (3) (4) (5) (6) (7)

Panel A. Non-pilot brokers, 15 days
Treat 28.2∗∗ 88∗∗ 0.12 0.16∗ 17.1 172 0.33∗∗∗

(15.5) (40) (0.13) (0.10) (14.0) (116) (0.11)
Control mean 315 3.28 1.96 958 2.36

Panel B. Non-pilot brokers, 30 days
Treat 29.0∗∗ 152∗∗ 0.28∗∗ 16.6 205 0.47∗∗∗

(13.7) (60) (0.14) (12.6) (130) (0.12)
Control mean 529 3.85 1,177 2.69

Panel C. Returning non-buyers, 15 days
Treat 39.0∗ 113∗∗ 0.11 36.2∗ 371∗ 0.39∗∗

(24.4) (57) (0.20) (25.4) (194) (0.18)
Control mean 297 3.24 993 2.48

Panel D. Returning non-buyers, 30 days
Treat 40.1∗∗ 214∗∗ 0.40∗ 29.1 388∗ 0.58∗∗∗

(23.0) (101) (0.22) (21.3) (229) (0.19)
Control mean 569 3.96 1,322 2.90

Panel E. All brokers, 15 days
Treat 22.5∗∗ 77∗∗ 0.02 0.12 17.0 172∗ 0.32∗∗∗

(12.5) (36) (0.11) (0.09) (12.1) (100) (0.09)
Control mean 338 3.37 2.02 963 2.35

Panel F. All brokers, 30 days
Treat 21.4∗∗ 126∗∗ 0.18 15.8 200∗ 0.43∗∗∗

(11.1) (55) (0.12) (10.6) (112) (0.10)
Control mean 582 3.94 1,200 2.69

Broker, first-chat-day, rating FE Yes Yes Yes Yes Yes Yes Yes

Notes: Customers who chatted at least once in the experiment: Panels A and B, 124,347 customers of
831 non-pilot brokers; Panels C and D, the 51,579 returning non-buyers among them; Panels E and F,
164,732 customers of all 1,070 brokers. OLS with broker, first-chat-day and customer-rating fixed effects;
standard errors clustered by broker in parentheses. Premium in yuan, winsorized at the 99th percentile
of positive values. Columns (1) and (5): Poisson pseudo-maximum likelihood with broker, first-chat-day
and customer-rating fixed effects (broker effects by the exact concentrated likelihood; brokers, days or
ratings with no premium drop out), reported as 100 × (exp(𝛽) − 1) with delta-method standard errors;
stars test the Poisson coefficient. Randomization-inference 𝑝-values are in Appendix Table A8. Stars refer
to the cluster tests. Primary family (wild cluster bootstrap with the null imposed, Holm adjustment):
see Section 3.1; on the common ability-index sample the 15-day premium effect is 93 yuan, bootstrap
𝑝 = 0.039, Holm 𝑝 = 0.044; with the PPML statistics the same family gives Holm 𝑝 = 0.066 for all
three tests. Robustness and multiple testing: Appendix Tables A6 and A9. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗

𝑝 < 0.10.
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3.3 Where in the Premium Distribution

With 97 percent of Control customers paying nothing within 15 days, the average
premium effect comes from a small share of customers. Figure 4 plots the effect of
access on the probability that premium exceeds a threshold 𝑘, for 𝑘 from 0 to 100,000
yuan. Effects at thresholds up to 5,000 yuan are close to zero. They become positive
and significant from 10,000 yuan: at 20,000 yuan the share of customers paying more
rises by 0.115 percentage points (standard error 0.041) on a Control rate of 0.32 percent,
and at 50,000 yuan by 0.078 points (0.028) on 0.12 percent, increases of 36 and 63
percent. Above 100,000 yuan the effect is small and not significant. Returning non-
buyers show the same shape. Integrating the threshold effects gives an implied 15-day
effect between 55 and 106 yuan, around the regression estimate. Because the upper tail
matters, the mean depends on the cap: caps between the 97.5th and 99.5th percentiles
give significant effects of 70 to 102 yuan, while the uncapped mean is not statistically
significant (Appendix Table A7). Table 3 gives the complementary view by interval:
effects on life-policy purchases within each premium bin (Section 3.4).
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Figure 4: Effects on the Premium Distribution
Notes: Coefficient on Treat, in percentage points, for an indicator that premium within 15 days (circles)
or 30 days (squares) exceeds 𝑘 yuan; K denotes 1,000 yuan. Panel (a): all 124,347 customers of non-
pilot brokers; panel (b): the 51,579 returning non-buyers. Joint tests of no effect at all ten thresholds:
𝑝 = 0.050 and 0.125 in panel (a), 0.087 and 0.109 in panel (b), for 15 and 30 days. Broker, first-chat-day
and customer-rating fixed effects; 95 percent confidence intervals clustered by broker.

Purchase probability and premium per buyer. Higher premium per customer can
come from more buyers or from larger purchases per buyer. For new customers, whose
premium rises by 92 yuan (Section 3.2), Control levels from the regression and a broker
bootstrap split the effect into 19 yuan from purchase probability (95 percent interval
−8 to 48) and 73 yuan from premium per buyer (−12 to 159). Both intervals include
zero, so I do not report a precise share; the point estimates assign about four-fifths of
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the effect to premium per buyer, as does the same split for returning non-buyers served
by the strongest brokers (Section 4). Premium per buyer is not itself a randomized
comparison; the threshold effects above are.

3.4 Product Choice and Premium Size

The additional purchases are in life insurance. Table 3 reports effects by product and
by life-policy size. Health-insurance estimates are close to zero (−0.026 and −0.003
percentage points at 15 and 30 days). The life increase spans small and middle-sized
policies: 0.14 points below 10,000 yuan, 0.09 points at 30,000 to 50,000 yuan and 0.08
points at 50,000 to 100,000 yuan, against Control rates of 1.36, 0.12 and 0.26 percent.
The increase below 10,000 yuan does not conflict with the near-zero threshold effects
up to 5,000 yuan in Section 3.3: the bins count life policies, the thresholds use each
customer’s total premium across products, and the small-policy estimate is significant
only at the 10 percent level (standard error 0.084). Estimates above 100,000 yuan are
small and not statistically significant. These bins refer to premiums paid, not sums
insured. The health estimate is also close to zero within every health premium range,
including policies of 1,000 yuan or more, which are mostly long-term critical-illness
cover (all 𝑝 > 0.2).

Expansion or substitution. The induced life buyers could be customers who would
otherwise have bought nothing or customers who would otherwise have bought health
insurance. Few customers buy both lines: from the pilot to the end of the rollout window,
4.6 percent of life buyers also bought health insurance and 7.2 percent of health buyers
also bought life insurance (Appendix Table A1). Splitting customers into mutually
exclusive baskets over days 0 to 14 gives a life effect of +0.35 percentage points (standard
error 0.11), a no-purchase effect of −0.30 (0.15) and a health-only effect of −0.03 (0.08)
(Appendix Table A13). The no-purchase share falls by almost as much as the life share
rises, so the data lean toward market expansion, but they do not identify it: random
assignment fixes each basket’s share, not how customers move between baskets. Only
the assumption that access moves customers only toward life yields a point estimate, 83
percent of induced life buyers from no purchase and 10 percent from health only.

A sharper test looks where diversionwould have to occur. If access moved customers
from health to life insurance, health purchases would fall most among customers who
were most likely to buy health insurance. I predict each customer’s probability of
buying health insurance within 15 days from characteristics fixed before assignment,
using Control customers only and cross-fitting, and estimate effects by quintile of this
prediction (Appendix Table A14). Health purchases do not fall in any quintile; in the
top decile the health estimate is +0.18 percentage points (standard error 0.43) on a
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Control rate of 3.1 percent. Life purchases rise most in the top quintile and decile, by
0.82 and 1.38 points on Control rates of 3.6 and 4.5 percent. Customers inclined toward
health insurance thus buy more life insurance without buying less health insurance,
which is consistent with expansion rather than diversion.

Table 3: What Customers Buy: Product Type and Policy Size

15 days 30 days

Treat effect Control Treat effect Control
mean mean

Dependent variable (1) (2) (3) (4)

Panel A. Purchase by product and life-policy size (pp)
Health policy −0.026 1.31 −0.003 1.47

(0.083) (0.089)
Life policy 0.331∗∗∗ 2.36 0.468∗∗∗ 2.69

(0.109) (0.117)
Under 10k yuan 0.145∗ 1.36 0.223∗∗ 1.54

(0.084) (0.090)
10k to 30k yuan 0.076 0.49 0.080 0.60

(0.053) (0.058)
30k to 50k yuan 0.089∗∗∗ 0.12 0.083∗∗∗ 0.16

(0.028) (0.032)
50k to 100k yuan 0.075∗∗ 0.26 0.089∗∗ 0.32

(0.037) (0.041)
100k to 200k yuan 0.002 0.21 0.029 0.23

(0.033) (0.035)
200k yuan or more 0.015 0.12 0.026 0.13

(0.025) (0.027)
Panel B. Buyers only (descriptive)

Life share of purchase records (pp) 3.59∗∗ 58.5 4.42∗∗∗ 58.9
(1.83) (1.70)

Purchase records per buyer 0.014 1.17 −0.003 1.25
(0.018) (0.023)

Premium per purchase record (yuan) 314 20,700 117 21,100
(2,222) (2,073)

Notes: Customers of the 831 non-pilot brokers who chatted at least once in the experiment (124,347).
OLS with broker, first-chat-day and customer-rating fixed effects; standard errors clustered by broker
in parentheses. Purchase records with a product category, one per customer, day and category. Panel
A: life-policy size bins of single-record premium (not exclusive across customer purchases); Control
means in percent. Panel B conditions on buying (4,999 and 5,719 buyers), so it is descriptive; premium
per policy winsorized at the 99th percentile of positive values. All brokers give the same pattern. ∗∗∗

𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

3.5 When the Purchase Effect Arises

The purchase effect arises on the day of the first chat. Access raises purchases on that day
by 0.18 percentage points (standard error 0.10) and does not change the first-purchase
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hazard on later days. A daily model of days 0 to 14, which separates keeping customers
in the conversation from converting conversations into purchases, attributes about 85
percent of the modelled 15-day purchase effect to the purchase hazards and about 14
percent to continuation (Appendix B).

Access adds buyers; it does not make them decide sooner. Among customers who
buy life insurance within 29 days, 39 percent of Treat buyers and 40 percent of Control
buyers buy on the first-chat day, and the median buyer in both groups buys on day 1; for
savings-type life insurance the median is day 3 in both groups (Appendix Table A15).
The life-insurance effect is 0.16 percentage points on day 0 and 0.33 points by day 14,
while the health-insurance effect stays near zero at every horizon.

The effect of initial access also accumulates. Figure 5 cumulates the same customers’
purchase records from the first-chat day; during the experiment their original assign-
ment governs access in later conversations, and after full rollout brokers have the tool
for both groups. The purchase estimates build to 0.43 percentage points after 30 days for
all customers and 0.56 points for returning non-buyers.11 Cumulative purchases remain
0.48 points higher by full-rollout week 7 (Appendix Table A16). This persistent gap
after common access limits the explanation that access only moved purchases forward
in time.

11These cumulative estimates use purchase records only, one per customer and day; the 30-day outcome
in Table 2 uses the platform 15-day field, so the two measures differ by definition.
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Figure 5: Cumulative Effects of Initial Access to AI Advice
Notes: Customers of non-pilot brokers. Each marker is the coefficient on the customer’s initial Treat
assignment, with a 95 percent confidence interval, for (a) an indicator of any purchase and (b) premium
(yuan, winsorized), cumulated from the first-chat day to each subsequent horizon. Outcomes use
purchase records, one per customer and day. Circles and solid line: all customers; triangles and dashed
line: returning non-buyers. Numbers below the horizontal axis of panel (a): Control mean of cumulative
purchase for all customers (percent). Broker, first-chat-day and customer-rating fixed effects; standard
errors clustered by broker.

23



3.6 Subsequent Customer Contact

Treat customers are 1.37 percentage points more likely to return to chat on days 15 to
45, on a Control rate of 15.19 percent (Table 4). The extra buyers stay in contact: the
joint probability of buying on days 0 to 14 and returning to chat rises by 0.30 percentage
points, and the joint probability of an initial purchase followed by another purchase day
by day 45 by 0.13 points. All six contact and joint-event tests survive a Holm adjustment.
Joint probabilities do not identify the later behavior of the specific customers induced
to buy; further estimates are in Appendix B.

Later purchases are not confined to life insurance. On days 15 to 45, access raises
life purchases by 0.17 percentage points (standard error 0.07) on a Control rate of 0.74
percent, and health purchases by 0.08 points (0.03) on a Control rate of 0.18 percent
(Appendix Table A14, Panel B). The health product that shows no effect at first thus
gains later, once customers have stayed in contact with the broker.

Table 4: Initial Purchases and Subsequent Customer Contact

Dependent variable (pp) Effect, all Control Effect, returning Control

Purchase, days 0 to 14 0.283∗∗ 3.931 0.324 4.151
(0.139) (0.228)

Return chat, days 15 to 45 1.366∗∗∗ 15.190 1.761∗∗∗ 20.600
(0.266) (0.443)

Initial purchase and later chat 0.301∗∗∗ 1.471 0.424∗∗∗ 1.717
(0.086) (0.143)

Initial purchase and another purchase day 0.134∗∗ 0.657 0.261∗∗∗ 0.679
(0.061) (0.096)

Notes: All 124,347 customers of non-pilot brokers, including 51,579 returning non-buyers; all customers
remain in the denominator. Broker, first-chat-date and customer-rating fixed effects; standard errors
clustered by broker in parentheses. Initial purchase is a purchase record on days 0 to 14. Return chat is a
positive dialogue-round record on days 15 to 45. Another purchase day occurs after the first purchase
and by day 45. Joint outcomes do not condition the estimation sample on buying. The six return-chat,
purchase-and-chat and repeat-purchase tests across the two populations all survive Holm adjustment
(largest adjusted 𝑝 = 0.028). These outcomes do not identify which customers are induced buyers,
satisfaction or suitability.

Consumer welfare. The data cannot measure the welfare value of the additional
policies, but they can rule out the most aggressive form of pressure selling. Purchases
are retained policies, net of refunds; later contact rises rather than falls; and the gains
are not concentrated in the largest policies. New customers do not buy more life policies
of 100,000 yuan or more (−0.01 percentage points, standard error 0.05), and prior
buyers are less likely, not more, to spend more than twice their own earlier spending
(−2.19 points on a base of 4.51 percent, 𝑝 = 0.086). These patterns are not proof of
suitability: the records do not measure existing coverage, needs, income or cooling-off
cancellations. Commission incentives and the tool’s product suggestions should be read
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together (Anagol et al., 2017; Egan, 2019; Bergstresser et al., 2009): a tool trained on
past successful conversations may learn to propose what sold rather than what fits.

3.7 Spillovers and Robustness

Because brokers knew each customer’s group, effort moved toward Treat customers
would inflate the estimates and skills carried into Control conversations would attenuate
them (Section 3.1). The daily mix of a broker’s new chats tests both: within a broker
and day, the number of Treat customers varies randomly around the day’s Treat share.
A day with more Treat customers should therefore leave the broker’s Control customers
worse off under effort reallocation and better off under skill spillovers. Neither happens:
one more Treat customer on the same day changes Control customers’ 15-day premium
by 6 yuan (standard error 23), and the implied effect of full access is imprecise but close
to the customer-level effect (Appendix B).

The 15-day premium effect is largest for customers who first chatted in week 1
and smaller later, though equality across weeks is not rejected (𝑝 = 0.27); the decline
comes from Treat outcomes falling, not Control outcomes rising (Appendix Figure A10).
Adding prior-funnel-stage fixed effects or dropping transition-day customers leaves the
premium effect at 88 and 85 yuan (Appendix Table A6). Section 6.5 discusses learning
carried across the rollout at the broker level.

4 Broker Ability and the Revenue Effect

Does generative AI spread expertise to weaker brokers, or raise the return to expertise
they already have? In customer support, professionalwriting and software development,
AI helps the least experienced workers most (Brynjolfsson et al., 2025; Noy and Zhang,
2023; Cui et al., 2026); among small-business owners it helps the strongest (Otis et al.,
2026). In insurance advice the answer depends on the product and on whether the
customer already knows the broker. Among customers who had already chatted with
the same broker, higher-ability brokers gain more, mainly through large life policies;
for new customers the gain varies little with ability, and in health insurance the tool
narrows gaps across brokers. Because brokers know which customers have the tool,
part of the premium gradient reflects how they divide effort between the two groups
(Section 4.4).

I augment equation (1) with assignment interacted with standardized ability:

𝑦𝑖 = 𝛽Treat𝑖 + 𝜃Treat𝑖 × Ability𝑏(𝑖) + 𝛼𝑏(𝑖) + 𝛿𝑡(𝑖) + 𝜇𝑔(𝑖) + 𝜀𝑖. (2)

Broker fixed effects absorb the main effect of ability, so 𝜃 compares Treat and Control
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customers of the same broker. Ability is the index of Section 2.5, built from the ten pilot
weeks without any experiment-period score; it combines each broker’s sales perfor-
mance in those weeks (premium, conversions and conversion rate) with tenure, so it
measures recent sales performance more than experience. The sample contains 120,586
customers of 746 non-pilot brokers, including 50,242 returning non-buyers. Its average
premium effects, 93 yuan at 15 days and 165 yuan at 30 days, are close to those of the
full sample of 831 brokers, so restricting to brokers with the index does not select larger
effects.

4.1 Levels and Proportions

A tool that raised every broker’s revenue by the same percentage would give a positive
interaction in levels wherever strong brokers sell more without it. Figure 6 therefore
plots Control and Treat premium per customer by ability quintile on a log scale, where
a widening gap means a rising Treat-to-Control ratio.

Without the tool, premium per customer rises little with ability: the Control slope
is 34 yuan per standard deviation (standard error 30) for all customers and −6 yuan
(39) for returning non-buyers. With the tool, it is 123 yuan (22) and 136 yuan (36). The
proportional (Poisson, PPML) Treat effect rises from 18 percent in the bottom quintile to
75 percent in the top, and reaches 164 percent in the top quintile of returning non-buyers
(Appendix Table A22). At 30 days the Control slope is positive (99 yuan), but the Treat
slope is more than twice as steep (235 yuan). The purchase margin differs: stronger
brokers convert more customers in both groups (Control and Treat slopes of 0.34 and
0.40 percentage points), with an interaction of 0.03. The tool raises what strong brokers
sell, not how often they sell.

4.2 The Ability Gradient

A standard deviation of ability raises the 15-day premium effect by 107 yuan (standard
error 42) and the 30-day effect by 155 yuan (61) (Table 5). This is test M2 of the primary
family: wild-cluster-bootstrap 𝑝 = 0.010, Holm-adjusted 𝑝 = 0.030. Among returning
non-buyers the interactions are 150 yuan (56) and 211 yuan (96), and the purchase
interactions 0.37 percentage points at 15 days (𝑝 = 0.052) and 0.43 at 30 days (𝑝 = 0.048).
In proportions (Table 5, columns 6 and 7), the Treat-to-Control premium ratio rises by
24 percent per standard deviation for all customers (𝑝 = 0.051; score bootstrap 𝑝 = 0.041,
Holm-adjusted 0.066 in the PPML family) and 40 percent for returning non-buyers
(𝑝 = 0.035), and by 18 and 23 percent at 30 days. The gradient is therefore clearer in
yuan than in proportions: stronger brokers gain more premium per customer, and the
ratio of Treat to Control premium rises with ability by about a quarter per standard
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Figure 6: Premium per Customer by Broker Ability, Control and Treat Groups
Notes: Customers of non-pilot brokers with the ability index (120,599 customers of 750 brokers). This
sample needs only the index; the common sample of the ability regressions (120,586 customers of 746
brokers) also requires the inputs of every alternative measure. Mean 15-day premium (yuan, winsorized
at the 99th percentile of positive values, log scale) by customer-weighted quintile of the pre-experiment
ability index (constructed from the pilot weeks). Panel (a): all customers; panel (b): returning non-
buyers. Panel (c): the Treat coefficient on 15-day premium within each quintile (broker, first-chat-day
and customer-rating fixed effects) with 95 percent confidence intervals clustered by broker (Appendix
Table A22). In proportions (Poisson pseudo-maximum likelihood with the same fixed effects), the
effects by quintile are 18, −8, −4, 54 and 75 percent for all customers and reach 164 percent in the top
quintile of returning non-buyers. Slopes are coefficients on the index estimated within each group with
first-chat-date and customer-rating fixed effects; standard errors clustered by broker. The Treat × ability
coefficient is estimated within broker (Table 5).
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deviation, less precisely.
Tenure alone gives 15-day interactions of 95 yuan overall and 136 yuan among

returning non-buyers. The gradient survives dropping one broker at a time (91 to 126
yuan), reweighting to a customer mix common to all quintiles (83 yuan) and removing
winsorization (153 yuan) (Appendix Table A23). It reflects general sales ability rather
than specialization in life insurance: tenure, conversions and the conversion rate each
carry a gradient on their own, specialization carries none, and instrumenting one half
of the pilot index with the other raises the gradient to 125 yuan, so measurement error
attenuates the main estimate (Appendix Table A20).

The newest brokers gain least. The 15-day premium effect is 23 yuan (51) for brokers
with less than three months of tenure and 236 yuan (98) for brokers with more than
a year; the linear trend across four tenure groups has 𝑝 = 0.090, and equality across
groups is not rejected. These are differences across brokers, not the effect of tenure
on one broker, but they run opposite to customer support, where AI lets new workers
perform like experienced ones (Brynjolfsson et al., 2025).

The gradient does not come from stronger brokers drawing longer conversations
from Treat customers: the Treat interaction on chat-window contact in the first two
weeks is −0.62 percentage points, and the premium gradient stays at 108 yuan with
realized engagement controls. Nor does it fade: it is 129, 57 and 126 yuan for customers
whose first chat fell in weeks 1, 2 and 3 (Appendix Table A31). Where the gradient sits
among returning non-buyers, and how much of it reflects the division of effort between
groups, is the subject of Section 4.4.

4.3 Where the Gains Go: Products, Policy Size and Task Intensity

Among returning non-buyers, the life-insurance purchase effect rises by 0.49 percentage
points per standard deviation of ability, and the life gradient exceeds the health gradient
by 0.66 points (wild-cluster-bootstrap 𝑝 = 0.002; Appendix TableA25). For all customers
the difference is 0.33 points, test M3 of the primary family (Holm-adjusted 𝑝 = 0.044),
and it comes from a negative health gradient (−0.20 points, standard error 0.09) more
than a positive life gradient (0.13, 0.11). Figure 7 shows the implied effects at the
quartiles and median of ability: life-insurance effects rise with ability, health-insurance
effects are small, decline with ability and turn negative for strong brokers. By policy
size, the gradient in buying at least 30K yuan is 0.13 percentage points (0.04) for all
customers, while the gradient below 5K yuan is −0.09 and not significant.

Skill intensity. To compare tasks directly, I measure for each task cell (life and health
purchase, three policy-size bins, any purchase and premium, for new customers and
returning non-buyers) how much ability matters without the tool, using non-pilot
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Table 5: Pre-Experiment Broker Ability and the Effects of Access to AI Advice

Dependent variable: Purchase Life purchase Premium Purchase Premium Premium Premium
15 days (pp) 15 days (pp) 15 days (yuan) 30 days (pp) 30 days (yuan) 15 days (%) 30 days (%)

PPML
(1) (2) (3) (4) (5) (6) (7)

Panel A. All customers
Treat × ability index 0.03 0.13 107∗∗ 0.11 155∗∗ 23.7∗ 18.0∗

(0.12) (0.11) (42) (0.14) (61) (13.5) (10.9)
Treat × tenure 0.04 0.04 95∗∗ 0.10 91 24.8∗ 9.7

(0.13) (0.12) (39) (0.15) (62) (15.2) (11.0)
Control-group ability slope 0.34∗∗∗ 0.23∗∗ 34 99∗∗ 10.4 18.0∗∗

(0.11) (0.10) (30) (44) (9.1) (8.0)
Treat-group ability slope 0.40∗∗∗ 0.35∗∗∗ 123∗∗∗ 235∗∗∗ 30.3∗∗∗ 34.5∗∗∗

(0.06) (0.05) (22) (38) (5.2) (5.4)

Panel B. Returning non-buyers
Treat × ability index 0.37∗ 0.49∗∗∗ 150∗∗∗ 0.43∗∗ 211∗∗ 40.0∗∗ 23.5

(0.19) (0.17) (56) (0.22) (96) (22.3) (17.6)
Treat × tenure 0.46∗∗ 0.25 136∗∗∗ 0.50∗∗ 144 43.8∗ 11.8

(0.20) (0.20) (52) (0.23) (104) (26.7) (16.9)
Control-group ability slope 0.07 0.04 −6 95 −1.6 15.8

(0.18) (0.16) (39) (76) (12.5) (12.4)
Treat-group ability slope 0.48∗∗∗ 0.52∗∗∗ 136∗∗∗ 31.4∗∗∗ 35.8∗∗∗

(0.09) (0.09) (36) (7.9) (7.4)

Notes: Interaction rows: coefficients on Treat × the broker measure per broker standard deviation, one
measure per regression, with broker, first-chat-date and customer-rating fixed effects; broker fixed effects
absorb the main effect of ability. Common sample: 120,586 customers of 746 non-pilot brokers, including
50,242 returning non-buyers. Life purchase in column (2) is from the stacked life and health purchase
equations of Table A25. Slope rows: the coefficient on the ability index estimated separately within the
Control group and within the Treat group, with first-chat-date and customer-rating fixed effects and
no broker fixed effects (the index is a broker variable), on the 120,599 customers of 750 brokers with
the index. They show how much ability matters without and with the tool; their difference is not the
interaction, which is estimated within broker. Blank cells were not estimated or not exported. The index
is the first principal component of tenure, mean daily premium, conversions and conversion rate over the
ten pilot weeks, built on non-pilot brokers and standardized; no experiment-period platform score enters
it. Premium in yuan, winsorized at the 99th percentile of positive values. Columns (6) and (7): Poisson
pseudo-maximum likelihood on the same premium outcomes, reported as 100 × (exp(𝛽) − 1) per broker
standard deviation with delta-method standard errors; interaction rows with broker, first-chat-date and
customer-rating fixed effects on the customers with the index (brokers, days or ratings with no premium
drop out), slope rows without broker fixed effects as above; stars test the Poisson coefficient. They
measure the gradient in proportions: whether the Treat-to-Control premium ratio rises with ability. With
the null imposed, the score bootstrap gives 𝑝 = 0.041 for the all-customer interaction in column (6) and
𝑝 = 0.026 for returning non-buyers. Standard errors clustered by broker in parentheses. * 𝑝 < 0.10, **
𝑝 < 0.05, *** 𝑝 < 0.01.
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Figure 7: Life- and Health-Insurance Effects across Pre-Experiment Ability
Notes: Stacked product OLS with product-specific broker, first-chat-date and customer-rating effects.
Linear combinations of Treat and Treat × the pre-experiment index at customer-weighted P25, P50 and
P75; percentage points with 95 percent broker-clustered intervals. Gradient differences are estimated
jointly (Appendix Table A25).

brokers’ customers whose first chat fell in pilot weeks 6 to 10 and an index rebuilt on
pilot weeks 1 to 5. Figure 8 plots the experiment’s Treat × ability coefficient against this
slope. Ability matters without the tool in all fourteen cells, but the tool does not scale
these slopes up uniformly: its interaction is positive in premium, life insurance and
policies of 5K yuan and above, and negative in health insurance and new customers’
small policies. Among returning non-buyers, cells where ability mattered more without
the tool are those where the tool raised its return more (correlation 0.80 across seven
cells); for new customers there is no such relation (0.18).

These comparisons are descriptive: cells overlap, few cell interactions are individu-
ally significant, and the sign of the cross-cell relation depends on scale (Appendix C).
The robust pattern is by the value and complexity of the task: the tool raises the return
to ability in life insurance, large policies and among returning non-buyers, and flattens
it in health insurance and small policies. The two lines differ mainly in value and in how
long customers take to decide: a life policy’s median premium is about 20 times a health
policy’s, and the median life policy is bought 5 days after the first chat against 1 day
for health, although the conversations before a purchase are about as long (Appendix
Table A1). One explanation is that the tool’s content is enough where customers can
check the terms themselves, as in short-term medical cover, but in savings-type life
insurance customers act on content only as far as they trust the broker who sends it.
Section 7 develops this explanation. A second, complementary explanation concerns
incentives.
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Incentives. The cells that differ in complexity also differ in what a sale pays the
broker. Brokers’ pay includes a performance component tied to sales, and an average
life policy pays the broker more per sale than a health policy because it is much larger:
life insurance is 58 percent of the brokers’ policies but 91 percent of their premium
(Appendix Table A1). Per yuan of premium the ranking reverses, since single-premium
savings policies carry first-year commission of only a few percent while long-term
protection carries much more. Incentives therefore matter for where the tool raises
the return to ability: a broker gains most from using AI suggestions well where a
sale is worth most to her, and the decomposition in Section 7.1 shows that strong
brokers’ gains come mainly from larger purchases per buyer and more life buyers.
Incentives cannot produce the gradient through the commission schedule alone, because
a broker’s Control customers carry the same schedule; but because brokers know which
customers have the tool, incentives can shift effort between the two groups, which
Section 4.4 examines. Strong brokers also adopt a smaller share of the suggestions they
receive (Section 5), which fits selective use. The data contain no commissions, so I
cannot separate the tool’s accuracy by task from the broker’s reward by task; Section 3.6
discusses what the records say about suitability.
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Figure 8: Skill Intensity without the Tool and the Tool’s Effect on the Return to Ability
Notes: Each point is a task cell for new customers (circles) or returning non-buyers (squares). Horizontal
axis: slope of the 15-day outcome on ability among non-pilot brokers’ customers whose first chat fell in
pilot weeks 6 to 10, before these brokers had the tool, in percent of the cell mean per standard deviation.
Vertical axis: Treat × ability in the experiment, in percent of the Control cell mean, with 95 percent
broker-clustered intervals. Ability is the index rebuilt from pilot weeks 1 to 5. K = 1,000 yuan. Estimates
in Appendix Table A27.
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4.4 Customers Who Know the Broker, and the Division of Effort

The ability gradient among returning non-buyers sits with customers who had already
chatted with the same broker, about a third of them. With the main index, the premium
gradient is 189 yuan (64) for these customers and an insignificant −59 yuan for the
other returning non-buyers (𝑝 = 0.11 for the difference; Appendix C). In the rest of
this section ability is the index rebuilt from pilot weeks 1 to 5 with the main recipe,
as in the task cells above. Among these customers, access raises the probability of
buying a life policy by 1.04 percentage points (standard error 0.35) on a Control rate
of 3.2 percent, and of buying one of 30,000 yuan or more by 0.61 points (0.21) on 1.1
percent; each standard deviation of ability raises these effects by 0.88 (0.33) and 0.56
(0.20) points. Among customers who had chatted only with other brokers, the effects
and their gradients are small, and among prior visitors the gradient is smaller; equality
across the three groups has 𝑝-values of 0.06 to 0.08 for life insurance. The number of
earlier chat days with the broker does not change the effect. For new customers, the
effect on life purchases does not rise with ability at any policy size (Appendix F).

Brokers see which customers have the tool, so the gradient could partly reflect how
they divide effort between the two groups rather than what the tool adds. Two com-
parisons address this. First, relative to customers of the same brokers who had chatted
with them before and whose first chat fell in pilot weeks 6 to 10, before these brokers
had the tool, the ability slope in buying a life policy of 30,000 yuan or more falls for
Control customers in the experiment (−0.52 of the period mean per standard deviation,
standard error 0.17) and is unchanged for Treat customers (0.00, 0.14), and stronger
brokers’ Control customers buy more health insurance. Much of the experimental
gradient among these customers is thus a decline on the Control side; with a common,
shorter historywindow the Treat-minus-Control difference is smaller and not significant.
Second, in the pilot every customer of a pilot broker had the tool, so pilot brokers could
not divide effort between groups. Measuring ability before the pilot, by an index of
the same recipe and by rank, the gradient of pilot status in large life policies among
customers who had chatted with the same broker is 0.28 (0.17) and 0.35 (0.17) of the
mean per standard deviation, about as large as the experiment’s 0.27 and 0.15 with the
same measures, but the premium gradient is close to zero (0.04, 0.18, against 0.59, 0.31).
These pilot comparisons are imprecise, and they weaken when the outcome window is
kept inside the pilot (Appendix F).

I read the evidence as follows. Stronger brokers do convert more large life policies
with the tool among customers who know them, even where they cannot favor one
group. The premium gradient measured in the experiment also reflects the division of
effort between groups, so I treat it as an upper bound on what the tool adds to stronger
brokers’ premium at full deployment.
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4.5 Interpretation

Across these results, access to AI advice raises the revenue return to broker ability in
large life policies sold to customers who already know the broker, and narrows gaps
in health insurance. With the same tool, brokers and days, the tool amplifies ability in
one kind of advice and levels it in another, reconciling the skill-leveling evidence from
customer support, writing and software with the evidence for entrepreneurs (Otis et
al., 2026). Without the tool, stronger brokers sell larger life policies rather than more of
them: among non-pilot brokers’ policies during the pilot, the life share of policies varies
little with ability (0.39 percentage points per standard deviation, standard error 0.59),
while premium per life policy rises by about 26 percent per standard deviation and
premium per health policy by about 12 percent. The design does not identify whether
strong brokers’ advantage comes from evaluating suggestions, adapting them, or the
customer context they bring; Section 5 asks what the usage logs can say.

5 AI Adoption and Its Value

Firms, and much research, measure AI by how much it is used. Do strong brokers gain
more because they use the tool more? The logs record, for every Treat conversation,
whether the broker received AI suggestions and how she handled each one. Adoption
turns out to be a stable broker trait but a poor guide to the broker’s gain: brokers who
adopt more gain less, and gains line up with ability instead.

5.1 Receipt and Adoption

Assignment enables the tool, but generation takes time, and many short conversations
end before a suggestion is produced. Receipt therefore reflects the opportunity to receive
a timely suggestion, not the broker’s willingness to use AI. Let 𝐸𝑖 indicate that the broker
received at least one AI suggestion while serving customer 𝑖. I estimate

𝐸𝑖 = 𝜋Treat𝑖 + 𝛼𝑏(𝑖) + 𝛿𝑡(𝑖) + 𝜇𝑔(𝑖) + 𝑢𝑖 (3)

and divide the Treat effect on outcomes by 𝜋. This is a Wald scaling per customer whose
broker receives suggestions because the tool is enabled; it is a local average treatment
effect only under exclusion, which fails if brokers respond to knowing a customer’s
group.

Assignment raises the share of customers for whom the broker receives any sugges-
tion by 45 percentage points, from 0.7 percent in the Control group, and the share with
at least one adopted suggestion by 19 points (Table 6). Scaled by receipt, the premium
effect is 196 yuan (standard error 89), and 301 yuan (152) for returning non-buyers.
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Receipt rises with ability, from 41 percentage points in the bottom quintile to 50 in
the top, while the effect on any adoption stays between 18 and 20 points (Appendix
Table A22).

Table 6: Assignment, Receipt of Suggestions, and Revenue

Dependent variable All customers Returning non-buyers
(1) (2)

Any suggestion: first stage (pp) 44.97∗∗∗ 37.59∗∗∗

(0.41) (0.43)
Control mean (percent) 0.68 1.03
First-stage F 11,931 7,728
Any adoption: first stage (pp) 19.30∗∗∗ 15.30∗∗∗

(0.39) (0.35)

Exposure-normalized outcome effects
Purchase (pp) 0.26 0.29

(0.28) (0.52)
Premium (yuan) 196∗∗ 301∗∗

(89) (152)

Notes: Customers of non-pilot brokers. First stages are effects of Treat on whether the broker receives
or adopts any suggestion for the customer. Exposure-normalized effects instrument any receipt with
assignment; units are per additional customer whose broker receives suggestions, under exclusion and
monotonicity. They are not returns per individual suggestion. OLS with broker, first-chat-day and
customer-rating fixed effects; standard errors clustered by broker in parentheses. Premium in yuan,
winsorized at the 99th percentile of positive values. A Poisson control-function version of the premium
row is too imprecise to report (two-step bootstrap 𝑝 above 0.8), so the exposure-normalized premium
effect is given in yuan only. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

When suggestions arrive. Use is concentrated in the first conversation. Of all sug-
gestions brokers receive for Treat customers over days 0 to 14, 64 percent arrive on the
first-chat day, and 89 percent of customers whose broker receives any suggestion receive
the first one that day (Appendix Table A33). Suggestions arrive at roughly one per
customer message, 0.7 to 1.0 per chat round, so the chance that a broker receives one
rises with the length of the day’s conversation, from 54 percent with one round to 92
percent with more than 20. The adoption rate moves the other way, from 30 to 8 percent:
in long conversations brokers receive many suggestions and send few of them. On the
day a customer buys, the chance of receiving a suggestion is 21 percentage points higher
than on the day before, but the adoption rate is the same.

5.2 Brokers Who Adopt More Do Not Gain More

Within Treat conversations, more adoption goes with fewer purchases and less premium
(Appendix Figure A16). This comparison mixes the value of adoption with the reasons
brokers adopt: brokers may lean on suggestions in hard conversations. To learn whether
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brokers who adopt more gain more, I therefore compare experimental effects across
brokers. Because every broker serves both groups, each broker has her own unbiased
premium effect. I split each broker’s customers into two halves by the parity of the
first-chat day and relate her premium effect in one half to her adoption in the other. The
sampling noise in the halves is independent, so the cross-half covariance estimates the
covariance of true gain and true adoption, and scaling by cross-half variances gives a
noise-corrected correlation.

Across 654 non-pilot brokers, adoption is a stable trait: the adoption rate correlates
0.80 between halves and the share of suggestions sent 0.92 (Appendix Table A29). The
broker’s premium gain is far noisier: the variance of true broker gains is not significantly
above zero, so the corrected correlations are ratios of imprecise quantities, and their
intervals can exceed one in absolute value. They nonetheless point one way (Figure 9).
The gain correlates −0.39 with the adoption rate (95 percent bootstrap interval −1.63
to −0.11) and −0.33 with the share sent, is unrelated to receipt (−0.04), and correlates
positively with ability (0.42, interval 0.08 to 1.55). By tercile of adoption measured in
the other half, the 15-day premium effect is 161 yuan (68), 59 yuan and 15 yuan; the
top-minus-bottom difference has 𝑝 = 0.11.
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Figure 9: Broker Gains, Adoption and Ability: Split-Sample Evidence
Notes: Customers of non-pilot brokers, split into two halves by the parity of the first-chat day. Panels
(a) and (b): Treat effect on 15-day premium (yuan) and life purchase (percentage points) by tercile
of the broker’s adoption share measured in the other half, for all customers (filled) and returning
non-buyers (hollow), with broker-half, first-chat-date and customer-rating fixed effects and 95 percent
broker-clustered intervals. Panel (c): corrected correlation between the broker’s premium gain in one
half and each measure in the other half (adoption measures) or the fixed broker trait (ability index,
tenure), for 654 brokers, with 95 percent broker-bootstrap intervals (500 draws), which can exceed ±1.
Estimates in Appendix Table A29.

Broker rank points the same way. Higher-ranked brokers send a smaller share of the
suggestions they receive yet have larger premium effects (Figure 10): among returning
non-buyers the effect rises by 137 yuan (64) per rank step, although the omnibus test
across ranks has 𝑝 = 0.089 (Appendix Table A30). By ability quintile, the share of
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received suggestions sent falls from 12.9 to 7.7 percent while the premium effect rises
from 32 to 304 yuan. Strong brokers receive more suggestions, send fewer of them and
gain the most.
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Figure 10: Broker Rank, Adoption, and Pre-Experiment Ability
Notes: Non-pilot brokers. Panel (a): suggestion-weighted full adoption, partial direct sending, partial
adoption after edits, and their sum (total sent), divided by receipt; copied-as-inspiration is excluded.
Panel (b): 15-day premium-effect contrasts relative to rank L1, estimated jointly; L1 is a reference, not zero
effect. Panel (c): returning-non-buyer premium interactions per standard deviation of the pre-experiment
index and tenure, at 15 and 30 days. Outcome estimates include broker, date and rating effects; 95 percent
broker-clustered intervals. Adoption shares are descriptive.

5.3 Adoption over Time and Broker Time

Over the experiment, adoption and value move apart. Within the same brokers, the
share of Treat customers with any adopted suggestion rises from 15.1 percent for week-1
cohorts to 23.4 percent for week-3 cohorts, with unchanged receipt, while the 15-day
premium effect is 152, 60 and 10 yuan; equality across weeks is not rejected (𝑝 = 0.27),
so the decline is suggestive (Appendix Table A31). The rise is in the least selective ways
of using a suggestion: relative to week 1, the shares of received suggestions that are
copied and that are sent directly after deleting parts rise by 5.5 and 2.5 percentage points
in week 3, against 0.5 points for full adoption (Appendix Table A34). The increase in
copying is broad: 87 percent of brokers copy a larger share in week 3, in every rank.
How a broker handled suggestions on the previous day does not predict her gain on
the next day’s customers.

Nor does the tool show any sign of saving broker time: a random extra Treat customer
among a broker’s first chats does not lower her chat-window time that day or per
customer, and adds a little phone time (Appendix Table A32). Workload instead
changes how brokers use the tool. On a day when a broker happens to receive one more
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Treat customer than her day’s Treat share implies, she adopts 0.18 percentage points
more of the suggestions she receives (standard error 0.07, on a mean of 14.9 percent),
entirely through suggestions sent directly after deleting parts; full adoption and edited
sending do not rise (Appendix Table A34). When busier, brokers rely more on the
tool’s text and adapt it less, and the gain per Treat customer is smaller on busier days
(Section 6.6).

Together, the split-sample, rank, quintile and weekly comparisons show that adop-
tion is a misleading proxy for the value of access to AI advice: strong brokers gain most
while adopting least, and adoption rises while the effect does not. One explanation is
that strong brokers evaluate and adapt suggestions and send them selectively, as in
evidence that the value of discretionary overrides of algorithmic advice varies across
decision-makers (Angelova et al., 2026). The usage logs cannot separate this capability
from the customer context strong brokers bring, the question Section 4 left open. I
return to the gap between adoption and value in Section 7, which sets out a model in
which the tool’s accuracy differs by product and brokers screen its suggestions.

6 Brokerage Output: Evidence from the Pilot

Sections 3 to 5 compare customers of the same broker over the 20 days of the experiment.
That comparison leaves open two questions that the broker-level pilot can answer:
whether earlier access changes a broker’s premium revenue and the number of customers
she serves, and whether any advantage outlasts the period in which only some brokers
have the tool. After adjusting for differences that existed before the pilot, pilot brokers
do not earn more in the first five pilot weeks; a premium advantage appears fromweek 6
and persists, at a similar proportional size, after every broker has the tool. Pilot brokers
record only slightly more work than other brokers, and most of the advantage is more
premium per unit of recorded work, earned mainly through larger purchases. The
design cannot tell whether this persistence reflects learning and a larger customer stock
or differences in unobserved effort.

6.1 Design, Frame and Balance

Pilot brokers were drawn at random within rank, with probabilities that differ across
ranks. Two features of the roster complicate the comparison. First, the pilot changes
who works: on the roster at the start of the pilot, pilot brokers are 12 to 20 percentage
points more likely to work in each period (Appendix Table A37), so revenue gaps on
the full roster mix output with activity, and restricting to brokers active in the first pilot
week selects on a pilot outcome. Second, almost all pilot brokers had been active just
before the pilot (99.5 percent, against 52.5 percent of other brokers), so the draw appears
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to have been made among active brokers.
I therefore define the randomization frame before the pilot: brokers of ranks L2 to

L5 who worked on at least three of the nine days before the pilot, 862 brokers of whom
187 are pilot brokers. These nine days are used only to define this frame, to test balance
and to form baseline covariates. Pilot shares in this frame are 19.5 percent at L2, 25.2 at
L3, 20.7 at L4 and 44.0 at L5 (Table 7, Panel B).

Within rank, pilot brokers were not balanced on pre-pilot effort. They spent more
time on the telephone (0.15 log points, standardized difference 0.20) and in chat (0.09 log
points, 0.14), and were active on slightly more days, while their premium, conversions,
customers opened and tenure do not differ significantly; the seven covariates are jointly
imbalanced (𝜒2 = 29.6, 7 degrees of freedom, 𝑝 = 0.0001). I adjust for the imbalance by
ANCOVA: for broker 𝑏 and period 𝑝,

̄𝑦𝑏𝑝 = 𝛾𝑝 Pilot𝑏 + 𝛼𝑟(𝑏) + 𝜙𝑝 ̄𝑦𝑏0 + 𝑋′
𝑏0𝛿𝑝 + 𝑒𝑏𝑝, (4)

where ̄𝑦𝑏𝑝 is the broker’s average per calendar day in period 𝑝 (inactive days count as
zero), 𝛼𝑟(𝑏) are rank fixed effects, ̄𝑦𝑏0 is the same outcome over the nine pre-pilot days
and 𝑋𝑏0 are the pre-pilot covariates of Table 7. The periods are the first and second
five weeks of the pilot, the experiment, the first three weeks of full rollout and the later
weeks. I report robust standard errors and randomization-inference 𝑝-values from 500
permutations of pilot status within rank. Adjustment removes the observed imbalance,
not differences in unobserved effort correlated with it.

The meaning of the pilot coefficient changes over the rollout. During the pilot only
pilot brokers have the tool; during the experiment every broker can use it for Treat
customers, and in full rollout for every customer. From the experiment on, 𝛾𝑝 therefore
measures the persistence of an early-access advantage, not the effect of current access.

6.2 Revenue by Period

Pilot brokers’ premium advantage appears in the second half of the pilot and persists
after every broker has the tool (Table 8 and Figure 11). Conditional on pre-pilot sales
and effort, pilot brokers earn 536 yuan more premium per day in the first five pilot
weeks, a difference that is not statistically significant (randomization-inference 𝑝 = 0.29).
The difference rises to 1,076 yuan in weeks 6 to 10 (𝑝 = 0.054), about 18 percent of the
non-pilot mean, and to 3,632 yuan during the experiment (𝑝 = 0.046), about 24 percent
of a non-pilot mean that has nearly tripled with seasonal demand. It remains at 2,924
yuan in the first three weeks of full rollout (𝑝 = 0.13) and 3,859 yuan in the later weeks
(𝑝 = 0.012), about 14 and 23 percent of the non-pilot means. Conversions and customers
opened follow the same pattern with less precision. Without baseline adjustment, and
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Table 7: Pilot Assignment and Balance before the Pilot

Pilot Non-pilot Difference Standardized
mean mean within rank difference
(1) (2) (3) (4)

Panel A. Outcomes and effort on the nine days before the pilot
Log premium per day 6.50 6.03 0.341 0.12

(0.239)
Conversions per day 0.44 0.40 0.022 0.07

(0.026)
Customers opened per day 20.6 19.6 0.54 0.09

(0.48)
Active-day share 1.000 0.997 0.003∗∗ 0.11

(0.001)
Log phone seconds per day 7.54 7.38 0.150∗∗∗ 0.20

–
Log chat seconds per day 8.10 7.98 0.091∗∗ 0.14

(0.043)
Tenure (months) 11.5 10.8 −0.33 −0.04

(0.44)
Joint test, 𝜒2 (7 df) 29.6, 𝑝 = 0.0001
Panel B. Pilot share by rank

L2 L3 L4 L5
Brokers in the frame 544 206 87 25
Pilot brokers 106 52 18 11
Pilot share (%) 19.5 25.2 20.7 44.0

Notes: Pre-pilot frame: brokers of ranks L2 to L5 on the roster at the start of the pilot who worked on
at least three of the nine days before it (862 brokers, 187 pilot brokers). These nine days are used only
to define this frame, test balance and form the covariates of Table 8. Column (3): pilot minus non-pilot
brokers with rank fixed effects, robust standard errors in parentheses (the standard error for phone time
was not recovered from the exported output). Column (4): difference divided by the pooled standard
deviation. Per-day outcomes count inactive days as zero; phone and chat seconds are recorded broker
work time. The joint test covers the seven rows of Panel A. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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in the frame of brokers active in the first pilot week, the gaps are similar; the full roster
gives gaps 1.5 to 2 times as large because it also counts the effect of the pilot on whether
brokers work (Appendix E).
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Rank fixed effects only ANCOVA: rank, pre-pilot outcome and covariates

Figure 11: Early Access, Broker Revenue and Customers Served
Notes: Pilot minus non-pilot brokers by period in the pre-pilot frame (862 brokers, 187 pilot brokers),
per calendar day with inactive days counted as zero. Hollow circles: rank fixed effects only. Squares:
ANCOVA with rank fixed effects, the outcome’s pre-pilot value and pre-pilot covariates (Table 8). Bars
are 95 percent confidence intervals from robust standard errors. The dotted line separates the pilot, when
only pilot brokers had the tool, from the periods in which every broker had it.

6.3 No Convergence after Rollout

If the pilot gap reflected only current access, it would shrink once non-pilot brokers
received the tool. It does not: between the experiment and later full rollout the gap
changes by 443 yuan (randomization-inference 𝑝 = 0.83) and 0.17 log points (𝑝 = 0.35),
and in logs the gap is no larger in late full rollout than in pilot weeks 6 to 10 (0.04,
𝑝 = 0.84; Appendix Table A38). The proportional advantage that appears in the second
half of the pilot is stable through the experiment and full rollout.

Customers served and current-access quality explain part of the gap during the
pilot but leave most of it unexplained from the experiment on (Appendix E). Within
broker, customers opened per day rise with conversions in the previous seven days,
equally for pilot and non-pilot brokers, a feedback channel through which an early gain
in conversions can compound into more customers served (Section E.3). Scaling the
customer-level effect to a daily flow, current-access quality and extra customers served
account for part of the pilot-period gap, while from the experiment on most of the gap
is a residual that neither explains (Section E.4).
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Table 8: Early Access and Broker Revenue in the Pre-Pilot Frame

Pilot Pilot Experiment Full rollout Full rollout
weeks 1 to 5 weeks 6 to 10 Days 1 to 20 weeks 1 to 3 later weeks

Dependent variable (1) (2) (3) (4) (5)

Panel A. ANCOVA: rank, pre-pilot outcome and pre-pilot covariates
Premium per day (yuan) 536 1,076∗ 3,632∗∗ 2,924 3,859∗∗

(512) – (1,810) (2,000) (1,790)
RI 𝑝 [0.287] [0.054] [0.046] [0.134] [0.012]
Non-pilot mean 5,180 5,918 15,440 20,190 16,850

Log premium per day 0.101 0.302∗∗ 0.194 0.168 0.361
(0.115) (0.151) (0.212) (0.224) (0.236)

RI 𝑝 [0.391] [0.072] [0.431] [0.493] [0.114]
Conversions per day 0.004 0.025 0.059∗ 0.049 0.063∗

(0.014) (0.021) (0.032) (0.045) (0.037)
RI 𝑝 [0.810] [0.224] [0.064] [0.263] [0.118]
Non-pilot mean 0.42 0.45 0.59 0.81 0.69

Customers opened per day 0.43 0.57 1.07∗ 0.97 1.06
(0.27) (0.46) (0.62) (0.79) (0.86)

RI 𝑝 [0.174] [0.224] [0.096] [0.257] [0.234]
Non-pilot mean 21.0 19.3 18.5 21.5 22.9

Active-day share 0.008 0.011 0.015 0.009 0.028
(0.006) (0.015) (0.019) (0.023) (0.024)

RI 𝑝 [0.419] [0.521] [0.463] [0.689] [0.265]
Panel B. Rank fixed effects only: premium per day (yuan) by frame
Pre-pilot frame (862 brokers) 670 1,227∗ 3,907∗∗ 3,438∗ 4,349∗∗

(533) (652) (1,850) (2,090) (1,810)
Active in pilot week 1 (858 brokers) 716 1,303∗∗ 4,073∗∗ 3,551∗ 4,504∗∗

(538) (647) (1,860) (2,100) (1,810)
Eligible roster (1,074 brokers) 1,224∗∗ 1,887∗∗∗ 6,015∗∗∗ 6,270∗∗∗ 6,565∗∗∗

(495) (592) (1,680) (1,910) (1,660)

Notes: Pilot minus non-pilot brokers, per calendar day (inactive days count as zero). Pre-pilot frame:
brokers of ranks L2 to L5 on the roster at the start of the pilot who worked on at least three of the nine days
before it; 862 brokers, 187 pilot brokers. Panel A adds to rank fixed effects the outcome’s pre-pilot value
and the pre-pilot covariates of Table 7. Panel B compares frames with rank fixed effects only: the pre-pilot
frame; brokers active on at least three days of the first pilot week (858 brokers, 187 pilot brokers), a frame
selected on a pilot outcome; and the full eligible roster (1,074 brokers, 204 pilot brokers), whose gap
includes the effect of the pilot on whether a broker works at all. Robust standard errors in parentheses;
the standard error of the premium estimate in column (2) of Panel A was not recovered from the exported
output. Brackets: randomization-inference 𝑝-values from 500 permutations of pilot status within rank.
Premium is winsorized at the 99th percentile of positive broker-days. Full rollout weeks 1 to 3 are the first
three weeks after the experiment; later weeks run to the end of the observation window. ∗∗∗ 𝑝 < 0.01, ∗∗

𝑝 < 0.05, ∗ 𝑝 < 0.10.
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6.4 Effort and Revenue per Unit of Effort

Does the advantage come from working more or from earning more for the same
work? Appendix Table A43 answers in proportional terms, using the same frame and
adjustment with Poisson estimates. Pooled from pilot week 6 to the end of the window,
pilot brokers’ premium is 15.0 percent higher (randomization-inference 𝑝 = 0.023).
Their recorded effort is only slightly higher: 1.5 percent more work days (𝑝 = 0.56), 4.0
percent more customers opened (𝑝 = 0.18), 4.5 percent more chat rounds (𝑝 = 0.27),
4.3 percent more telephone time (𝑝 = 0.23) and 6.3 percent more chat time (𝑝 = 0.090).
None of these gaps changes at week 6, when the premium gap appears.

Premium per unit of recorded effort therefore remains higher. Per work day the
gap is 13.1 percent (𝑝 = 0.047); per chat round 10.8 percent (𝑝 = 0.050); per customer
opened 10.7 percent (𝑝 = 0.056); per minute of chat 7.9 percent (𝑝 = 0.13); and with
all five effort measures as controls 8.2 percent (𝑝 = 0.090). Conversions per customer
opened do not differ. Splitting the log premium gap of 0.14 into customers opened,
conversions per customer opened and premium per conversion gives 0.040, 0.028 and
0.076: about half of the gap, and the only part significant at the 10 percent level, is larger
purchases. This matches the customer experiment, where access raises premium mainly
through life policies of 10,000 yuan or more (Section 3.3).

Two qualifications apply. Effort is recorded after assignment and may itself respond
to access, so the per-unit gaps describe revenue per unit of recorded work rather than a
causal split; if access also raised effort, they understate what access added per unit of
work. And the per-unit gaps are largest in pilot weeks 6 to 10 and the experiment (16 to
20 percent per work day) and smaller in full rollout (about 10 percent, not statistically
significant), while in the nine days before the pilot, premium per unit of effort is already
20 to 25 percent higher for pilot brokers, with standard errors of about 17 percentage
points. Nine days cannot rule out a pre-existing difference in revenue per unit of effort.

6.5 Learning or Selection

The persistent residual is consistent with learning: brokers who used the tool longer
may have learned to advise better, built routines, or accumulated returning customers
who later bought, and the gap’s delayed appearance fits such accumulation. The delay
is weaker evidence than it seems, however, because the gap appears when demand
for savings-type life insurance was rising, as guaranteed rates were expected to fall;
if the tool’s value lies in such sales, the gap could appear then even without learning.
But the same pattern fits selection that the adjustment misses: pilot brokers worked
more before the pilot, and a constant difference in unobserved effort or in revenue per
unit of effort, growing with seasonal demand, produces a persistent proportional gap.
Recorded effort alone cannot carry this account, because after adjustment it differs by
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only a few percent (Section 6.4).
The available moments cannot separate these accounts. A simulated broker expe-

rience stock that accumulates with AI-assisted conversations and depreciates, with a
free selection term for pilot brokers, is not recovered from the pilot gaps, the weekly
customer-level effects and the random dose of Treat customers: the 95 percent profile
sets for the learning parameters cover the whole grid, and learning is roughly recovered
only if no selection is imposed, a restriction the balance test rejects (Appendix E). The
direct dose test is also uninformative: no effect of the excess number of Treat customers
a broker previously served is significant at the 5 percent level, and the upper bounds
allow large effects (Appendix Table A41 and Figure A19). Nor do Control customers of
non-pilot brokers catch up with those of pilot brokers during the experiment, so there
is no sign of growing spillover into conversations without AI. Recorded effort does not
settle it either: after adjustment, pilot brokers work only a few percent more, and most
of the premium gap remains per unit of recorded effort (Section 6.4), but the per-unit
gap is imprecise in full rollout and a pre-pilot difference in revenue per unit of effort
cannot be ruled out.

Whether initial gains persist is a question about learning and technology adoption.
AI can disseminate expertise (Brynjolfsson et al., 2025), but use, retained skill and
labor-market outcomes are different objects (Humlum and Vestergaard, 2025b,a), com-
plementary organizational investment matters (Brynjolfsson et al., 2021; Babina et al.,
2026), and current production differs from human-capital development (Emanuel et al.,
2026). The pilot shows that earlier access is followed by a lasting revenue advantage once
every broker has the tool, earned mostly as more premium per unit of recorded work
and through larger purchases rather than through more work. Because the measured
selection runs toward more effort among pilot brokers, the gap more likely overstates
than understates the dynamic return to early access, and I do not read it as an estimate
of retained skill.

6.6 What Full Deployment Implies

The customer experiment compares customers of the same broker while the broker’s
other customers lacked the tool, and the pilot compares brokers while other brokers
lacked it. Neither contrast is the effect of giving the tool to everyone. Four results speak
to full deployment.

First, the customer-level effect does not come from displacing Control customers.
The random daily number of Treat customers a broker serves does not change Control
customers’ 15-day premium (6 yuan per additional Treat customer, standard error 23)
or the broker’s daily premium and conversions (Appendix Table A19). Adding the
same-day spillover gives an implied full-coverage effect of 159 yuan (standard error
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107), against a customer-level effect of 84 yuan in the same sample, so the customer
contrast neither clearly understates nor clearly overstates the effect of deployment.
Broker capacity does bind: on days with more first chats, Treat customers’ premium
is lower (Appendix Table A32), so the gain per conversation is likely smaller where
brokers are busier.

Second, initial access does more thanmove purchases forward. Once every customer
has the tool, customers first assigned to Treat still buy more: 0.22 percentage points in
full rollout alone and 0.48 points cumulatively by full-rollout week 7 (Table A16). The
premium gap, in contrast, is earned mostly in the experiment window; in full rollout
alone it is 35 yuan (standard error 74) for all customers and 129 yuan (139) for returning
non-buyers.

Third, common access does not erase differences across brokers. The pilot gap does
not converge after every broker has the tool (Section 6.3), so brokers who received the
tool earlier keep their advantage, whether through learning or selection (Section 6.5).

Fourth, the ability gradient measured in the experiment is an upper bound for
deployment. Part of it reflects how brokers divide effort between groups when they
know which customers have the tool (Section 4.4); under full deployment there is no
Control group to divert effort from. In the pilot, where this margin was absent, the
gradient in large life policies remains but the premium gradient is close to zero.

The design does not identify the aggregate effect on the platform. Full rollout has no
Control group and coincides with seasonal changes in demand for life insurance, so I
do not compare periods. Prices, commissions, insurers’ product offers and competition
from other channels lie outside the data; the shift from no purchase toward life insurance
(Section 3.4) is an expansion of purchases through this platform, not necessarily of the
insurance market.

7 Interpreting the Gains: Product and Relationship

The experiment and the pilot measure what access to the tool is worth; they do not say
why the gains differ by product, by the customer’s history with the broker and by broker
ability. Three patterns from Sections 4 and 5 constrain any explanation. The gains are
in life insurance and work mainly through premium per buyer. Higher-ability brokers,
measured by their sales performance before the experiment, gainmore among customers
who had already chatted with them, mainly through large life policies, while for new
customers the gain varies little with ability and in health insurance the tool narrows gaps
across brokers. Stronger brokers adopt a smaller share of the suggestions they receive.
I first show where the ability gap comes from and then propose an interpretation in
which the tool supplies content and the customer weighs it by how far she trusts the
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broker.

7.1 What Drives the Ability Gap

Table 9 decomposes the effect of access on premium among returning non-buyers by
quintile of the main ability index. The top quintile’s 15-day premium effect is 513 yuan
per customer and the bottom quintile’s 24 yuan; the gap of 490 yuan (bootstrap standard
deviation 177) is about 29 percent from a higher purchase probability (140 yuan) and
71 percent from higher premium per buyer (349 yuan). Among new customers, 79
percent of the 92-yuan effect is premium per buyer.

On the purchase records with product categories, the top-minus-bottom gap of
832 yuan is mostly life insurance (737 yuan), and its clearest component is basket
composition, 373 yuan (95 percent bootstrap interval 76 to 856). In the top quintile,
access adds life buyers (1.17 percentage points, standard error 0.45) and leaves health
buyers unchanged; in the bottom quintile it adds health buyers (0.47 points, 0.21).
Customers rarely buy both lines, and without the tool the life share of a broker’s policies
varies little with ability (Section 4.5), so I read this component as the tool helping
different brokers close different needs, not as brokers moving customers from one
product to the other.

7.2 Content and Credibility

A customer arrives with a need, for protection or for savings, that neither the broker nor
the tool changes. The two needs differ in what advice must achieve. Health insurance
in the data is mostly short-term medical cover priced at a few hundred yuan; its terms
can be checked, and customers who buy decide quickly (median one day after the
first chat). Life insurance in the data is mostly savings-type cover: the median policy
is about 20 times a health policy, one life policy in ten is 100,000 yuan or more, the
money is committed for years, and customers take longer to decide (median five days)
(Appendix Table A1). Whether such a policy suits the customer is revealed only over
years, so it is a credence good in the sense of Darby and Karni (1973): the customer
must rely on the broker’s word.

Let a broker of ability 𝑧 supply content 𝑘(𝑧), the product facts, comparisons and
illustrations in her replies, and credibility 𝑟(𝑧), how far the customer believes what she
says. The tool adds content 𝑎 to the conversations in which it is used, at a dose 𝜔(𝑧) that
falls with ability, since stronger brokers adopt a smaller share of the suggestions they
receive. For protection, the customer buys if the content resolves her questions,

𝑃𝑃(𝑧) = 𝐹(𝑘(𝑧) + 𝜔(𝑧)𝑎), (5)
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Table 9: Where the Ability Gap Comes From: Purchase Probability, Premium per Buyer and
Products

Returning non-buyers New

Bottom Top Top minus Top minus customers
quintile quintile bottom bottom, linear

(1) (2) (3) (4) (5)

Panel A. Platform 15-day premium effect (yuan per customer)
Total 23.6 513.3∗∗∗ 489.7∗∗∗ 511.2∗∗∗ 91.7∗∗

(87.0) (149.9) (176.9) (175.5) (44.2)
From purchase probability −43.4 97.0∗ 140.4∗∗ 115.3∗∗ 18.9

(38.7) (50.2) (59.8) (57.7) (14.5)
From premium per buyer 66.9 416.3∗∗∗ 349.4∗∗ 395.9∗∗ 72.7∗

(72.9) (144.5) (163.3) (166.0) (42.4)
Share from premium per buyer (%) – 81 71 77 79

Panel B. Purchase records, days 0 to 14 (yuan per customer)
Total 41.4 873.9∗ 832.4 862.3 43.8

(343.5) (496.7) (588.3) (568.9) (138.5)
From purchase probability 67.7 270.8 203.1 129.5 76.3∗

(133.8) (187.1) (228.0) (215.5) (43.8)
From basket composition −91.6 281.7 373.2∗ 401.8∗∗ 60.1∗

(63.0) (184.7) (195.5) (190.9) (33.4)
From premium within basket 65.3 321.4 256.1 331.0 −92.5

(333.5) (561.2) (634.4) (612.1) (139.9)
Panel C. Purchase records by product (yuan per customer)
Life insurance 49.0 786.4 737.4 777.1 33.7

(343.9) (489.9) (583.8) (562.3) (138.9)
Health insurance −0.8 50.0 50.8 42.0 7.4

(10.3) (43.9) (45.4) (46.5) (4.8)
Other −6.8 37.5 44.3 43.2 2.7

(29.4) (49.6) (57.9) (57.1) (6.6)

Customers 10,096 9,964 68,397

Notes: Customers of non-pilot brokers with an ability index (120,586 customers, 746 brokers); returning
non-buyers are split into quintiles of the main ability index. Every entry is an effect of access in yuan per
customer, not a group mean. Total rows are regression coefficients: one OLS regression of the outcome
on Treat interacted with six cells (the five quintiles of returning non-buyers and new customers), with
broker, first-chat-date and customer-rating fixed effects; the coefficient on Treat in a cell is that cell’s effect.
To split a total into parts, each cell gets a Control level equal to the cell mean minus the Treat share times
the coefficient, and a Treat level equal to the Control level plus the coefficient. The two levels differ by
exactly the coefficient, so the parts add up to the total. Panel A splits the platform 15-day premium effect
into a purchase-probability part and a premium-per-buyer part (Shapley decomposition of premium
= purchase probability × premium per buyer). Panel B uses purchase records with product category
on days 0 to 14 (capped at the 99th percentile) and splits the effect into purchase probability, the mix of
baskets (life only, health only, other combinations) and premium within basket; Panel C splits the same
total by product. Column (3) is column (2) minus column (1); column (4) replaces the cell levels by a
linear fit across the five quintiles before taking the difference. The quintile effects differ from Appendix
Table A22, which estimates each quintile separately on the larger index-only sample. Broker-cluster
bootstrap standard deviations (300 draws) in parentheses; stars from the ratio of the estimate to the
bootstrap standard deviation. The decomposition is additive, so it is in yuan by construction; proportional
effects are in Table 5 and Appendix Table A22. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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with 𝐹 increasing and concave. For savings, what counts is content she believes: as in
Gennaioli et al. (2015), trust lowers the perceived risk of the product, so her decision to
buy and the amount she commits rise with

𝜏(𝑧) = 𝜏0 + 𝑟(𝑧)[𝑘(𝑧) + 𝜔(𝑧)𝑎]. (6)

Four implications follow. First, in protection the gain 𝐹(𝑘 + 𝜔𝑎) − 𝐹(𝑘) falls with 𝑘:
the tool narrows gaps across brokers. Second, in savings the gain 𝑟(𝑧)𝜔(𝑧)𝑎 rises with
ability whenever credibility rises faster than use falls, and it is largest where amounts
are large. Third, credibility depends on the relationship. A new customer does not yet
know the broker, so 𝑟 is low and similar across brokers and the tool helps them about
equally; a customer who has already chatted with the broker has formed a view, so 𝑟
rises with ability and the tool’s content is worth more to strong brokers. Fourth, because
the savings gain runs through the broker’s credibility, the tool does not save broker
time, and its gain should shrink when the broker is busy. In the knowledge hierarchies
of Garicano (2000) and Ferreira and Li (2026), verification is done by the worker who
checks the AI; in advice the verification that binds is the customer’s, who checks the
broker.

7.3 Evidence and Limits

The first implicationmatches the health results: the health-insurance gradient is negative
(−0.20 percentage points per standard deviation, standard error 0.09), and in the bottom
ability quintile of returning non-buyers access adds health buyers. The second matches
the profile of effects across policy sizes (Appendix F): among returning non-buyers the
Treat effect relative to the Control level rises from 17 percent for any life policy to 46
percent for policies of 100,000 yuan or more, and the difference between the top and
bottom ability quintiles rises from 62 percent of the Control level to 145 percent. The
third matches the history split of Section 4.4: the ability gradient sits among customers
who had already chatted with the same broker, and for new customers the top-minus-
bottom difference is small or negative at every policy size. The fourth matches the
absence of time savings (Section E.4).

Three findings limit this reading. Larger health policies, which include long-term
critical-illness cover, show the same narrowing as small ones, so the line between the
two kinds of advice follows the product category more than the length of cover. The
number of earlier chat days with the same broker does not change the gradient, which
fits a relationship threshold better than richer history for the tool to read, but the tool
reads that history, so the two cannot be fully separated. And editing of suggestions
before sending is rare and does not rise with ability, so the adoption records cannot show
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whether strong brokers rewrite suggestions in their own voice or set them aside. I do not
estimate the parameters of equations (5) and (6): the moments available determine the
dose and the content of the tool only jointly, so the model interprets the patterns rather
than measuring credibility. Part of the experimental premium gradient also reflects
how brokers divide effort between customers with and without the tool (Section 4.4);
the gradient in large life policies, which survives where brokers could not divide effort,
is the part the model explains.

An accounting split of the premium effect into suggestion receipt, adoption rate
and implied return per adoption agrees with Section 5: the lower adoption rate of
stronger brokers works against their gain, and the implied return per adoption carries it
(Appendix Table A44). In the model, the return per adoption is the credibility 𝑟(𝑧) that
multiplies the tool’s content.

7.4 Counterfactuals

Because the platform matches customers to brokers as good as randomly, the experi-
mental cells by customer class and broker ability give values for counterfactual matches.
Sending returning non-buyers to the strongest brokers first, under each quintile’s ob-
served capacity, gains 73 yuan per customer more with the tool than without it (95
percent band 22 to 125); since part of the cell gradient reflects the division of effort
between groups, this is an upper bound. For the firm, premium per AI suggestion
is about 40 yuan at mean ability. Life insurance is most of that premium, and single-
premium savings policies pay a first-year commission of only about 2 to 3 percent; with
assumed rates of 3 to 35 percent, brokerage revenue per suggestion is about 1 to 20
yuan, against inference costs of 0.002 to 0.3 yuan, so revenue exceeds inference cost by a
factor of about 3 under the least favorable combination. The binding uncertainty is the
premium effect and the commission rate, not the cost of inference. Appendix F reports
these calculations, an implied full-coverage effect that adds same-day spillovers, and
the sensitivity of each.
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8 Conclusion

This paper uses a randomized field experiment at Ant Insurance, China’s largest insur-
ance brokerage, to study how generative AI changes financial advice. When brokers
receive generative-AI reply suggestions, customers buy more life insurance and pay
more premium. Higher-ability brokers, measured by their recent sales performance,
gain more among customers who already know them, mainly through large life policies;
for new customers the gains vary little with ability, and in health insurance the tool
narrows gaps. Brokers who adopt more suggestions do not gain more.

The general lesson concerns when AI levels and when it amplifies. The same tool,
used by the same brokers on the same days, narrows gaps where customers can check
the advice themselves and widens them where customers must trust the broker, as in
savings products whose suitability is revealed only over years and with customers who
already know the broker. Whether AI substitutes for or complements expertise depends
on the product and the relationship, not only on the technology; evidence of leveling
in customer support and writing and of amplification in advice are two parts of one
pattern.

The consequences reach beyond the first conversation. Customers with access to AI
advice return to chat and buy again more often, including health insurance later on,
and pilot brokers’ revenue advantage persists after every broker has the tool, mostly as
more premium per unit of recorded work rather than more work; the customer-level
effect does not come from displacing customers without the tool, and the aggregate
effect on the platform is not identified (Section 6.6). For the firm, the premium gained
per AI suggestion implies brokerage revenue of roughly 1 to 20 yuan per suggestion
under assumed commission rates, against an inference cost of at most about 0.3 yuan.

Four limits qualify these conclusions. First, brokers knew which customers had
the tool, and part of the experimental premium gradient reflects how they divided
effort between the two groups; the gradient in large life policies remains in the pilot,
where they could not, but the premium gradient does not, so the experimental premium
gradient is an upper bound for full deployment. Second, pilot brokers worked more
before the pilot, so the persistent pilot gap cannot separate learning from residual
selection on unobserved effort or skill, even though recorded effort explains little of
it. Third, the evidence comes from one platform, one tool and one market; the balance
between leveling and amplification will likely differ with the product mix and the
accuracy of the tool. Fourth, additional premium is not the same as better coverage: the
extra life purchases are mostly savings-type policies that lock money in for years, so
their welfare value depends on how well they fit household needs and liquidity.

For organizations that deploy AI, the results point to measuring realized customer
outcomes rather than adoption, and to recognizing that experiments in which workers
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know who has the tool can overstate how much it widens performance gaps. Where
advice requires the customer’s trust, the return to the broker’s credibility rises.
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Appendix

Appendix A describes the setting, the data and the samples (Section 2). Appendix B
reports robustness, inference and further purchase results (Section 3). Appendix C
documents the ability index and the ability gradient (Section 4), and Appendix D the
adoption results (Section 5). Appendix E covers the pilot (Section 6) and Appendix F
the model (Section 7).

A Setting, Data and Sample

This appendix adds detail on the setting, the data and the samples of Section 2.

A.1 Market, Brokers and the Tool

Market and products. Intermediated premium in China was 962 billion RMB in 2024
across 2,162 licensed firms (Yearbook of China’s Insurance, 2025). In 2024 Ant Insurance
generated 9.43 billion RMB in revenue, approximately 5.9 percent of the intermediary
market and roughly equal to the second and third largest firms combined, and about
694 million RMB in profit, roughly 15 percent of industry profit; its estimated premium
volume is 55 to 70 billion RMB. The platform offers 1,264 products spanning health,
life, accident, annuity, property, auto, travel, and pet lines. Life insurance specifies
coverage amounts, policy terms, and beneficiary designations; critical-illness insurance
additionally requires health disclosure, covers a defined list of diseases, and is subject
to exclusion clauses and claim triggers that vary substantially across products. In the
purchase records, the health category combines critical-illness and medical insurance
and cannot separate them; its median premium of a few hundred yuan suggests that
short-term medical cover dominates the count. Property insurance (including non-auto
accident cover) and pet insurance are a negligible share of brokers’ sales. Customers
raise questions about coverage terms, health disclosure, premiums, and beneficiaries
before deciding.

Broker rank and tenure. The rank follows the platform’s internal career system and is
determined by cumulative performance, training completion, and tenure. Among the
non-pilot brokers in the main sample, L1, L2, L3, L4, and L5 account for 13.6, 56.4, 19.1,
8.5, and 1.7 percent. The median tenure of about seven months at the start of the pilot
reflects that the platform was launched roughly three years before the experiment and
is growing rapidly.
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Table A1: Life and Health Insurance Compared

Life Health

Panel A. Policies and premium
Policies 29,486 16,286
Share of policies (%) 57.7 31.9
Share of premium (%) 90.9 3.9
Policies with zero premium (%) 18.2 14.7
Premium per policy, mean (yuan) 32,346 2,394
Premium per policy, mean winsorized at P99 (yuan) 29,597 1,986
Premium per policy, P25 (yuan) 965 144
Premium per policy, median (yuan) 10,000 486
Premium per policy, P75 (yuan) 30,000 2,808
Premium per policy, P90 (yuan) 100,000 5,769
Premium per policy, P99 (yuan) 400,000 17,461
Premium per policy, P99.9 (yuan) 1,000,000 100,000
Policies of 10,000 yuan or more (%) 51.5 3.5
Policies of 100,000 yuan or more (%) 10.10 0.17

their share of the line’s premium (%) 61.9 13.7
Panel B. Buyers

Buyers 23,748 15,098
Age, mean (median) 37.1 (36) 34.5 (34)
Policies per buyer, mean 1.24 1.08
Buyers of this line only, share of all buyers (%) 54.2 33.5
Buyers who also bought the other line (%) 4.6 7.2

Panel C. Path to purchase
Policies with a first chat in the previous 70 days 16,938 6,059
Bought on the first-chat day (%) 31.8 43.8
Bought within 7 days (%) 56.1 67.8
Bought within 30 days (%) 78.2 86.5
Days from first chat to purchase, median (mean) 5 (15.8) 1 (10.7)
Dialogue rounds to purchase, median (mean) 11 (23.0) 12 (23.7)

purchases through the third week of full rollout 15 (29.0) 17 (29.2)
Chat days to purchase, median (mean) 2 (2.9) 2 (2.5)
Dialogue rounds per chat day, median 4.8 6.0

Notes: Customers who chatted with any broker, pilot and non-pilot, from the first day of the pilot to the
seventh week of full rollout. A policy is a customer, day and product line, with the largest premium
recorded that day. Health insurance covers critical-illness and medical insurance, which the product
field does not separate. Property, pet and policies without a product line (9.9 percent of policies and
5.1 percent of premium) are not shown. Premium is the amount paid for retained policies. Premium
statistics in Panel A after the first four rows are over policies with positive premium. Panel C covers
purchases from the transition days on and finds the first chat with any broker in the previous 70 days;
days count from the first-chat day (day 0), and dialogue rounds and chat days count from the first chat
through the purchase day. Instant-message records thin out late in the rollout window, so the indented
row restricts rounds to purchases made by the third week of full rollout.
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The generative-AI tool. The generative-AI tool described in Section 2 is known inside
Ant Insurance as Tongtiandai. Figure A1 shows how it produces suggestions; its language
model is based on Qwen2.5-72B, and the knowledge base covers product terms and
regulatory requirements. Figure A3 shows the broker workstation with the tool active.
The platform records each suggestion in one of seven states: fully adopted and sent;
partially adopted and sent directly; partially adopted and sent after edits; copied as
inspiration without sending in this conversation; not adopted; blocked by the platform’s
quality inspection; and exception. Exposure records receipt in the broker’s workspace;
adoption records the broker’s subsequent handling. Access is enabled throughout Treat
conversations, but generation takes time: many single-interaction conversations and
some two-interaction conversations end before the tool can produce a reply, so zero
exposure need not mean that a broker chose not to use AI. Across the experiment, about
3 percent of the suggestions non-pilot brokers received were fully adopted and between
6 and 9 percent were partially adopted and sent directly, depending on the week.

Qwen2.5-72B (fine-tuned)

Insurance knowledge base

Past advisory transcripts

Generative-AI tool

Suggested replies
and products

Customer
message

Conversation history and
personal information

Figure A1: How the Generative-AI Tool Produces Suggestions for the Broker
Notes: For each incoming customer message, the generative-AI tool draws on a fine-tuned large language
model, an insurance knowledge base, and a corpus of past advisory transcripts. It conditions on the
customer’s message, conversation history and personal information (age, gender, city, family composition,
past insurance activity) and returns suggested replies and candidate products to the broker. Generation
takes time: a short conversation can end before a suggestion is produced. The customer never sees the
tool; all messages reaching the customer are sent by the broker.

Fields produced by the tool. For the 20 days of the experiment, the customer records
hold, for each customer, broker and day, the number of AI suggestions the broker
received for that customer and the number adopted, and a broker panel holds, for each
broker and day, the number of AI suggestions and the number in each of the seven
states: fully adopted, partially adopted and sent directly, partially adopted after editing,
copied, not adopted, blocked by quality inspection, and exception. Every measure of
exposure and adoption in the paper comes from these fields.

Interfaces. Figure A2 shows the screens through which a customer meets a broker;
and Figure A3 the broker’s workstation with the tool active. Table A3 defines every
variable and Table A5 gives the steps from the raw records to the sample.
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(a) Product page (b) Chat window (c) Broker profile (d) My insurance

Figure A2: Customer-Facing Interface: How a Customer Meets a Broker
Notes: Screenshots from the app. (a) A product page listing coverage terms and premiums, with an
option to contact a licensed broker. (b) The chat window in which the advisory conversation takes place;
in Treat conversations the tool is active on the broker’s side, and AI suggestions reach the customer only
if the broker sends them. (c) The broker’s profile page. (d) The customer’s page summarizing existing
policies. No customer data are displayed.

Figure A3: Broker Workstation with the Generative-AI Tool Active
Notes: Screenshots from the broker’s workstation. Left: on receiving a customer message, the generative-
AI tool processes it in real time. Right: the tool returns suggested replies in a side panel visible only to
the broker, who decides whether to send, edit or ignore each one.
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A.2 Data, Variables and Samples

Datasets. Customer-broker-day records. The primary dataset records, for each customer,
broker and day on which the customer visits the broker, the daily count of dialogue
rounds, same-day purchase and premium with the product category of each purchase
(life, health, property including non-auto accident, pet), and the platform’s 15-day pur-
chase and premium fields. The platform computes the 15-day fields from its transaction
records, which extend past the end of each window. For the 20 days of the experiment,
the records also hold the group label, the platform’s customer rating, the customer’s age,
and the number of AI suggestions the broker received and adopted for that customer.
From the first day of the pilot to the seventh week of full rollout, 1,471,207 customers
chatted with a broker at least once, and they paid 848.9 million yuan of premium; the
records hold about 52,000 customer-broker records a day. I use the experiment records
to define the experiment sample, the group label, AI exposure and adoption, and the
records over the whole period for each customer’s history before the first chat, for the
first-chat date, for product categories, and for outcomes after the 15-day window.

Broker-day dataset. A daily panel of broker-level outcomes covers service time (IM
and telephone duration), customers the broker opened a conversation with, conversion
counts and premium, and life-insurance conversions and premium. I use it to measure
broker ability before the experiment and for the pilot.

Broker static information and AI use. A broker roster gives each broker’s rank, joining
date (used to compute tenure) and a fixed indicator for pilot brokers. A broker panel
for the experiment gives, for each broker and day, the number of AI suggestions the
broker received, the number in each of the seven handling states, and the platform’s
ability score for the broker. Data from before the start of the pilot enter only the pilot
analysis.

Outcomes built from daily purchase records. Outcomes by product category, by
policy size and by day after the first chat come from the daily purchase records in days
0 to 14, with one record per customer and day for cumulative outcomes and one per
customer, day and product category for product outcomes (the largest premium in each
case). A product-coded purchase record is the policy unit in the product tables.

Samples. Table A2 summarizes the experiment samples (Panel A) and non-pilot
brokers’ output and effort in each phase in the first-pilot-week frame (Panel B). The
main pilot frame and the first-pilot-week frame share 856 brokers; the 49 pilot brokers
outside the roster frame are not in any pilot comparison. Within the main pilot frame
the selection share is 19.5 percent in L2, 25.2 percent in L3, 20.7 percent in L4 and 44.0
percent in L5. The first-pilot-week frame conditions on activity after the pilot began.
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Table A2: Analysis Sample

Panel A. Customers in the experiment
Non-pilot brokers (main) All brokers

Count Share Count Share

Customers (engaged in ≥ 1 conversation) 124,347 164,732
Assigned to Treat (AI enabled) 100,003 80.4% 132,996 80.7%
Assigned to Control 24,344 19.6% 31,736 19.3%

Brokers serving these customers 831 1,070
15-day purchase rate, Control group 3.28% 3.37%
Treat customers with at least one AI suggestion 45.6% 46.3%
Control customers with at least one AI suggestion 0.7% 0.6%

Panel B. Brokers in the pilot frame: non-pilot brokers’ means
Pilot Full rollout

Weeks 1 to 5 Weeks 6 to 10 Experiment Weeks 1 to 3 Weeks 4 to 7

Per calendar day
Premium (yuan) 5,211 5,957 15,540 20,310 16,990
Conversions 0.42 0.45 0.60 0.81 0.69
Customers opened 21.2 19.4 18.6 21.6 23.0
Share of days active 0.97 0.93 0.89 0.87 0.84

Effort
Work days per week 6.79 6.48 6.25 6.10 5.91
Chat minutes per work day 59.3 62.0 67.2 77.1 71.1
Phone minutes per work day 36.4 36.3 35.2 41.1 47.5

Notes: Panel A: customers who chatted with a broker at least once during the experiment; group and
broker from the first chat record. Shares for the group rows are relative to all customers in the column;
the AI-suggestion rows are shares of each group whose broker received at least one AI suggestion for
them. Panel B: the first-pilot-week frame, the 858 brokers of ranks L2 to L5 on the roster at the start of
the pilot who worked on at least three days of its first week (187 pilot brokers; the main pilot frame is
defined in Section 2); means over the non-pilot brokers in this frame, with inactive days counted as zero
in the per-calendar-day rows. Premium per day is winsorized at the 99th percentile of positive values.
Effort rows divide by the broker’s work days (days with any recorded activity), which leaves 855 brokers
in the frame.
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Table A3: Variable Definitions

Variable Definition Source Window

Panel A. Assignment and sample
Treat 1 if the label on the customer’s first chat record is Treat, 0 if

Control
Customer records
(experiment)

First chat
record

Chat day Customer-day with at least one dialogue round Customer records Any day
First-chat day First chat day, from the first transition day on Customer records Transition

days to Day
20

Broker Broker on the first chat record Customer records
(experiment)

First-chat day

Pilot broker 1 if the broker had early access to AI advice in the pilot Broker roster Fixed
Panel B. Customer characteristics (pre-treatment)

Prior funnel stage Deepest stage reached with any broker: new customer, prior
visitor, prior chatter, prior buyer

Customer records Days −70 to
−1

Returning
non-buyer

1 if prior visitor or prior chatter Customer records Days −70 to
−1

Same broker 1 if any record in the history window is with the first-chat
broker

Customer records Days −70 to
−1

Days since last
contact

Days from the last record with any broker to the first-chat day Customer records Days −70 to
−1

Visit days; chat
days

Distinct days with a record; with a chat Customer records Days −70 to
−1

Prior premium Premium of purchases before the first chat (one record per
customer and day), winsorized

Customer records Pilot period

Customer rating Platform rating at first contact: B, A, S, S+, New customer Customer records
(experiment)

First contact

Age Age in years Customer records
(experiment)

First contact

Panel C. Broker characteristics and ability measures
Rank Rank L1 to L5, or missing Broker roster Start of the

pilot
Tenure Months since hire Broker roster Start of the

pilot
Comparison

platform score
Platform ability score, sign flipped so that higher means
stronger; standardized

Broker AI-use panel Experiment

Ability index First principal component of tenure, pre-experiment
premium per day, conversions per day and conversions per
opened customer; non-pilot brokers; standardized;
pre-window premium cap

Daily records and
roster

Before the
customer
experiment

Panel D. Customer outcomes (post-treatment)
Purchase, 15 days Platform 15-day conversion field on the first-chat-day record Customer records Days 0 to 14
Premium, 15 days Platform 15-day premium field (total premium paid);

winsorized at the 99th percentile of positive values
As above Days 0 to 14

Purchase and
premium, 30 days

15-day fields plus purchases on days 15 to 29 (one record per
customer and day); lower bound

Customer records Days 0 to 29

Same-day purchase Platform purchase field on the first-chat-day record As above Day 0
Life, health policy;

large life policy
Product-coded daily purchase record; large life: daily
category premium of 100K yuan or more

Purchase records with
product category

Days 0 to 14
(29)

Chat rounds; chat
days; days with a
record

log(1 + rounds); distinct chat days; distinct days with a
record

Customer records Days 0 to 14

Return to chat 1 if a chat on days 1 to 14 (or 1 to 3, 4 to 7, 8 to 14, 15 to 30) Customer records Days 1 to 30
Cumulative

purchase and
premium

Any purchase; sum of premium (one record per customer
and day)

Customer records To full-rollout
week 3; to
full-rollout
week 7

Panel E. AI use (post-treatment)
Received

suggestions
1 if the broker received at least one AI suggestion while
serving the customer

Customer records
(experiment)

From the
first-chat day

Adopted a
suggestion

1 if the broker adopted at least one AI suggestion for the
customer

Customer records
(experiment)

From the
first-chat day

Adoption states Shares of suggestions fully adopted, partly adopted, not
adopted, blocked by quality inspection

Broker AI-use panel Experiment

Panel F. Broker outcomes for the pilot
Premium,

conversions, opened
customers per day

Calendar-day averages, inactive days as zero; premium
winsorized

Broker daily records Pilot to end of
data

Active share; phone
and chat time

Share of days active; log(1 + seconds per day) Broker daily records As above

Notes: Day 0 is the first-chat day. Cumulative outcomes use one record per customer and day, and product
outcomes one record per customer, day and category (the highest premium). Money is in yuan. The
data record only policies that were not refunded.
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Table A4: Summary Statistics of Outcome and Analysis Variables

Variable 𝑁 Mean SD P1 P5 P10 P25 P50 P75 P90 P95 P99

Panel A. Outcomes
Purchase on the first-chat day (%) 124,347 2.04
Purchase, 15 days (%) 124,347 3.30
Purchase, 30 days (%) 124,347 3.96
Premium, 15 days, buyers (yuan) 4,099 11,090 29,780 0 0 0 100 678 6,000 30,000 60,000 200,000
Premium, 30 days, buyers (yuan) 4,929 15,580 41,420 0 0 0 114 1,000 10,000 50,000 100,000 250,000
Life policy, 15 days (%) 124,347 2.53
Life premium, 15 days, life buyers (yuan) 3,143 40,800 90,730 0 0 0 500 4,485 40,000 100,000 200,000 502,500
Policies per buyer, 15 days 4,999 1.19 0.52 1 1 1 1 1 1 2 2 3
Life share of policies, buyers (%) 4,999 61.5 47.9 0 0 0 0 100 100 100 100 100
Purchase to full-rollout week 7 (%) 124,347 5.02

Panel B. Engagement, days 0 to 14
Chat rounds 124,347 5.46 10.96 1 1 1 1 3 5 11 19 46
Instant-message rounds 124,347 3.77 10.53 0 0 0 0 1 3 9 16 43
Chat days 124,347 1.35 0.79 1 1 1 1 1 1 2 3 5
Days with a record 124,347 1.72 1.23 1 1 1 1 1 2 3 4 7
Return to chat, days 8 to 14 (%) 124,347 8.69
Chat rounds before purchase, buyers 4,099 11.52 15.06 1 2 3 3 6 13 26 38 71
Days to first purchase, buyers (days) 4,605 2.02 3.31 0 0 0 0 0 3 7 10 13

Panel C. Customer characteristics before the first chat
Returning customer (%) 124,347 43.05
Prior contact with the same broker (%) 124,347 34.76
Visit days, 70 days before (days) 124,347 1.78 3.54 0 0 0 0 0 2 6 9 17
Chat days, 70 days before (days) 124,347 0.44 1.22 0 0 0 0 0 0 1 3 6
Days since last contact, returning (days) 53,528 14.9 18.4 1 1 1 2 6 23 46 58 68

Panel D. AI use
Received an AI suggestion, Treat (%) 100,003 45.35
AI suggestions, Treat 100,003 3.16 13.55 0 0 0 0 0 2 8 15 39
Adopted a suggestion, Treat (%) 100,003 19.49
Adoptions, Treat 100,003 0.40 1.61 0 0 0 0 0 0 1 2 6
Broker share fully adopted (%) 816 3.40 4.07 0.0 0.0 0.3 1.0 2.5 4.5 7.0 8.8 18.1

Panel E. Brokers
Tenure at the start of the pilot (months) 826 8.2 8.2 −2.6 −2.2 −1.4 2.9 6.7 10.8 20.5 22.7 39.2
Experiment customers per broker 831 149.6 66.1 1 6 57 119 153 188 228 258 306
Pilot: premium per day (yuan) 668 5,647 5,770 4 207 554 1,456 3,676 7,945 12,770 16,670 30,400
Pilot: opened customers per day 668 20.4 6.6 1.5 6.8 12.4 16.9 20.8 24.2 28.3 30.7 35.0
Pilot: instant-message minutes per working day 668 60 25 15 26 31 42 57 74 90 105 144

Notes: Customers of the 831 non-pilot brokers who chatted at least once in the experiment (124,347).
Day 0 is the first-chat day. For 0/1 variables the mean is in percent. Premium is winsorized at the 99th
percentile of positive values. Policies: purchase records with a product category, one per customer, day
and category. Panel D: Treat customers, days 0 to 14; full-adoption share per broker over the experiment.
Panel E: brokers of the main sample; tenure is negative for brokers hired after the start of the pilot. Pilot
rows: non-pilot brokers of ranks L2 to L5 active in pilot week 1, weeks 1 to 10; premium per calendar day,
winsorized.
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Table A5: Sample Construction

Step Customers Brokers Treat share

(1) Customers with an interaction record in the ex-
periment

563,669 1,096 not meaningful

(2) Sent at least one message (experiment sample) 164,732 1,070 0.807
All brokers 164,732 1,070 0.807

New customers 94,032 0.810
Prior visitors 37,717 0.810
Prior chatters 30,666 0.797
Prior buyers 2,317 0.795
With the ability index (%) 73.2

(3) Non-pilot brokers (main sample) 124,347 831 0.804
New customers 70,819 0.807
Prior visitors 27,942 0.806
Prior chatters 23,637 0.793
Prior buyers 1,949 0.795
With the ability index (%) 97.0

Notes: The Treat share is reported from step (2) on, since assignment takes place at the first message. The
group and the broker come from the customer’s first chat record; the first-chat day can fall on a transition
day. Prior funnel stage uses the 70 days before the first chat. The ability index covers non-pilot brokers
only.

Customer rating. The rating is recorded on each customer record. It is distinct from
the history-based classes of Section 2.5. Among Control customers of non-pilot brokers,
B and A together account for 86.6 percent, S and S+ for 10.2 percent, and 3.1 percent are
in the New customer category. The rating differs between the customer’s first record in
the experiment and the first chat record for only 0.41 percent of customers (0.41 percent
in the Treat group, 0.39 percent in the Control group), and every rating category is
balanced on both records.

History window. Seventy days before the earliest first chat is the first day of the pilot,
so the history window has the same length for every customer and uses no data from
before the pilot. Figure 2(b) shows the mix of first chats by day: new customers account
for about half of first chats on every experiment day.

Treat share on the transition days. Among customers of non-pilot brokers the Treat
share is 0.79 and 0.72 on the two transition days. First-chat-date fixed effects absorb
this variation together with common calendar-day conditions when customers begin
chatting.
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A.3 Balance

Figure A4 plots the standardized differences between groups in the characteristics fixed
before the first chat.

−0.06 −0.04 −0.02 0.00 0.02 0.04 0.06
Normalized difference: Treat minus Control

New customer
Prior visitor

Prior chatter
Prior buyer

Same broker before
Visit days
Chat days

Days since last contact
Prior premium

Customer rating S+
Customer rating S
Customer rating B

New-customer rating
Broker tenure

Broker rank L2
Broker rank L3
Broker rank L4
Broker rank L5

Non-pilot brokers All brokers

Figure A4: Balance at the First Chat
Notes: Normalized differences (Treat minus Control mean divided by the square root of the average
group variance) of customer and broker characteristics fixed before the first chat, for non-pilot brokers
(filled) and all brokers (hollow). The shaded band marks ±0.05.
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B Purchases: Additional Results

This appendix reports robustness checks, inference and further purchase results for
Section 3.

B.1 Robustness and Inference

Table A6 reports the robustness checks discussed in Section 3.7, and Table A9 the earlier
cell-statistic randomization-inference and Romano and Wolf 𝑝-values. Table A8 reports
RI aligned with the main regression.

Table A6: Robustness of the Main Estimates

Dependent variable: Purchase, Premium, Premium, PPML Control Customers
Specification 15 days (pp) 15 days (yuan) 15 days (%) mean

(1) (2) (3) (4) (5)

Panel A. Non-pilot brokers
Baseline (Table 2) 0.12 88.4∗∗ 28.2∗∗ 315.4 124,347

(0.13) (40.2) (15.5)
Add prior funnel stage fixed effects 0.11 87.5∗∗ 29.2∗∗ 315.4 124,347

(0.12) (40.1) (15.4)
Premium winsorized at the 95th percentile 58.3∗∗ 24.0∗∗ 246.8 124,347

(23.7) (11.5)
Premium winsorized at the 99.5th percentile 101.9∗∗ 29.8∗ 343.0 124,347

(51.1) (18.3)
Drop customers whose first chat is on a transition day 0.13 85.4∗∗ 29.1∗∗ 294.6 119,386

(0.12) (40.3) (16.7)
Drop the transition days and Day 1 0.04 64.5 21.1 295.5 109,651

(0.14) (42.2) (16.4)
Panel B. All brokers

Baseline (Table 2) 0.02 77.0∗∗ 22.5∗∗ 338.5 164,732
(0.11) (36.1) (12.5)

Add prior funnel stage fixed effects 0.03 77.4∗∗ 24.5∗∗ 338.5 164,732
(0.11) (36.1) (12.6)

Premium winsorized at the 95th percentile 42.2∗ 15.6∗ 267.6 164,732
(21.9) (9.3)

Premium winsorized at the 99.5th percentile 82.2∗ 21.4 379.9 164,732
(48.9) (15.1)

Drop customers whose first chat is on a transition day 0.02 74.2∗∗ 22.5∗ 322.3 158,707
(0.11) (36.2) (13.2)

Notes: OLS with broker, first-chat-day and customer-rating fixed effects; standard errors clustered by
broker in parentheses. The Control mean refers to the premium outcome of the row. PPML column:
Poisson pseudo-maximum likelihood with the same fixed effects, 100 × (exp(𝛽) − 1) with delta-method
standard errors; brokers, days or ratings with no premium drop out, so its samples are slightly smaller.
∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

Premium caps. Table A7 reports the average premium effect under alternative caps.
Effects are significant at the 5 percent level for caps between the 97.5th and the 99.5th
percentile of positive premium at 15 days. With the 99.9th percentile or no cap, the
point estimates stay between 89 and 102 yuan, but the standard errors almost double
because of a few very large policies, and the estimates are not statistically significant.
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Table A7: Premium Effects under Alternative Caps

Dependent variable: premium All customers Returning non-buyers

Cap (percentile of positive premium) 15 days 30 days 15 days 30 days

Panel A. OLS, yuan
97.5th 69.8∗∗ 120.6∗∗ 89.0∗∗ 199.0∗∗∗

(30.0) (47.1) (44.9) (73.2)
99th (main) 88.4∗∗ 152.2∗∗ 113.0∗∗ 214.3∗∗

(40.2) (59.6) (57.4) (100.6)
99.5th 101.9∗∗ 148.2∗ 104.3 166.0

(51.1) (76.4) (81.7) (141.6)
99.9th 89.1 114.9 59.4 79.8

(70.8) (98.6) (130.7) (198.1)
Uncapped 101.6 127.3 86.2 106.6

(74.1) (100.9) (138.7) (203.5)

Panel B. PPML, percent change
97.5th 25.3∗∗ 25.3∗∗ 33.3∗ 42.2∗∗∗

(13.0) (11.7) (20.4) (19.4)
99th (main) 28.2∗∗ 29.0∗∗ 39.0∗ 40.1∗∗

(15.5) (13.7) (24.4) (23.0)
99.5th 29.8∗ 25.7∗ 31.6 27.4

(18.3) (15.7) (29.6) (25.8)
99.9th 23.3 18.3 17.0 13.3

(22.0) (17.9) (35.8) (28.6)
Uncapped 26.9 20.6 25.0 17.9

(23.5) (18.6) (40.7) (30.8)

Cap values (yuan), 97.5th / 99th / 99.5th / 99.9th 15 days: 102,600 / 200,000 / 414,000 / 1,000,000
30 days: 160,000 / 300,000 / 500,000 / 1,000,000

Notes: Coefficient on Treat for premium (yuan) capped at the stated percentile of positive values. Cus-
tomers of non-pilot brokers: 124,347 in all, 51,579 returning non-buyers. Broker, first-chat-day and
customer-rating fixed effects; standard errors clustered by broker in parentheses. Panel B: Poisson pseudo-
maximum likelihood with the same fixed effects, 100 × (exp(𝛽) − 1) with delta-method standard errors;
stars test the Poisson coefficient. The proportional effect has the same sensitivity to the upper tail as the
effect in yuan. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Threshold effects and the mean. Average capped premium is the integral of the
exceedance probabilities in Figure 4 up to the cap; bracketing the step function between
grid points gives an implied 15-day effect between 55 and 106 yuan, around the 88-yuan
regression estimate, and nearly all of it comes from thresholds of 10,000 yuan and above.
Above 100,000 yuan the threshold effect is 0.024 percentage points (standard error
0.019). Capping at the 97.5th, 99th and 99.5th percentiles of positive premium gives 70,
88 and 102 yuan; the uncapped mean is 102 yuan (standard error 74).

Randomization inference. The randomization-inference 𝑝-value of the 15-day pre-
mium coefficient is 0.064 (0.081 for the studentized statistic); for the 15-day purchase
probability it is 0.34. For returning non-buyers the premium 𝑝-values lie between 0.06
and 0.08.

Table A8: Randomization Inference

Customers Dependent variable OLS effect RI 𝑝𝑏 RI 𝑝𝑡 MCSE(𝑝𝑏) PPML (%) RI 𝑝𝑠 Wild 𝑝𝑠

All non-pilot customers Purchase, 15d 0.116 0.3377 0.3201 0.0067
Premium, 15d 88.370 0.0644 0.0808 0.0035 28.2 0.0846 0.0276
Purchase, 30d 0.284 0.0412 0.0390 0.0028
Premium, 30d 152.200 0.0252 0.0282 0.0022 29.0 0.0282 0.0092

Life purchase, 15d 0.331 0.0018 0.0014 0.0006
Returning non-buyers Purchase, 15d 0.110 0.5189 0.5143 0.0071

Premium, 15d 113.000 0.0616 0.0776 0.0034 39.0 0.0820 0.0455
Purchase, 30d 0.396 0.0816 0.0814 0.0039
Premium, 30d 214.300 0.0620 0.0810 0.0034 40.1 0.0792 0.0237

Notes: Treat is permuted 4,999 times within broker × first-chat-date cells, preserving each cell’s treated
count. The sample and fixed effects are unchanged. Statistics are the additive-FE OLS coefficient and
broker-cluster CR0 𝑡. Tests are two-sided against the sharp null of no effect for any customer. Purchase
effects are in pp and premium in yuan. MCSE is simulation uncertainty, not the sampling standard error.
Samples: 124,347 and 51,579. Cell-FE inference in the earlier sensitivity table uses a different statistic. Last
three columns: Poisson pseudo-maximum likelihood with broker, first-chat-date and customer-rating
fixed effects (100 × (exp(𝛽) − 1)); RI 𝑝𝑠 permutes Treat in the same cells 4,999 times with the efficient
score of the restricted Poisson model as the statistic; wild 𝑝𝑠 is the score bootstrap with the null imposed
(Rademacher weights by broker, 9,999 draws).

Two purchase definitions. Product, size, 30-day and follow-up outcomes use the daily
purchase records; the primary outcomes use the platform’s 15-day field. Over days 0
to 14 the two definitions overlap but are not identical: among customers of non-pilot
brokers, 2.23 percent of the Treat group and 2.13 percent of the Control group buy
under both, 1.13 and 1.20 percent only under the platform field, 1.88 and 1.83 percent
only in the purchase records, and 94.77 and 94.84 percent under neither. The four shares
are nearly the same in the two groups, so the difference between the definitions does
not vary with assignment. Among customers who buy under both, 78 percent have the
same premium in both.
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Table A9: Earlier Cell-FE Inference and Family Adjustments

Hypothesis Within-cell RI 𝑝 Romano-Wolf 𝑝
estimate

Panel A. Randomization inference and Romano-Wolf
All customers: purchase, 15 days (pp) 0.093 0.530 0.775
All customers: premium, 15 days (yuan) 65.1 0.130 0.490
New customers: purchase, 15 days (pp) 0.137 0.495 0.775
New customers: premium, 15 days (yuan) 71.1 0.190 0.560
Returning non-buyers: purchase, 15 days (pp) 0.078 0.775 0.775
Returning non-buyers: premium, 15 days (yuan) 97.8 0.190 0.560
All customers: purchase, 30 days (pp) 0.248 0.135
All customers: premium, 30 days (yuan) 129.9 0.045

Panel B. Benjamini-Hochberg 𝑞-values by prior funnel stage
Purchase Premium Life policy

New customers 0.573 0.280 0.280
Prior visitors 0.739 0.280 0.908
Prior chatters 0.432 0.739 0.140
Prior buyers 0.973 0.973 0.573
Returning non-buyers 0.866 0.280 0.280

Panel C. Primary family (common ability sample), OLS and PPML
Statistic Wild 𝑝 Holm 𝑝

M1 Treat, premium, 15 days: OLS (yuan) 93.1 0.039 0.044
M1, PPML (%) 29.3 0.025 0.066
M2 Treat × ability, premium, 15 days: OLS (yuan per SD) 106.8 0.010 0.030
M2, PPML (% per SD) 23.7 0.046 0.066
M3 Life minus health purchase gradient (pp per SD) 0.33 0.022 0.044 / 0.066

Notes: Archived sensitivity results using the cell-FE statistic. Main additive-FE randomization inference is
reported separately in Table A8; these statistics and simulation runs are not interchangeable. Customers
of non-pilot brokers. Panel A: randomization inference permutes Treat within broker by first-chat-day
cells (200 draws; within-cell estimator); Romano-Wolf step-down 𝑝-values for the six 15-day hypotheses,
from the same permutations. Panel B: Benjamini-Hochberg 𝑞-values across all class by outcome cells of
Table A10, 15 days. Panel C: the three primary tests on 120,586 customers of 746 brokers. OLS: wild cluster
bootstrap with the null imposed; PPML: Poisson pseudo-maximum likelihood with broker, first-chat-date
and customer-rating fixed effects and the score bootstrap with the null imposed (Rademacher weights by
broker). M3 is a purchase outcome and is the same in both; its Holm 𝑝 is 0.044 in the OLS family and
0.066 in the PPML family.
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B.2 Customer History and Customer Characteristics

Customer history. Figure A5(a) shows effects by prior funnel stage, the deepest stage
a customer had reached with any broker in the ten weeks before the first chat, as a
percent of each class’s Control mean; Table A10 reports the estimates. The 95 percent
interval for new customers’ premium effect is 2 to 182 yuan on a Control mean of 240
yuan; returning non-buyers’ Control mean is 297 yuan; over 30 days the effects are 128
and 214 yuan. The purchase effects are small in both classes. Equality of the premium
effects across the four classes is not rejected (𝑝 = 0.57), and no Benjamini and Hochberg
𝑞-value falls below 0.14 (Table A9). Prior buyers are too few to estimate precisely. For
returning non-buyers, purchases of life policies with premiums of at least 50,000 yuan
rise by 0.21 percentage points within 15 days and 0.28 points within 30 days; new
customers buy more small and middle-sized life policies (Figure A6). Figure A5(c)
splits returning non-buyers by the time since their last contact with the broker: the
premium effect is positive in every band, the purchase effect stays close to zero, and
the intervals are wide. One explanation for larger effects among customers with past
conversations is that the tool reads the customer’s conversation history, so prior contact
supplies context for its suggestions as well as a relationship with the broker (Cai et al.,
2015, 2020). There is no statistically significant heterogeneity across customer ratings or
age bands (Tables A12 and A11); among customers whose age is recorded no age band
shows a significant effect, including the youngest and the oldest, though power in these
small groups is low.

Table A12 and Figure A7 report effects by customer rating and age. Figure A8 reports
purchase effects by prior funnel stage.

B.3 Products, Baskets and Premium per Buyer

Baskets and diversion. Table A13 reports the basket effects and the bounds on where
induced life buyers come from. Without restrictions any inflow into life can be relabeled,
so the shares are uninformative. Restricting transitions out of life, or ruling out lost
purchases, narrows the mass of induced life buyers to 0.35 to 0.73 percentage points
but leaves the shares from health and from no purchase almost unrestricted. Only the
directional assumptions narrow the health share (at most 0.10 at the estimates), and
only the last assumption gives point estimates.

Diversion by predicted health propensity, timing and later purchases. Table A14
reports effects by quintile of the predicted probability of a health purchase (Panel A) and
on purchases of each product on days 15 to 45 (Panel B). Table A15 reports cumulative
effects by product and day since the first chat, and the share of buyers who had bought
by each day, by group.
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Figure A5: Effects by Customer History and Product
Notes: Customers of non-pilot brokers. Each marker is the coefficient on Treat as a percent of the Control
mean, with a 95 percent confidence interval; arrows mark intervals that extend beyond the axis. Circles:
purchase within 15 days; squares: 15-day premium. Panel (a): by prior funnel stage, with each class’s
share of customers in parentheses; returning non-buyers pool prior visitors and prior chatters. Panel (b):
purchase by product and life-policy size (yuan), from purchase records. Panel (c): returning non-buyers,
by days since their last contact with the broker. Broker, first-chat-day and customer-rating fixed effects;
standard errors clustered by broker.
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Figure A6: Life-Insurance Purchases by Customer History and Policy Size
Notes: Customers of non-pilot brokers. Treat effects on life-policy purchases by product-coded premium
within 15 days (circles) and 30 days (squares). Panel (a): new customers; panel (b): returning non-
buyers. K denotes 1,000 yuan of premium. Customers can buy in multiple bins. Common axes; 95 percent
confidence intervals clustered by broker. Outcomes use product-coded purchase records (Appendix A),
with broker, first-chat-day and customer-rating fixed effects.
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Table A10: Effects by Prior Funnel Stage and Product

15 days 30 days Product, 15 days

Dependent variable: Purchase Premium Purchase Premium Life Health Life Life policy
(pp) (yuan) (pp) (yuan) policy (pp) policy (pp) premium (yuan) ≥100k (pp)

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Non-pilot brokers
New customers 0.20 92∗∗ 0.30∗ 128∗∗ 0.26∗ −0.04 36 −0.01

(0.16) (46) (0.18) (61) (0.13) (0.11) (135) (0.05)
Control mean 2.98 240 3.32 350 2.00 1.28 782 0.27
Prior visitors −0.21 116∗∗ 0.07 −0.16 247 0.09

(0.24) (57) (0.21) (0.15) (244) (0.08)
Control mean 2.79 184 2.14 0.96 769 0.22
Prior chatters 0.50 89 0.67∗ 145 0.81∗∗∗ 0.11 497 0.06

(0.31) (99) (0.36) (181) (0.28) (0.22) (305) (0.11)
Control mean 3.74 423 4.90 878 2.86 1.72 1,242 0.43
Prior buyers −0.08 48 2.91 1.73 959 −0.63

(2.47) (1,028) (2.34) (1.23) (1,936) (0.95)
Control mean 14.54 3,356 11.53 2.51 6,075 2.00
Returning non-buyers 0.11 113∗∗ 0.40∗ 214∗∗ 0.39∗∗ −0.02 371∗ 0.08

(0.20) (57) (0.22) (101) (0.18) (0.13) (194) (0.07)
Control mean 3.24 297 3.96 569 2.48 1.32 993 0.32

𝑝: equal effects, four classes 0.081 0.570 0.249 0.459
𝑝: new = returning non-buyers 0.897 0.509 0.705 0.151

Panel B. All brokers (robustness)
New customers 0.10 53 0.18 52 0.27∗∗ −0.08 12 −0.01

(0.14) (44) (0.16) (65) (0.11) (0.09) (121) (0.04)
Control mean 3.11 287 3.46 452 1.98 1.36 803 0.26
Returning non-buyers 0.00 133∗∗∗ 0.27 248∗∗∗ 0.40∗∗∗ −0.06 420∗∗ 0.11∗

(0.17) (49) (0.19) (86) (0.15) (0.11) (172) (0.06)
Control mean 3.33 300 4.07 585 2.46 1.29 992 0.31

𝑝: equal effects, four classes 0.300 0.224 0.247 0.147
𝑝: new = returning non-buyers 0.788 0.102 0.644 0.053

Broker, first-chat-day, rating FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Customers who chatted at least once in the experiment. Panel A, non-pilot brokers: 70,819 new
customers, 27,942 prior visitors, 23,637 prior chatters, 1,949 prior buyers (51,579 returning non-buyers).
Panel B, all brokers: 94,032 new customers, 68,383 returning non-buyers. Separate regressions by funnel
stage. OLS with broker, first-chat-day and customer-rating fixed effects; standard errors clustered by
broker in parentheses. 30-day columns: new customers, prior chatters and returning non-buyers only.
Premium in yuan, winsorized at the 99th percentile of positive values. Benjamini-Hochberg 𝑞-values:
Appendix Table A9. Equality tests: cluster-robust Wald tests, Treat interacted with the classes. ∗∗∗

𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Figure A7: Effects by Age and Customer Rating
Notes: Coefficient on Treat for 15-day premium by age band (a) and by the platform’s customer rating
(b), customers of non-pilot brokers, with the joint 𝑝-value of equal effects across customer ratings in
panel (b). 95 percent confidence intervals clustered by broker.
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Table A11: Customer History, Additional Purchases, and Age

Dependent variable 15-day effect Control mean 30-day effect Control mean

Panel A. Returning non-buyers
Premium in purchase records (yuan) 371∗∗ 1,055 415∗∗ 1,368

(182) (210)
Life premium at least 50,000 yuan (pp) 0.21∗∗ 0.56 0.28∗∗∗ 0.70

(0.09) (0.10)
Second purchase day (pp) 0.16∗∗ 0.48 0.22∗∗ 0.73

(0.08) (0.10)
Panel B. New customers

Premium in purchase records (yuan) 22 818 40 927
(133) (140)

Life premium at least 50,000 yuan (pp) 0.03 0.45 0.03 0.52
(0.07) (0.07)

Second purchase day (pp) 0.04 0.36 0.03 0.49
(0.06) (0.07)

Panel C. Age bands: joint test of equal premium effects
Joint p-value 0.647 0.686

Notes: Product-coded purchase records, non-pilot brokers. Panel A has 51,579 customers and Panel B
70,819. Second purchase day counts a purchase on a date after the first recorded purchase date. Life
premium thresholds refer to an individual purchase record. Panel C tests equality of premium effects
across age bands. OLS with broker, first-chat-day and customer-rating fixed effects; standard errors
clustered by broker in parentheses. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Figure A8: Purchase Effects by Prior Funnel Stage
Notes: Coefficient on Treat for 15-day purchase by prior funnel stage, non-pilot brokers (filled) and
all brokers (hollow); diamonds give the 30-day purchase effect for new customers, prior chatters and
returning non-buyers. 95 percent confidence intervals clustered by broker.
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Table A12: Heterogeneity by Customer Rating and Age

Dependent variable: Purchase, Premium, Premium, log(1 +
15 days (pp) 15 days (yuan) first-chat day (yuan) rounds)

(1) (2) (3) (4)

Panel A. Customer rating
A 0.12 44 76∗ 0.020∗∗

(0.18) (51) (40) (0.008)
B 0.29∗ 79 85 0.005

(0.18) (67) (62) (0.009)
S −0.43 89 141 0.025

(0.78) (192) (138) (0.027)
S+ −0.15 340∗ 283 0.007

(0.90) (201) (188) (0.027)
New customer −0.07 642 776∗∗∗ 0.024

(1.14) (441) (274) (0.037)
𝑝: equal effects 0.653 0.472 0.252 0.792

Panel B. Age
20 to 29 −1.46∗ −125 −137 0.002

(0.87) (152) (141) (0.032)
30 to 39 0.17 206 199 0.010

(0.54) (209) (183) (0.020)
40 to 49 −0.52 −627 −145 −0.015

(0.98) (552) (360) (0.032)
50 to 59 1.94 83 519 −0.085

(1.65) (653) (621) (0.060)
60 or older −3.78 −313 −403 0.012

(3.16) (1,774) (345) (0.145)

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. Each cell is the
coefficient on Treat in the subgroup, from a model with Treat interacted with the subgroup indicators and
broker, first-chat-day and customer-rating fixed effects; standard errors clustered by broker in parentheses.
The equality test in Panel A is a cluster-robust Wald test of the rating interactions. Premium in yuan,
winsorized at the 99th percentile of positive values. Poisson pseudo-maximum likelihood with the same
fixed effects and subgroupmain effects gives the same conclusion: no rating or age difference is significant
(equal-effects 𝑝 of 0.85 for rating and 0.29 for age bands at 15 days). ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Table A13: Purchase Baskets and the Origin of Induced Life Buyers

Panel A. Basket shares, days 0 to 14 (pp of customers)
Dependent variable All customers New customers Returning non-buyers

No purchase −0.30 −0.33 −0.25
(0.15) (0.19) (0.23)

Control share 96.35 96.67 95.93
Health only −0.03 −0.02 −0.06

(0.08) (0.11) (0.12)
Control share 1.21 1.19 1.23

Life without health 0.35 0.36 0.35
(0.11) (0.13) (0.18)

Control share 2.03 1.81 2.34
Combined −0.02 −0.01 −0.05

(0.05) (0.05) (0.08)
Control share 0.40 0.33 0.50

Panel B. Share of induced life buyers drawn from each basket, all customers
Assumption From no purchase From health only Induced life mass (pp)

None [0, 1] [0, 1] [0.35, 2.39]
Life buyers never leave life [0, 1] [0, 1] [0.35, 0.73]

and no purchase is lost [0, 0.83] [0, 1] [0.35, 0.73]
Switches only into life or combined [0, 0.83] [0, 0.10] [0.35, 0.73]
Switches only into life (point) 0.83 0.10 0.35

[0.34, 1] [0, 0.49] [0.14, 0.57]

Notes: Panel A: coefficient on Treat for mutually exclusive baskets from purchase records on days 0 to
14 (life without health may include other lines; combined = life and health, or other lines only), with
broker bootstrap standard errors in parentheses; ability-index sample of non-pilot brokers (118,639
customers; 68,397 new customers; 50,242 returning non-buyers). Panel B: linear-programming bounds on
the transitions between Control and Treat baskets consistent with the two groups’ basket shares, under
each assumption; brackets give the identified set at the estimates, and in the last row the 95 percent
Imbens and Manski band. Random assignment identifies each group’s basket shares, not individual
transitions; only the last row is point identified, by assumption. In more than half of bootstrap draws the
estimated shares violate the directional assumptions of the last two rows and are projected to the nearest
consistent shares.
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Table A14: Health Insurance Is Not Displaced

Health Life

Customers Effect Control (%) Effect Control (%)

Panel A. Purchase on days 0 to 14, by predicted health propensity
Quintile 1 (lowest) 24,863 −0.10 0.80 0.59∗∗∗ 1.44

(0.14) (0.20)
Quintile 2 20,643 0.14 0.67 −0.08 1.93

(0.15) (0.25)
Quintile 3 25,554 −0.14 1.35 0.29 2.17

(0.18) (0.23)
Quintile 4 28,378 0.01 1.21 −0.03 2.77

(0.19) (0.27)
Quintile 5 (highest) 24,909 0.09 2.42 0.82∗∗∗ 3.58

(0.25) (0.30)
Top decile 12,436 0.18 3.12 1.38∗∗∗ 4.47

(0.43) (0.47)
Panel B. Purchase on days 15 to 45

All customers 124,347 0.08∗∗∗ 0.18 0.17∗∗ 0.74
(0.03) (0.07)

Returning non-buyers 51,579 0.16∗∗∗ 0.20 0.29∗∗∗ 0.88
(0.05) (0.11)

Notes: Customers of non-pilot brokers. Coefficient on Treat in percentage points. Panel A: customers
grouped by their predicted probability of buying health insurance within 15 days, from a logit fitted on
Control customers only with pre-assignment characteristics (customer rating, prior funnel stage, prior
visit days and chat rounds with the broker, first-chat weekday), with five-fold cross-fitting; out-of-fold
area under the curve 0.62. If access diverted customers from health to life insurance, the health effect
would be negative where health purchases are most likely. Panel B: any purchase of the product on days
15 to 45 after the first chat, from purchase records. Broker, first-chat-day and customer-rating fixed effects;
standard errors clustered by broker in parentheses. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Table A15: Cumulative Purchases by Product and Day since the First Chat

Purchase by day 0 1 3 7 14 29

All customers
Life 0.16∗∗ 0.17∗∗ 0.25∗∗∗ 0.26∗∗ 0.33∗∗∗ 0.47∗∗∗

(0.07) (0.08) (0.09) (0.10) (0.11) (0.12)
Control mean (%) 1.07 1.43 1.70 2.03 2.36 2.69

Savings-type life 0.12∗∗∗ 0.15∗∗∗ 0.20∗∗∗ 0.20∗∗∗ 0.26∗∗∗ 0.30∗∗∗

(0.04) (0.05) (0.06) (0.07) (0.08) (0.08)
Control mean (%) 0.35 0.53 0.69 0.91 1.10 1.31

Health −0.02 −0.02 −0.05 −0.03 −0.03 0.00
(0.06) (0.06) (0.07) (0.08) (0.08) (0.09)

Control mean (%) 0.66 0.79 0.94 1.12 1.31 1.47
Returning non-buyers

Life 0.16 0.17 0.30∗∗ 0.26 0.39∗∗ 0.58∗∗∗

(0.11) (0.13) (0.15) (0.17) (0.18) (0.20)
Control mean (%) 0.95 1.36 1.66 2.12 2.48 2.90

Savings-type life 0.13∗ 0.19∗∗ 0.30∗∗∗ 0.31∗∗∗ 0.43∗∗∗ 0.51∗∗∗

(0.07) (0.08) (0.10) (0.12) (0.12) (0.14)
Control mean (%) 0.36 0.55 0.72 1.01 1.19 1.47

Health 0.01 0.01 −0.04 −0.01 −0.02 0.03
(0.08) (0.09) (0.10) (0.11) (0.13) (0.14)

Control mean (%) 0.53 0.66 0.85 1.07 1.32 1.50

Share of buyers by day 29 who had bought by day 𝑘 (%), Control / Treat
Life 40 / 39 53 / 50 63 / 62 76 / 73 88 / 85 100 / 100
Savings-type life 26 / 28 40 / 41 52 / 54 69 / 68 84 / 84 100 / 100
Health 45 / 45 54 / 54 64 / 63 76 / 76 90 / 88 100 / 100

Notes: Customers of non-pilot brokers (124,347) and returning non-buyers among them. Coefficient on
Treat, in percentage points, for an indicator of at least one purchase of the product from the first-chat day
(day 0) through day 𝑘, from purchase records (one per customer, day and product). Savings-type life:
life policies of 5,000 yuan or more in round thousands. Health insurance combines critical-illness and
medical insurance. Broker, first-chat-day and customer-rating fixed effects; standard errors clustered by
broker in parentheses. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Under weak monotonicity restrictions (access never moves a life buyer out of life,
or never stops a purchase), the share of induced life buyers drawn from health can be
anywhere between 0 and 1. Under the directional assumption the 95 percent band for
the no-purchase share runs from 0.34 to 1.

Buyer-level comparisons. The life share of purchase records is 3.6 percentage points
higher among Treat buyers, while neither the number of records per buyer nor premium
per record changes significantly. Median premium per buyer is 1,602 yuan in the Treat
group and 1,082 yuan in the Control group; the 75th percentile is 20,000 against 11,800
yuan. Because access can change who buys, these comparisons describe buyers rather
than how a given buyer’s purchases changed.

Figure A9 describes premium among buyers; under Lee bounds, the effect on pre-
mium per buyer in the main sample lies between 803 and 1,899 yuan.
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Figure A9: Premium among Buyers
Notes: Quantiles by group, customers of non-pilot brokers. Panel (a): the platform’s 15-day premium
field among customers with a purchase in that window. Panel (b): positive premiums in product-coded
purchase records over the same window. Descriptive: the tool may change who buys.

The 30-day outcome in two parts. On the ability-index sample, the first fortnight
(the platform field) gives a premium effect of 93 yuan (standard error 41) and the
ability interaction of Section 4. The second fortnight (purchase records) adds purchases,
0.155 percentage points (0.065) for all customers and 0.263 points (0.106) for returning
non-buyers, and premium of 62 yuan (44) and 91 yuan (92), not statistically significant;
its ability interactions (39 and 53 yuan) are not statistically significant either. The ability
gradient in 30-day premium therefore comes from the first fortnight.

B.4 Timing, Persistence and Later Contact

Conversation hazards. The daily model uses the 1,865,205 customer-days of days 0 to
14 for the 124,347 main-sample customers, from purchase and chat records. Customers
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are active on 3.08 percent of days 1 to 14; 4.02 percent buy within days 0 to 14 and 2.00
percent on day 0. Linear-probability hazards with broker, first-chat-date, customer-
rating and day fixed effects give: continuation (active on day 𝑑) +0.116 percentage
points for Treat (0.036) and −0.456 (0.216) for Treat × active the previous day, where
continuation for customers active the previous day is about 12 percentage points; first
purchase on days 1 to 14 +0.002 (0.004); purchase on day 0 +0.175 (0.098). None
of these hazards varies with broker ability, but among buyers a broker one standard
deviation more able sells a life policy 4.3 percentage points more often with the tool
(standard error 1.8). A Markov decomposition built on the Control hazards gives a
modelled 15-day purchase effect of 0.367 percentage points, of which 0.312 when only
the purchase hazards change and 0.052 when only continuation changes. In terms
of the main text: the day-0 purchase effect of 0.18 points is on a base of 1.93 percent;
access raises the chance that an inactive customer returns on a later day by 0.12 points,
about 4 percent of a 3.1 percent base, but slightly lowers continuation among customers
who chatted the day before. The purchase effect works through conversion within the
conversation, not through reduced churn.

Effects by first-chat week. The 15-day premium effect is 152 yuan (standard error
61) for customers who first chatted in week 1 and 60 and 10 yuan in weeks 2 and 3;
no pairwise difference survives a Holm adjustment. Compared with each broker’s
own pilot-period conversion and premium per customer, the decline comes from Treat
customers’ outcomes falling over the weeks (Figure A10). This pattern fits a fading
novelty effect or later cohorts benefiting less; it does not support growing spillovers into
Control conversations. The ability gradient in Section 4 does not fade over the same
weeks. In the sample of all brokers every robustness estimate is similar or somewhat
smaller.

Cumulative effects. In Figure 5 the cumulative premium estimates after 30 days are
about 200 yuan for all customers and 431 yuan for returning non-buyers. Purchases
during full rollout alone are 0.22 points higher, although brokers can then use the tool
for both groups (Table A16). The cumulative premium difference is significant for
returning non-buyers (460 yuan by full-rollout week 7) but not for all customers or new
customers. Figure A11 plots the effects in the experiment window and in the first weeks
of full rollout.

Follow-up contact. Figure A12 plots customer contact and transactions after the initial
conversation. Among returning non-buyers the increase in return chat on days 15 to 45
is 1.76 percentage points. These estimates keep every randomly assigned customer in
the denominator. Within the first two weeks, access raises log chat-window rounds by
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Figure A10: Which Group Moves over the Experiment Weeks
Notes: Customers of non-pilot brokers. Change in (a) purchase within 15 days and (b) 15-day premium
for customers who first chatted in weeks 2 and 3 relative to week 1, separately for the Control group
(circles) and the Treat group (squares). Filled markers adjust for each broker’s pilot-period conversions
and premium per opened customer; hollow markers use within-broker comparisons only. 95 percent
confidence intervals clustered by broker. By first-chat week, the 15-day premium effect is 152 (61), 60
(77) and 10 (69) yuan, and the life-purchase effect 0.55 (0.18), 0.01 (0.21) and 0.29 (0.20) percentage
points; equality across weeks is not rejected (𝑝 = 0.27 and 0.15).
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Figure A11: Persistence into Full Rollout
Notes: Panels (a) and (b): effects on purchase and premium in the experiment window and in weeks 1
to 3 of full rollout, non-pilot brokers (filled) and all brokers (hollow). Panel (c): effects on cumulative
purchase to week 3 of full rollout, to the end of the data, and in the full-rollout period only, for all
customers, returning non-buyers and new customers (Table A16). 95 percent confidence intervals
clustered by broker.
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Table A16: Initial Access to AI Advice: Cumulative Purchases and Premium through Full
Rollout

To full-rollout week 3 To full-rollout week 7 Full-rollout period only

Dependent variable: Purchase Premium Purchase Premium Purchase Premium
(pp) (yuan) (pp) (yuan) (pp) (yuan)

(1) (2) (3) (4) (5) (6)

Panel A. All customers
Treat 0.47∗∗∗ 230∗ 0.48∗∗∗ 198 0.22∗∗ 35

(0.15) (126) (0.15) (132) (0.09) (74)
Control mean 4.56 1,296 4.83 1,451 1.52 549

Panel B. Returning non-buyers
Treat 0.67∗∗∗ 499∗∗ 0.67∗∗ 460∗∗ 0.39∗∗∗ 129

(0.25) (214) (0.26) (226) (0.15) (139)
Control mean 4.95 1,425 5.33 1,657 1.77 695

Panel C. New customers
Treat 0.29 58 0.30 52 0.12 −13

(0.19) (143) (0.19) (146) (0.11) (72)
Control mean 3.81 953 3.96 1,009 1.06 331

Broker, first-chat-day, rating FE Yes Yes Yes Yes Yes Yes

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. Panels A to C: 124,347,
51,579 and 70,819 customers. OLS with broker, first-chat-day and customer-rating fixed effects; standard
errors clustered by broker in parentheses. Outcomes cumulate purchases with any broker from the
first-chat day to the end of the window (one record per customer and day); columns (5) and (6) count
only purchases in full rollout, when all customers had the tool. Premiumwinsorized at the 99th percentile
of positive values within each window. Poisson pseudo-maximum likelihood with the same fixed effects
gives premium effects of 17 and 13 percent for all customers (𝑝 = 0.09 and 0.16) and 36 and 29 percent
for returning non-buyers (𝑝 = 0.03 and 0.05) to full-rollout weeks 3 and 7. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗

𝑝 < 0.10.
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0.023 and returns to chat in the second week by 0.63 percentage points (Appendix B).
The joint probability of buying on days 0 to 14 and returning to chat on days 15 to 45
(0.30 points) rises about as much as buying itself on the same records (0.28 points).
Defined with the platform purchase field instead, the joint events keep their sign but
are not statistically significant (Table A17). Later contact can reflect service requests as
well as advice.

0.0 0.5 1.0 1.5 2.0 2.5
Treatment effect (pp)

Return chat

Initial buy + return

Initial buy + repeat

(a) All customers

0.0 0.5 1.0 1.5 2.0 2.5
Treatment effect (pp)

(b) Returning non-buyers

Figure A12: Customer Contact and Transactions after the Initial Conversation
Notes: All customers remain in the denominator. Return chat is on days 15 to 45. Purchase and return
combines an initial purchase record on days 0 to 14 with later chat. Repeat purchase is another purchase
day after that first purchase and by day 45. Effects in percentage points; 95 percent broker-clustered
intervals. These are joint-event effects, not effects conditional on being a buyer.

Follow-up by cohort. Customers whose first chat falls no later than Day 9, whose
day 45 falls well before the end of the data, give larger follow-up effects, all significant:
return chat +1.75 percentage points, purchase and return +0.39, repeat purchase +0.22
for all customers.

Later follow-up and observation. The main follow-up uses a fixed horizon from the
first chat, not from the first purchase. All experiment cohorts can be observed to day 45.
Initial purchase is a daily transaction on days 0 to 14; a later purchase is on another day
after the first purchase and no later than day 45. The alternative platform intersections
in Table A17 are smaller and not significant. Earlier-cohort estimates retain the same
direction.

Definitions. All engagement outcomes count days 0 to 14 after the first chat. Dialogue
rounds sum the platform’s daily count of rounds with the broker; chat-window (IM)
rounds count rounds in the chat window only. Days with a record count days on which
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Table A17: Follow-up States and Alternative Purchase Intersections

Dependent variable (pp) All customers Returning non-buyers

No initial purchase -0.283∗∗ -0.324
(0.139) (0.228)

Buy only -0.054 -0.172
(0.106) (0.171)

Buy and return, no repeat 0.203∗∗∗ 0.234∗∗

(0.070) (0.118)
Buy and repeat, no return 0.035 0.072

(0.032) (0.047)
Buy, return and repeat 0.099∗ 0.190∗∗

(0.053) (0.083)
Joint 𝑝 for the states 0.0048 0.0114
Platform purchase × later chat 0.110 0.152

(0.076) (0.123)
Platform purchase × repeat record 0.029 0.060

(0.045) (0.068)

Notes: The first five states are mutually exclusive and exhaustive; their treatment effects sum to zero.
Definitions and samples are as in Table 4. The last rows intersect platform buy15 with the daily-record
follow-up events. The repeat event is still defined from daily records; this is not a complete reconstruction
under an independent platform purchase-date measure. The alternative intersections are not significant.
State changes do not identify the behavior of marginal buyers.

the customer has any record with the broker, including visits without a message. Return
to chat indicates a chat on days 1 to 3, 4 to 7 or 8 to 14. Days to purchase is the number of
days from the first chat to the first purchase, among buyers. Rounds before purchase sum
dialogue rounds from the first chat up to and including the day of the first purchase.
For buyers whose purchase is recorded only in the 15-day field and not on a day with a
record, the purchase day is not observed; the extended definition then counts all rounds
in days 0 to 14, an upper bound.

Estimates. Table A18 reports the engagement estimates. With broker, first-chat-day
and customer-rating fixed effects, for customers of non-pilot brokers: log chat-window
rounds rise by 0.023 (standard error 0.007) on a Control mean of 0.91; days with a record
rise by 0.028 (0.009) on a Control mean of 1.74. Returns to chat on days 1 to 3 and 4 to 7
do not change (−0.16 and 0.24 percentage points), while returns on days 8 to 14 rise
by 0.63 points (0.20) on a Control rate of 8.4 percent. Among buyers, days to purchase
change by 0.07 (0.13) on a Control mean of 2.1 days, log rounds before purchase by
0.015 (0.036) for buyers whose purchase day is observed, and by 0.023 (0.030) under
the extended definition. None of the buyer-level estimates is significant. Because the
tool may change who buys, the buyer-level comparisons are descriptive.
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Table A18: Customer Engagement and the Path to Purchase

Dependent variable Treat effect Control mean 𝑁

Panel A. All customers: days 0 to 14
Log(1 + dialogue rounds) 0.013∗∗ 1.47 124,347

(0.006)
Log(1 + chat-window rounds) 0.023∗∗∗ 0.91 124,347

(0.007)
Days with a customer record 0.028∗∗∗ 1.74 124,347

(0.009)
Return to chat, days 1 to 3 (pp) −0.16 18.83 124,347

(0.27)
Return to chat, days 4 to 7 (pp) 0.24 8.31 124,347

(0.20)
Return to chat, days 8 to 14 (pp) 0.63∗∗∗ 8.41 124,347

(0.20)
Purchase, days 0 to 6 (pp) 0.23∗ 3.25 124,347

(0.13)
Panel B. Buyers only (descriptive)

Days to first purchase 0.070 2.06 4,605
(0.133)

Log(1 + rounds before purchase) 0.015 2.53 4,605
(0.036)

Log(1 + rounds), extended definition 0.023 2.37 5,976
(0.030)

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. OLS with broker,
first-chat-day and customer-rating fixed effects; standard errors clustered by broker in parentheses. Panel
A uses all 124,347 customers. Panel B conditions on buying and is descriptive. Rounds before purchase
include the purchase day; the extended definition includes all rounds in days 0 to 14 when the exact
purchase day is unobserved. Log coefficients refer to log(1 + count), not raw count percentages. ∗∗∗

𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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B.5 Spillovers

Daily Treat share and congestion. Within a broker and day, the excess number of Treat
customers over the day’s Treat share has a standard deviation of about 1.2 customers
within broker and is serially uncorrelated (correlation 0.02 with the previous day). One
more Treat customer of the same broker on the same day changes Control customers’
15-day premium by 6 yuan (standard error 23) and their purchase probability by 0.08
percentage points (0.07); for the other Treat customers the estimates are 12 yuan (13)
and −0.01 points (0.05) (Figure A13). Of 32 same-day and lagged coefficients across
outcomes and groups, one is significant at 5 percent: Control customers’ life purchases
after a day with more Treat customers (0.17 points, standard error 0.08). At the broker-
day level, premium, conversions and chat-window time do not move with the daily
Treat share; phone time rises by 26 seconds, about 1 percent of the daily mean. Scaling
the same-day spillover by the average 8.4 first chats per broker-day gives an implied
effect of moving a broker from no access to full access of 159 yuan in 15-day premium
(standard error 107), against a customer-level effect of 84 yuan in the same sample.
The band is wide, from about −50 to 370 yuan, so the customer contrast neither clearly
understates nor clearly overstates the deployment effect. Table A19 reports the spillover
estimates. Lags of two days are all insignificant, and dropping Day 1 gives the same
picture. On busier days, Treat customers’ 15-day premium is lower: per log point of the
broker’s same-day first chats it falls by 137 yuan (standard error 62), so doubling the
day’s first chats goes with about 95 yuan less; the Control slope is 23 yuan (103). The
difference between the two slopes is not tested.
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Table A19: Spillovers from the Random Daily Treat Share

Panel A. Per additional Treat customer of the same broker
Control customers Treat customers

Dependent variable Same day Previous day Same day Previous day

Premium, 15 days (yuan) 6.0 31.9 12.1 −9.9
(23.3) (27.4) (12.9) (17.0)

Purchase, 15 days (pp) 0.08 0.04 −0.01 −0.07
(0.07) (0.10) (0.05) (0.05)

Life purchase, 15 days (pp) 0.09 0.17∗∗ −0.07∗ −0.07
(0.06) (0.08) (0.04) (0.04)

Premium, 30 days (yuan) 1.0 31.5 1.0 −11.0
(32.1) (47.8) (21.5) (23.9)

Panel B. Implied effect of full coverage
Treat effect Same-day spillover Full coverage 𝑝

Premium, 15 days (yuan) 84.0∗∗ 8.9 159.2 0.14
(40.1) (11.0) (107.5)

Purchase, 15 days (pp) 0.13 0.02 0.28 0.44
(0.12) (0.04) (0.36)

Life purchase, 15 days (pp) 0.23∗∗ −0.01 0.16 0.55
(0.11) (0.03) (0.27)

Panel C. Broker-day totals, per additional Treat customer
Mean Same day Previous day

Premium (yuan) 12,650 176 (310) −255 (332)
Conversions 0.62 0.004 (0.006) 0.000 (0.006)
Chat-window seconds 3,959 14.4 (17.2) 12.3 (17.7)
Phone seconds 2,174 25.7∗∗ (12.3) 22.2∗ (12.6)

Notes: Customers of non-pilot brokers with a first chat on Days 1 to 20 (119,386 customers, 831 brokers,
14,183 broker-days with first chats; 8.4 first chats per broker-day on average). The regressor is the number
of Treat customers among the broker’s first chats on the day minus the number expected at that day’s
Treat share (leaving out the customer’s own assignment), and the same quantity on the previous day; its
within-broker standard deviation is 1.2. Panels A and B: broker, first-chat-day and customer-rating fixed
effects, separately by group (A) or pooled with Treat (B). Full coverage = Treat effect plus 8.4 times the
same-day spillover. Panel C: 15,515 broker-days of 828 brokers, broker and date fixed effects, daily broker
records. Standard errors clustered by broker in parentheses. In proportions (Poisson pseudo-maximum
likelihood with the same fixed effects), one more Treat customer of the same broker that day changes
Control customers’ 15-day premium by 0.2 percent (𝑝 = 0.97) and broker-day premium by 1.1 percent
(𝑝 = 0.56). ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Figure A13: Spillovers from the Random Daily Treat Share
Notes: Customers of non-pilot brokers whose first chat falls on experiment Days 1 to 20 (119,386 customers,
831 brokers). Panels (a) and (b): effect of one additional Treat customer among the broker’s first chats
on the same day (leave-one-out excess over the day’s Treat share) on Control customers (circles) and
Treat customers (squares). Panel (c): the customer-level Treat effect (diamonds) and the implied effect
of full coverage (triangles), the Treat effect plus 8.4 times the same-day spillover. Broker, first-chat-day
and customer-rating fixed effects; 95 percent confidence intervals clustered by broker.
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C Broker Ability: Additional Results

This appendix documents the ability index and the ability gradient of Section 4.

C.1 The Ability Index

Construction. The main index excludes the contemporaneous platform score and uses
tenure and pilot-period daily premium, conversions and conversion rate. The premium
cap used to construct the index is the positive 99th percentile of broker-day premium
within the pre-experiment window (300,000 yuan). The first component explains 68
percent of the variance, with loadings 0.366, 0.502, 0.564 and 0.544. It is constructed on
820 non-pilot brokers with sufficient data. The complete non-pilot experiment sample
remains 124,347 customers of 831 brokers; the common sample of the ability regressions
(120,586 customers of 746 brokers) drops brokers without the inputs of every measure.
Archived Table A21 is an alternative-index sensitivity result, not the main index.

What the index measures. Table A20 separates the components of the index. Entered
one at a time (Panel A), tenure, daily conversions, the conversion rate and the number
of customers opened per day each give a positive premium interaction of 85 to 118 yuan
for all customers. Specialization in life insurance gives 2 yuan (56) for all customers
and 27 yuan (90) for returning non-buyers, and its correlation with the index across
brokers is 0.03. On its own it gives a life-minus-health difference in purchase gradients
of 0.06 percentage points (0.17), against 0.33 for the index, while daily conversions
and customers opened per day give 0.32 and 0.31. With the index in the regression
(Panel B), brokers who open many customers a day with little chat-window time per
day gain more than the index predicts, but only for all customers’ 15-day premium
(joint 𝑝 = 0.013); for 30-day premium, purchase and returning non-buyers the added
components are jointly insignificant. The index rebuilt on pilot weeks 1 to 5 and on
weeks 6 to 10 correlates 0.68 across brokers; using each half as an instrument for the
other (Gillen et al., 2019) gives 125 yuan (57) for all customers and 179 yuan (77) for
returning non-buyers (Panel C). By tenure group (Panel D), the 15-day premium effect
is 23 yuan (51) below three months and 236 yuan (98) above a year, 7 and 77 percent in
proportional terms; the linear trend is 59 yuan per group (𝑝 = 0.090) for all customers
and 100 yuan (𝑝 = 0.050) for returning non-buyers, while equality across groups is not
rejected (𝑝 = 0.25 and 0.20). Brokers who survive into longer tenure may be better to
begin with.
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Table A20: What the Ability Gradient Measures

Dependent variable: 15-day premium (yuan) All customers Returning non-buyers

Panel A. Treat × one broker component at a time (per broker SD)
Tenure 85∗∗ (35) 121∗∗∗ (46)
Mean daily premium 55 (36) 85∗ (44)
Mean daily conversions 101∗∗ (39) 124∗∗ (55)
Conversion rate 118∗∗ (55) 178∗∗ (79)
Life-insurance specialization 2 (56) 27 (90)
Customers opened per day 105∗∗ (51) 94 (70)
Chat-window minutes per work day 13 (53) 51 (71)

Panel B. Index together with the three components outside it
Ability index 147∗ (84) 204∗ (119)
Customers opened per day 134∗∗ (62) 39 (90)
Chat-window minutes per work day −179∗∗ (78) −115 (109)
Life-insurance specialization −12 (48)
𝑝: three added components jointly zero 0.013 0.704

Panel C.Measurement error in the index
OLS, index from pilot weeks 1 to 5 73 (55) 142∗ (75)
OLS, index from pilot weeks 6 to 10 99∗∗∗ (33) 106∗∗ (46)
ORIV, each half instruments the other 125∗∗ (57) 179∗∗ (77)

Panel D. Treat effect by tenure at the start of the pilot
Under 3 months 23 (51) −52 (72)
3 to 6 months 75 (81) 68 (100)
6 to 12 months 25 (71) 118 (102)
Over 12 months 236∗∗ (98) 265∗ (145)
Linear trend per tenure bin 59∗ (35) 100∗∗ (51)
𝑝: equal effects across bins 0.251 0.198

Notes: Customers of non-pilot brokers; standard errors clustered by broker in parentheses; broker, first-
chat-date and customer-rating fixed effects. Components are standardized across the 820 non-pilot
brokers of the index and measured over the ten pilot weeks. Life-insurance specialization is the shrunk
life share of life and critical-illness conversions. Panels A and B: 120,599 customers of 750 brokers (50,247
returning non-buyers); the specialization coefficient for returning non-buyers in Panel B was not legible in
the export. Panel C: the index rebuilt separately on pilot weeks 1 to 5 and 6 to 10 (broker correlation 0.68);
ORIV stacks the two instrumented regressions (Gillen et al., 2019); 115,568 customers of 714 brokers.
Panel D: tenure bins hold 222, 141, 277 and 186 brokers; each row is the Treat effect within the bin, all
customers of non-pilot brokers. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table A21: Broker Ability: Additional Outcomes and Specifications

Ability measure Index Index Score Score Score Tenure Tenure
Brokers Non-pilot Non-pilot Non-pilot Non-pilot All Non-pilot Non-pilot
Treat × rating controls No Yes No Yes No No Yes

(1) (2) (3) (4) (5) (6) (7)

Panel A. Returning non-buyers: premium, 15 days (yuan)
Treat × Ability 160∗∗∗ 152∗∗∗ 152∗∗∗ 146∗∗ 141∗∗∗ 128∗∗∗ 116∗∗

(55) (56) (58) (58) (47) (48) (52)
Ability slope, Control group −4 13

(39) (48)
Ability slope, Treat group 151∗∗∗ 176∗∗∗

(36) (31)
Control mean 302 302 298 298 300 298 298

Panel B. Returning non-buyers: purchase, 15 days (pp)
Treat × Ability 0.35∗ 0.41∗∗ 0.25 0.30 0.14 0.43∗∗ 0.49∗∗

(0.19) (0.19) (0.20) (0.21) (0.17) (0.19) (0.19)
Ability slope, Control group 0.09 0.13

(0.18) (0.19)
Ability slope, Treat group 0.49∗∗∗ 0.46∗∗∗

(0.09) (0.09)
Control mean 3.28 3.28 3.25 3.25 3.34 3.25 3.25
MDE of Treat × Ability 0.53 0.55 0.56 0.58 0.48 0.52 0.54

Panel C. Returning non-buyers: life policy of 100,000 yuan or more, 15 days (pp)
Treat × Ability 0.115∗∗ 0.095 0.065 0.050 0.080 0.085 0.052

(0.058) (0.062) (0.062) (0.062) (0.054) (0.053) (0.060)
Ability slope, Control group 0.041 0.138∗∗∗

(0.055) (0.052)
Ability slope, Treat group 0.131∗∗∗ 0.189∗∗∗

(0.030) (0.030)
Control mean 0.328 0.328 0.321 0.321 0.306 0.321 0.321

Panel D. New customers
Treat × Ability: premium (yuan) 54 10 −31 60

(48) (46) (44) (51)
Treat × Ability: purchase (pp) −0.31∗ −0.36∗∗ −0.23 −0.24

(0.17) (0.16) (0.15) (0.17)
Panel E. All customers

Treat × Ability: premium (yuan) 102∗∗ 68∗ 32 92∗∗

(41) (39) (35) (36)
Treat × Ability: purchase (pp) 0.00 −0.07 −0.05 0.05

(0.12) (0.13) (0.11) (0.12)

Broker, first-chat-day, rating FE Yes Yes Yes Yes Yes Yes Yes

Notes: Comparison specification: the ability index in this archived table includes the experiment-period
platform score and differs from the main pre-experiment index. Customers of non-pilot brokers (column
(5): all brokers) who chatted at least once in the experiment: returning non-buyers in Panels A to C, new
customers in Panel D, all customers in Panel E. Customers in Panels A to C by column: (1) 50,242, (2)
50,242, (3) 51,528, (4) 51,528, (5) 68,332, (6) 51,556, (7) 51,556. Each column: the outcome on Treat, Treat
× ability and broker, first-chat-day and customer-rating fixed effects; columns (2), (4) and (7) add Treat
× rating. Ability is standardized; index as in Section 4. Ability-slope rows: the outcome on ability within
each group, first-chat-day and customer-rating fixed effects only. Premium in yuan, winsorized at the
99th percentile of positive values. MDE: 2.8×SE. Standard errors clustered by broker in parentheses. ∗∗∗

𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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C.2 The Gradient and Its Robustness

Ability quintiles. Table A22 reports, by quintile of the ability index, the Control and
Treat means behind Figure 6, the premium, proportional and life-purchase effects, the
effects of assignment on receipt and adoption, and the share of received suggestions
that brokers send. Control premium per customer rises from 221 yuan in the bottom
quintile to 418 yuan in the top for all customers and moves without a clear order for
returning non-buyers; the PPML Treat effect is 18, −8, −4, 54 and 75 percent across the
five quintiles. Single quintiles are noisy; the slopes in Table 5 summarize them.

Table A22: Premium, Treat Effects and AI Use by Ability Quintile

Mean premium, 15 days Treat effect Effect of Treat on Total sent

Ability quintile Brokers Control Treat Premium PPML Life purchase Any receipt Any adoption share of
(yuan) (yuan) (yuan) (%) (pp) (pp) (pp) suggestions

Panel A. All customers
Bottom 177 221 247 32 (61) 18 −0.10 40.7 20.0 12.9%
Second 159 303 257 −23 (91) −8 0.65∗∗∗ 42.7 18.8 10.6%
Third 147 334 303 −18 (87) −4 0.52∗∗ 44.9 19.5 11.2%
Fourth 139 324 462 173∗∗ (87) 54∗ 0.21 47.9 19.8 9.1%
Top 128 418 665 304∗∗ (125) 75∗∗ 0.54∗ 50.2 18.1 7.7%

Panel B. Returning non-buyers
Bottom 174 244 262 17 (83) 11 −0.23
Second 159 197 274 97 (107) 52 0.49
Third 147 434 269 −161 (161) −42 0.24
Fourth 139 362 540 188 (131) 45 0.23
Top 128 281 735 468∗∗∗ (155) 164∗∗∗ 1.23∗∗∗

Notes: Customers of non-pilot brokers with the ability index (120,599 customers of 750 brokers; about
24,000 per quintile in Panel A and 10,000 in Panel B). This sample needs only the index; the common
sample of the ability regressions (120,586 customers of 746 brokers) also requires the inputs of every
alternative measure. Quintiles use customer-weighted cut points of the index; each broker falls in one
quintile. Mean premium: raw group means, winsorized at the 99th percentile of positive values. Treat
effects within the quintile with broker, first-chat-date and customer-rating fixed effects; standard errors
clustered by broker in parentheses. PPML: proportional effect, 100 × (exp(𝑏) − 1). Any receipt and any
adoption: effect of Treat on whether the broker received, or adopted, at least one AI suggestion for the
customer (all significant at 1 percent). Total sent: suggestions sent in full or in part, directly or after
edits, as a share of suggestions received, from the broker-day handling records (descriptive; no standard
errors). * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.

Robustness of the gradient. Table A23 reports the gradient with null-imposed wild
cluster bootstrap 𝑝-values, on a customer composition common to all ability quintiles,
without winsorizing, leaving out one broker at a time, and jointly with life-insurance
specialization and pre-period conversion volume. The common composition restricts to
customer cells (prior funnel stage, customer rating, week, weekend and age) present in
every quintile and reweights them; it gives 83 yuan (38), and the drop comes from trim-
ming cells without support, which removes relatively more customers of top-quintile
brokers. Without winsorizing the gradient is 153 yuan (53). Tenure’s 30-day premium
interactions are positive but not statistically significant. Volume and the index are too
collinear (correlation 0.79) to be separated; together they carry the gradient, but neither
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is individually precise. Specialization explains none of it. Its measure is noisy across
the two halves of the pilot (correlation 0.23 after shrinkage), so this is a weak test of a
task-specific advantage. Archived estimates with an alternative index that includes the
experiment-period platform score are in Table A21.

Table A23: The Ability Gradient: Customer Composition, Scale and Inference

Treat × ability index; dependent variable: 15-day premium (yuan) All customers Returning non-buyers

Baseline (Table 5) 107∗∗ (42) 150∗∗∗ (56)
Wild cluster bootstrap 𝑝, null imposed 0.010 0.005

Common customer composition across ability quintiles
Trimmed to cells present in every quintile 84∗∗ (36) 126∗∗ (55)
Trimmed and reweighted to a common mix 83∗∗ (38) 122∗∗ (61)
Treat × customer covariates added 110∗∗∗ (40) 146∗∗ (58)

Scale and influence
Premium not winsorized 153∗∗∗ (53) 184∗∗ (79)
Leave one broker out: range of estimates 91 to 126 124 to 172

Specialization and volume, jointly with the index
Ability index 55 (63) 95 (82)
Life-insurance specialization 7 (55) 33 (87)
Pre-period conversion volume 96 (89) 103 (103)

Notes: Customers of non-pilot brokers (120,586 customers of 746 brokers; 50,242 returning non-buyers).
Broker, first-chat-date and customer-rating fixed effects; standard errors clustered by broker in parentheses.
Wild cluster bootstrap: Rademacher weights by broker, 999 draws. Common composition: cells defined by
prior funnel stage, customer rating, week, weekend and age band; cells without at least five customers in
every ability quintile are dropped (3.0 percent of all customers and 4.9 percent of returning non-buyers).
Leave one broker out: the gradient re-estimated without each broker in turn. Specialization: shrunk
life share of life and critical-illness conversions in the pilot weeks; its correlation with the index across
brokers is 0.02, and volume’s is 0.79. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.

Table A24 reports the interactions on a proportional scale.

Table A24: Proportional Revenue Interactions with Pre-Experiment Ability

Customers Measure 𝛾 SE 𝑝 100(𝑒𝛾 − 1) 95% CI

All customers Index 0.213 0.109 0.051 23.7 -0.1 to 53.3
Tenure 0.222 0.122 0.068 24.8 -1.6 to 58.4

Returning non-buyers Index 0.336 0.159 0.034 40.0 2.5 to 91.1
Tenure 0.364 0.186 0.050 43.8 -0.1 to 107.0

Notes: Broker-FE PPML for 15-day premium with Treat, Treat × standardized ability, first-chat-date
and customer-rating effects. Broker-clustered inference. Percentage columns transform the interac-
tion coefficient: they measure the change in the treatment revenue ratio per standard deviation, not a
percentage-point change in the treatment effect. The profile estimator was checked against a dummy-
variable GLM, and alternative starts and optimizers yielded the same baseline solution (Appendix
discussion).
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C.3 Products and Skill Intensity

Products and policy size. Table A25 reports the product gradients behind Figure 7.
Life-insurance purchase effects for all customers are 0.27, 0.34 and 0.43 percentage points
at P25, P50 and P75 of ability; among returning non-buyers they are 0.05, 0.31 and 0.64
points, and the lowest is not statistically significant. Health-insurance effects are not
statistically significant at any of these points. The gradient in buying at least 30K yuan
within 15 days is 0.14 percentage points (0.07) among returning non-buyers; equality
of the gradients across the three size groups has 𝑝 = 0.076.

Table A25: Skill Gradients in Life- and Health-Insurance Purchases

Treat × ability (pp per SD) All customers Returning non-buyers

Life-insurance gradient 0.130 0.486∗∗∗

(0.109) (0.168)
Health-insurance gradient -0.204∗∗ -0.178

(0.092) (0.134)
Life minus health 0.333∗∗ 0.664∗∗∗

(0.146) (0.211)
Product-difference raw 𝑝 0.0225 0.0016
Wild cluster bootstrap 𝑝 0.022 0.002
Holm 𝑝, primary family (test M3) 0.044
Holm 𝑝, six-test product family 0.112 0.0096

Notes: Stacked product equations use the pre-experiment index and product-specific broker, date and
customer-rating effects. Broker, first-chat-date and customer-rating fixed effects; standard errors clustered
by broker in parentheses. The two equations retain their joint covariance. Samples: 120,586 and 50,242
unique customers. Wild cluster bootstrap: null imposed, Rademacher weights by broker, 999 draws. The
primary family is tests M1 to M3 of Section 3.1. The six-test product family uses the life-minus-health
gradient, the sum of the two purchase-indicator gradients, and the equality of three window-premium-
category gradients, for each population. Adjusted values are calculated from exported rounded raw
𝑝-values. Product-coded daily records are distinct from platform purchase fields. An effect on one
product is not an identified switch from another product.

Table A26 reports product effects at quantiles of pre-experiment ability.

Skill-intensity cells. Table A27 reports the cell estimates behind Figure 8 and the
errors-in-variables slopes across cells. All fourteen pre-tool slopes are positive and
precisely estimated. The tool’s interaction with ability is −0.21 percentage points in
health insurance for new customers, −0.19 for returning non-buyers, and −0.24 in new
customers’ policies below 5K yuan. Among returning non-buyers the errors-in-variables
slope across the seven cells is 2.13 (95 percent interval −0.11 to 6.54), and across the
three non-overlapping size bins 2.05 (−0.04 to 7.97). The comparison is descriptive for
three reasons. The cells overlap (any purchase and premium sum over the size bins).
Among the cell interactions only the returning-non-buyer life gradient is significant at 5
percent. And the sign depends on scale: across life and health, health has the larger

94



Table A26: Product Effects at Pre-Experiment Ability Quantiles

Customers Product P25 P50 P75

All customers Life 0.273∗∗ 0.342∗∗∗ 0.431∗∗∗

(0.124) (0.109) (0.131)
Health 0.123 0.014 -0.127

(0.091) (0.081) (0.109)
Returning non-buyers Life 0.049 0.307∗ 0.640∗∗∗

(0.209) (0.183) (0.210)
Health 0.096 0.001 -0.121

(0.135) (0.126) (0.166)

Notes: Effects in percentage points, with broker-clustered standard errors. Linear combinations of Treat
and Treat × ability in stacked OLS. Customer-weighted ability quantiles are fixed at their observed values;
they are not independently estimated subgroup regressions. Health effects are not significant at these
points. A non-significant effect does not establish zero effect.

pre-tool slope relative to its mean yet the tool flattens it (slope −2.59), and in percentage
points rather than relative to cell means the relation across size bins is negative (−1.07,
interval −2.45 to 0.17). The Control-group ability slope measured in the experiment,
without broker fixed effects, has standard errors three to four times those of the pilot-
period slope and is mechanically negatively correlated with Treat × ability; it is therefore
not used as the measure of skill intensity.

C.4 Engagement and Conversation History

Engagement and conversation history. The Treat × ability interaction on chat-window
rounds is not statistically significant. The premium gradient is 109 yuan inside the
sample with chat-window contact on day 0 and 108 yuan with realized engagement
controls; both checks are descriptive, because engagement responds to treatment. Tenure
alone gives a positive, marginally significant interaction on chat-window contact, so
the negative engagement gradient is specific to the performance components of the
index. The weekly gradients (129, 57 and 126 yuan) have 𝑝 = 0.21 for equality. The
purchase effect rises by 0.45 percentage points (0.21) per standard deviation of prior
chat days with the same broker and not with prior chat days with other brokers (−0.17,
not significant); adding Treat × ability leaves it unchanged. Premium effects do not
vary significantly with either kind of history, and effects by bins of total prior chat days
are not statistically different (𝑝 = 0.20). The data do not show whether the tool sees
history with other brokers.
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Table A27: Skill Intensity by Task: Ability Slopes without the Tool and Treat × Ability

Ability slope, Treat × Treat Mean of the outcome

Customers Dependent variable (15 days) pilot weeks 6 to 10 ability effect Pilot weeks Control

New customers Any purchase (pp) 0.39 (0.04) −0.22 (0.18) 0.26 (0.17) 2.57 3.02
Premium (yuan) 20.7 (5.1) 34.6 (55.7) 102.6 (46.0) 108 239
Life purchase (pp) 0.15 (0.03) −0.09 (0.15) 0.34 (0.13) 1.26 1.98
Health purchase (pp) 0.31 (0.04) −0.21 (0.12) −0.01 (0.11) 1.33 1.32
Purchase below 5K (pp) 0.26 (0.03) −0.24 (0.15) 0.23 (0.13) 1.85 1.86
Purchase 5K to 30K (pp) 0.06 (0.01) 0.02 (0.08) −0.08 (0.07) 0.27 0.48
Purchase 30K and above (pp) 0.02 (0.01) 0.06 (0.04) 0.12 (0.05) 0.10 0.21

Returning non-buyers Any purchase (pp) 0.25 (0.06) 0.23 (0.19) 0.21 (0.20) 2.06 3.23
Premium (yuan) 54.7 (11.4) 142.1 (74.7) 116.1 (58.4) 150 297
Life purchase (pp) 0.13 (0.04) 0.46 (0.18) 0.38 (0.19) 1.14 2.54
Health purchase (pp) 0.13 (0.04) −0.19 (0.14) −0.02 (0.13) 0.72 1.38
Purchase below 5K (pp) 0.12 (0.04) −0.04 (0.16) 0.00 (0.16) 1.38 1.90
Purchase 5K to 30K (pp) 0.08 (0.02) 0.13 (0.10) −0.01 (0.09) 0.29 0.66
Purchase 30K and above (pp) 0.05 (0.02) 0.12 (0.08) 0.13 (0.07) 0.16 0.30

Slope of Treat × ability on the pilot-period slope (York regression, 95% bootstrap interval); relative to cell means unless stated
Returning non-buyers, seven cells 2.13 [−0.11, 6.54]; correlation 0.80
New customers, seven cells −0.26 [−5.31, 3.51]; correlation 0.18
Three policy-size bins, both classes 2.05 [−0.04, 7.97]
Life and health, both classes −2.59 [−12.02, −0.21]
Three policy-size bins, in percentage points −1.07 [−2.45, 0.17]

Notes: Ability is the index rebuilt from pilot weeks 1 to 5 only (795 brokers; correlation 0.91 with the main
index), so the pilot-period slope does not reuse the data that define it. Pilot-period slope: customers
of non-pilot brokers whose first chat falls in pilot weeks 6 to 10, before the experiment and without
the tool for these brokers (284,850 customers of 773 brokers), with first-chat-date fixed effects. Treat ×
ability and Treat effect: the experiment sample (115,588 customers of 717 non-pilot brokers), broker,
first-chat-date and customer-rating fixed effects. Standard errors clustered by broker in parentheses.
Size bins classify the platform 15-day premium of a purchase (K = 1,000 yuan). The cells overlap (any
purchase and premium sum over the size bins), so the cross-cell slopes and correlations are descriptive,
not tests. Among the Treat × ability coefficients, only the returning-non-buyer life gradient is significant
at 5 percent. The York regression allows for sampling error on both axes; the sign of the cross-cell relation
depends on the scale (relative to cell means or in percentage points).
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D Adoption: Additional Results

This appendix reports further adoption results for Section 5.

D.1 Receipt and Adoption States

Receipt. Nonreceipt because a conversation ends quickly does not itself invalidate
assignment as an instrument for receipt, but the binary receipt measure groups together
different numbers and timings of suggestions. The receipt-scaled effects are customer-
level scalings, not returns to one more suggestion.

Table A28 reports suggestion states, exposure, adoption and value per adoption by
broker rank and by week of the first chat. Figure 10(a) in the main text plots adoption
by rank.

Table A28: Adoption and Value per Adoption by Rank and Week

Full Not With a With an Premium, Normalized
adoption (%) adopted (%) suggestion (%) adoption (%) ITT (yuan) effect (yuan)

(1) (2) (3) (4) (5) (6)

Panel A. Broker rank
L1 3.81 81.0 40.7 22.5 −94 −420

(84) (366)
L2 3.01 85.2 45.2 20.5 55 274

(53) (263)
L3 2.41 87.8 46.5 17.7 174∗∗ 1,006∗∗

(84) (492)
L4 2.34 87.8 50.1 17.7 192 1,135

(170) (1,021)
L5 2.02 89.0 52.1 18.4 390∗ 2,309∗

(220) (1,238)
Panel B. Week of the first chat

Week 1 (with transition days) 2.58 87.3 46.8 17.6 149∗∗ 886∗∗

(60) (358)
Week 2 2.92 85.6 45.3 19.0 56 297

(77) (408)
Week 3 3.08 84.3 44.6 23.9 34 140

(69) (286)

Notes: Archived comparison: ability-index groupings in this table use the alternative index including
the contemporaneous platform score. They do not use the main pre-experiment index. Customers of
non-pilot brokers. Columns (1) and (2) are suggestion-weighted shares of AI suggestions on the brokers’
records; columns (3) and (4) are shares of Treat customers. Column (5) is the ITT on 15-day premium
within the cell (broker, first-chat-day and customer-rating fixed effects, clustered by broker); column (6)
divides it by the first stage for any adoption; the unit is per additional customer with a recorded adoption,
not per suggestion. Adoption is a broker choice; the table is descriptive. Premium in yuan, winsorized at
the 99th percentile of positive values. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

D.2 Adoption and Gains across Brokers

Split-sample evidence. Table A29 reports the half-to-half reliabilities (Panel A), the
corrected correlations behind Figure 9 (Panel B) and the effects by adoption tercile
(Panel C). The broker’s premium gain has a half-to-half correlation of 0.03. Tenure
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correlates 0.30 with the gain (interval −0.01 to 1.16), and the share sent −0.33 (−1.30 to
−0.08). The life-purchase effect is also largest in the lowest adoption tercile. The implied
standard deviation of true broker gains is about 220 to 240 yuan, but their variance is
not significantly greater than zero.

Table A29: Do Brokers Who Adopt More Gain More? Split-Sample Evidence

Panel A. Stability across the two halves of each broker’s customers
Correlation, half to half

Adoption rate (adopted / received suggestions) 0.80
Share of customers with any adoption 0.78
Share of suggestions sent (handling records) 0.92
Broker Treat effect on 15-day premium 0.03

Panel B. Corrected correlation with the broker’s premium gain
Correlation 95% interval

Adoption rate −0.39 [−1.63, −0.11]
Share of customers with any adoption −0.33 [−1.42, 0.04]
Share of customers with any suggestion received −0.04 [−0.47, 0.36]
Full adoption share −0.22 [−0.83, 0.07]
Partial direct use share −0.35 [−1.50, −0.08]
Share of suggestions sent −0.33 [−1.30, −0.08]
Ability index 0.42 [0.08, 1.55]
Tenure 0.30 [−0.01, 1.16]

Panel C. Treat effect by tercile of adoption measured in the other half
15-day premium (yuan) Life purchase (pp)

Low adoption 161∗∗ (68) 0.52∗∗∗ (0.18)
Middle 59 (73) 0.04 (0.20)
High adoption 15 (61) 0.35∗ (0.20)
High minus low −147 (91) −0.17 (0.27)

Notes: Customers of non-pilot brokers. Each broker’s customers are split by the parity of the first-chat
day, so the halves share no customers. Panels A and B: 654 brokers with at least 8 Control and 30 Treat
customers in each half (1,379 broker-halves); outcomes residualized on first-chat-date and customer-rating
fixed effects; broker Treat effect = Treat minus Control mean within the broker-half. Corrected correlation:
the average cross-half covariance of the gain in one half with the measure in the other, divided by the
square root of the product of the two signal variances (estimated by cross-half covariances); brokers
weighted equally. Intervals from a broker bootstrapwith 500 draws; they can exceed ±1 because the signal
variance of broker gains (an SD of about 220 to 240 yuan) is imprecisely estimated and not significantly
above zero. Ability and tenure are fixed broker traits. Panel C: pooled regression with broker-half,
first-chat-date and customer-rating fixed effects; terciles hold 304, 351 and 302 brokers; 𝑝 of high minus
low for premium 0.11. Poisson pseudo-maximum likelihood with broker-half fixed effects gives 54, 18
and 5 percent for the low, middle and high terciles in Panel C (high minus low −32 percent, 𝑝 = 0.20).
Standard errors clustered by broker in parentheses. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.

D.3 Adoption over Time and Broker Time

Adoption by week. Table A31 reports adoption and effects by the customer’s first-
chat week. The within-broker increase in any adoption from week 1 to week 3 is 8.8
percentage points (significant at 1 percent), the adoption rate among customers who
received a suggestion rises from 18.0 to 29.3 percent, and receipt stays at 43.8 and 43.9
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Table A30: Broker Rank and the Effect of the Tool

All customers Returning non-buyers

Dependent variable: Purchase Premium Purchase Premium Purchase Premium Purchase Premium
15 days (pp) 15 days (yuan) 30 days (pp) 30 days (yuan) 15 days (pp) 15 days (yuan) 30 days (pp) 30 days (yuan)

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Treat effect within rank group, non-pilot brokers
Rank L1 0.08 −94 −0.33 −176 −0.47 −108 −0.83 −176

(0.39) (84) (0.49) (141) (0.63) (106) (0.82) (154)
Control mean 2.53 226 3.46 432 2.89 222 3.82 379
Rank L2 0.10 55 0.29∗ 163∗∗ −0.04 70 0.26 250∗∗

(0.17) (53) (0.18) (77) (0.26) (76) (0.29) (127)
Control mean 3.21 318 3.68 468 3.23 295 3.90 482
Rank L3 0.42 174∗∗ 0.61∗∗ 174 0.91∗∗ 192 1.34∗∗∗ 82

(0.27) (84) (0.31) (131) (0.41) (136) (0.44) (241)
Control mean 3.10 281 3.75 542 2.53 276 3.22 655
Ranks L4 and L5, pooled −0.26 218 0.15 297 −0.10 310∗∗ 0.32 551

(0.36) (147) (0.39) (213) (0.59) (156) (0.66) (346)
Control mean 4.56 436 5.15 875 4.89 402 5.75 950

𝑝: equal effects, four rank groups 0.434 0.111 0.520 0.174 0.186 0.089 0.094 0.102
Linear trend per rank step −0.08 96∗ 0.08 96 0.21 137∗∗ 0.39 140

(0.15) (51) (0.17) (77) (0.24) (64) (0.28) (126)
Panel B. Ranks L4 and L5 separately, 15 days, non-pilot brokers

Rank L4 −0.51 192 −0.27 287
(0.40) (170) (0.70) (180)

Rank L5 1.01 390∗ 0.99 401
(0.76) (220) (0.91) (260)

Broker, first-chat-day, rating FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. Customers by rank:
L1 10,597, L2 71,141, L3 27,834, L4 12,174, L5 2,540. Each cell: Treat effect in the rank group, from a
model with Treat interacted with rank groups and broker, first-chat-day and customer-rating fixed effects;
standard errors clustered by broker in parentheses. Equality 𝑝: cluster-robust Wald test. Trend: Treat
interacted with a rank index from 0 (L1) to 3 (L4 and L5). Panel B: ranks L4 and L5 separately. Premium
in yuan, winsorized at the 99th percentile of positive values. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

percent, so the rise is in handling, not opportunity. I do not estimate a joint test of the
adoption and effect trends. Figure A14 groups suggestions by theweek of the suggestion
record instead; its panel (b) is from an earlier run.

Figure A15 reports the first stage and the return to use by week of the first chat.

Broker time. Table A32 reports broker-day totals from the daily broker table on the
random excess of Treat customers among the broker’s first chats, and customer pre-
mium on the broker’s same-day load. The excess has a standard deviation of about 1.2
customers. An extra Treat customer changes the broker’s chat-window time that day
by 14 seconds (standard error 17, on a mean of 3,959) and her chat-window time per
opened customer by 0.6 seconds (0.7); it adds 26 seconds of phone time (12), about
1 percent of the daily mean, and does not change daily sales. On days when a broker
has many first chats, Treat customers’ premium is lower (−137 yuan per log point of
first chats, standard error 62), while Control customers’ premium shows no slope; the
difference between the two slopes is not tested. If the pattern is real, the gain from the
tool requires the broker’s attention and shrinks when she is busy.

A higher randomly assigned Treat share among first chatters predicts slightly less
IM time on the following broker-day. The estimates do not establish unchanged revenue
or service quality: non-significant outcome responses are not equivalence tests. I do not
interpret this lagged association as evidence of permanent time savings.
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Table A31: Adoption and Treat Effects over the Experiment Weeks

Dependent variable Week 1 Week 2 Week 3 Week 3 minus week 1
within broker

Panel A. AI use for Treat customers, days 0 to 2 after the first chat
Any suggestion received 43.8% 43.5% 43.9% 0.4 pp
Any adoption 15.1% 17.5% 23.4% 8.8 pp∗∗∗

Any adoption, among customers with a suggestion 34.5% 40.2% 53.2% 19.7 pp∗∗∗

Adoption rate, among customers with a suggestion 18.0% 20.9% 29.3% 12.0 pp∗∗∗

Share of suggestions sent (handling records) 8.8% 10.4% 12.1% 3.3 pp∗∗∗

Panel B. Treat effect by first-chat week 𝑝, equal
15-day premium (yuan) 152∗∗ (61) 60 (77) 10 (69) 0.27
15-day purchase (pp) 0.39∗∗ (0.19) −0.19 (0.25) −0.04 (0.24) 0.14
15-day life purchase (pp) 0.55∗∗∗ (0.18) 0.01 (0.21) 0.29 (0.20) 0.15

Panel C. Treat × ability index by first-chat week 𝑝, equal
15-day premium, all customers (yuan) 129∗∗∗ (49) 57 (53) 126∗∗ (51) 0.21
15-day premium, returning non-buyers (yuan) 146∗∗ (67) 137∗ (81) 173∗∗∗ (61) 0.88

Notes: Customers of non-pilot brokers. Week 1 includes first chats on the transition days. Panel A: Treat
customers in cohorts whose first chat leaves a full three-day window inside the experiment (91,351
customers in these cohorts); receipt and adoption are counted on days 0 to 2 so that later cohorts are
not mechanically truncated; the last row uses the broker-day handling records by record week (828
brokers). The last column is the change from week 1 to week 3 within broker. Panel B: 124,347 customers;
Panel C: the ability sample of Table 5. Broker, first-chat-date and customer-rating fixed effects; standard
errors clustered by broker in parentheses. No pairwise week difference in Panel B survives a Holm
adjustment over the three pairs. Poisson pseudo-maximum likelihood with the same fixed effects gives
15-day premium effects of 45, 18 and 5 percent in weeks 1 to 3 (equal-effects 𝑝 = 0.47) and Treat × ability
interactions of 23, 11 and 41 percent. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Figure A14: Recorded Adoption and Premium Effects over the Experiment
Notes: Non-pilot brokers. Panel (a) groups suggestions by record week and shows full, partial-direct,
partial-edited and total-sent shares of receipt; copy-as-inspiration is excluded. Panel (b) groups customers
by first-chat week and shows 15-day premium effects for all customers and returning non-buyers from an
earlier run; Table A31 gives the main-specification estimates. Week 1 includes transition-day first chats.
Broker, first-chat-day and rating effects; 95 percent broker-clustered intervals for the effects. Suggestion
shares are descriptive.
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Figure A15: First Stage and Return to Use by Week of the First Chat
Notes: Panel (a): the effect of Treat on receiving at least one AI suggestion and on adopting at least
one; adoption points omit confidence intervals because their standard errors are not in the archived
figure data. Panel (b): the premium ITT divided by the corresponding first stage, in yuan per additional
customer with receipt or adoption. The receipt normalization is an instrumental-variable effect under the
assumptions in Section 5; the adoption normalization is descriptive. Week 1 includes the transition days.
Customers of non-pilot brokers; displayed intervals are 95 percent and clustered by broker.

Table A32: Broker Time and Output when a Broker Serves More Treat Customers

Dependent variable Mean Excess Treat Excess Treat Log first
customers, same day customers, day before chats

Panel A. Broker-day totals
Chat-window seconds 3,959 14.4 (17.2) 12.3 (17.7) 1,258∗∗∗ (37)
Chat-window seconds per opened customer 198 0.59 (0.71) −1.05 (0.95) 15.7∗∗∗ (2.9)
Phone seconds 2,174 25.7∗∗ (12.3) 22.2∗ (12.6) 407∗∗∗ (29)
Customers opened 20.3 0.063∗ (0.038) 0.042 (0.039) 7.25∗∗∗ (0.11)
Conversions 0.62 0.004 (0.006) 0.000 (0.006) 0.120∗∗∗ (0.011)
Premium (yuan) 12,650 176 (310) −255 (332) 131 (575)

Panel B. Customer premium, 15 days (yuan), on the log of one plus the broker’s first chats that day
Control customers 23 (103)
Treat customers −137∗∗ (62)

Notes: Non-pilot brokers, Days 1 to 20. Panel A: 15,515 broker-days of 828 brokers from the daily broker
table, with broker and date fixed effects. Log first chats: log of one plus the broker’s first chats that day.
Excess Treat customers: the number of Treat customers among the broker’s first chats that day minus
the number expected from the day’s overall Treat share; because assignment is random, it is a serially
uncorrelated shock with a standard deviation of about 1.2 customers. Panel B: customers of non-pilot
brokers, with broker and first-chat-date fixed effects; the difference between the two slopes is not tested. In
proportions (Poisson pseudo-maximum likelihood), a 1 log point increase in the broker’s first chats that
day lowers Treat customers’ 15-day premium by 31 percent (𝑝 = 0.016) and leaves Control customers’
premium unchanged (𝑝 = 0.68). Standard errors clustered by broker in parentheses. * 𝑝 < 0.10, **
𝑝 < 0.05, *** 𝑝 < 0.01.
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Timing and handling of suggestions. Table A33 reports when Treat customers’ bro-
kers receive suggestions, by the day’s chat rounds and by day since the first chat.
Table A34 reports the shares of received suggestions in each state on broker-days with at
least five suggestions: their response to the random excess of Treat first chats (column
2) and their change over experiment weeks within broker (columns 3 and 4).

Table A33: When AI Suggestions Arrive

Customer-days Received (%) Suggestions per round Adoption rate (%)

Panel A. By chat rounds on the day
1 round 36,297 54.4 0.71 29.9
2 to 3 16,473 70.3 0.78 18.1
4 to 5 8,474 76.6 0.81 13.4
6 to 10 9,851 82.2 0.85 11.7
11 to 20 5,564 87.3 0.90 9.9
21 or more 2,667 92.2 0.99 8.0

Panel B. By day since the first chat
Customers Chatted (%) Share of all suggestions (%) Adoption rate (%)

Day 0 96,247 100.0 63.7 14.1
Day 1 89,817 10.6 8.7 9.2
Day 2 87,689 4.8 3.8 9.4
Day 3 85,486 3.6 3.3 8.3
Day 7 62,368 2.1 1.8 10.5
Day 14 32,002 1.8 2.2 12.0

Notes: Treat customers of non-pilot brokers, days 0 to 14 after the first chat. Panel A: customer-days with
at least one chat round. Received: at least one AI suggestion that day; suggestions per round: suggestions
divided by chat rounds; adoption rate: adopted suggestions divided by suggestions received. Panel B:
customers observed on day 𝑘 of their 15-day window; share of all suggestions: the day’s share of all
suggestions received in days 0 to 14. Descriptive.

D.4 Adoption within Conversations

Adoption within conversations. Figure A16 plots within-Treat associations between
adoption intensity and outcomes; Table A35 gives alternative specifications. Among
Treat customers with more than one suggestion and valid handling records, ten per-
centage points more adoption go with 0.36 percentage points fewer purchases and 81
yuan less 15-day premium, conditional on a linear suggestion-count control, broker,
date, rating and pre-contact history; binned suggestion-count controls reduce these to
0.15 points and 48 yuan, still significant. The any-adoption indicator is not significantly
associated with either outcome, and the adoption-rate interaction with ability is not
statistically significant. The logs record receipt and handling, not reading, correctness or
adaptation, so these are descriptive associations, not effects of adoption. The number of
Treat customers excluded by the restriction to more than one suggestion is not reported
in the archived output.
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Table A34: How Brokers Handle AI Suggestions: Workload and Weeks

Mean share One extra Treat Week 2 Week 3
(%) first chat

(1) (2) (3) (4)

Adopted (sent or copied) 14.90 0.182∗∗∗ 1.32∗∗∗ 8.61∗∗∗

(0.069) (0.26) (0.39)
Fully adopted 3.51 −0.018 0.39∗∗∗ 0.51∗∗∗

(0.033) (0.12) (0.13)
Partially adopted, sent directly 8.22 0.188∗∗∗ 0.61∗∗∗ 2.48∗∗∗

(0.049) (0.18) (0.22)
Partially adopted, edited 0.21 −0.003 0.07∗∗∗ 0.15∗∗∗

(0.010) (0.03) (0.04)
Copied 2.96 0.015 0.24∗∗∗ 5.46∗∗∗

(0.035) (0.07) (0.26)
Not adopted 84.40 −0.119∗ −1.00∗∗∗ −2.80∗∗∗

(0.070) (0.26) (0.32)
Blocked by quality check 3.63 −0.050 −0.07 −0.34∗∗∗

(0.033) (0.10) (0.10)

Notes: Broker-days of non-pilot brokers with at least five AI suggestions (12,250 broker-days, 810 brokers).
Outcomes are shares of the day’s suggestions in each state, in percent. Column (2): coefficient on the
day’s excess number of Treat first chats over the number expected from the day’s Treat share, which
is random given the broker’s first chats, with broker and date fixed effects and the log of first chats.
Columns (3) and (4): experiment weeks relative to week 1, with broker fixed effects and controls for the
day’s workload and customer mix. Standard errors clustered by broker in parentheses. ∗∗∗ 𝑝 < 0.01, ∗∗

𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Figure A16: Adoption Intensity and Realized Outcomes
Notes: Descriptive within-Treat regressions for 31,014 customers with valid adoption and more than one
received suggestion. Associations per 10-percentage-point adoption share, with either linear or binned
suggestion-count controls. Broker, first-chat-date, rating and pre-contact history controls; 95 percent
broker-clustered intervals. These are not randomized adoption effects.
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Table A35: Adoption Intensity and Outcomes within AI-Enabled Conversations

Dependent variable Specification Association SE 𝑝

Purchase (pp) Linear suggestion count -0.356 0.056 0.000
Suggestion-count bins -0.148 0.053 0.005
Suggestion-weighted -0.819 0.151 0.000

Any adoption 0.541 0.367 0.140
Intensity among positive adopters -0.827 0.116 0.000

Premium (yuan) Linear suggestion count -80.650 18.610 0.000
Suggestion-count bins -47.610 16.860 0.005
Suggestion-weighted -259.400 57.340 0.000

Any adoption -119.700 116.500 0.304
Intensity among positive adopters -122.100 32.730 0.000

Notes: Descriptive regressions among 31,014 Treat customers with more than one suggestion, valid
adoption counts and the comparison ability measure. Broker, first-chat-date, customer-rating and pre-
contact history controls. Rate slopes are per 10 pp, except the any-adoption dummy. Exposure is
post-assignment and controlled using counts or bins; the suggestion-weighted model changes the target
weighting. Positive-rate intensity is centered within positive adopters. There is no causal interpretation
of changing adoption. Low suggestion counts restrict the feasible rate support; positive rates below 10
percent are unavailable for fewer than ten suggestions.
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E The Pilot: Additional Results

This appendix reports further pilot results for Section 6.

E.1 Assignment, Activity and Comparison Frames

Table A36 reports the share of pilot brokers by rank on the roster at the start of the pilot.

Table A36: Pilot Assignment by Rank

L2 L3 L4 L5 All

Brokers on the roster 715 237 97 25 1,074
Pilot brokers 118 56 19 11 204
Pilot share (%) 16.5 23.6 19.6 44.0 19.0

Notes: Brokers of ranks L2 to L5 on the roster at the start of the pilot. Pilot brokers were drawn at random
within rank with rank-specific probabilities; almost no entry-rank (L1) broker was drawn. The other
49 of the 253 pilot brokers were at rank L1 or had no rank recorded on that day. Within rank, pilot and
non-pilot brokers do not differ in tenure (Table 7).

Activity and comparison frames. Table A37 shows that the pilot raised the chance
that a broker works at all, from the first pilot week to the end of the observation window:
among the 1,074 brokers of ranks L2 to L5 on the roster at the start of the pilot (204
pilot brokers), pilot brokers are 13 percentage points more likely to work on at least
three days of the first pilot week and 12 to 20 percentage points more likely to work
at all in each later period. Revenue gaps on the full eligible roster therefore include
an activity margin, and restricting to brokers active in the first pilot week selects on a
pilot outcome; the main frame in Section 6.1 is defined before the pilot instead. Without
baseline adjustment the pre-pilot frame gives slightly larger gaps than the ANCOVA
(Table 8, Panel B), and the frame of brokers active in the first pilot week gives almost
the same numbers. The full eligible roster gives gaps about 1.5 to 2 times as large, from
1,224 yuan in the first pilot weeks to 6,565 yuan in late full rollout. In logs, the ANCOVA
premium gap is 0.10 (standard error 0.12) in the first five pilot weeks and 0.30 (standard
error 0.15) in weeks 6 to 10. During the experiment pilot brokers convert 0.059 more
customers per day (𝑝 = 0.064) and open 1.07 more (𝑝 = 0.096), on non-pilot means of
0.59 and 18.5.

Figure A17 compares premium and service activity per work day across phases
of the rollout. Figure A18 compares raw outcomes by pilot status and group in the
experiment.
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Table A37: The Pilot and Whether Brokers Work at All

Dependent variable: share of eligible-roster brokers Pilot Non-pilot Pilot effect
(1) (2) (3)

Active on at least 3 days of pilot week 1 0.917 0.768 0.134∗∗∗

(0.024)
Any work day, pilot weeks 1 to 5 0.917 0.782 0.120∗∗∗

(0.024)
Any work day, pilot weeks 6 to 10 0.971 0.754 0.199∗∗∗

(0.019)
Any work day, experiment 0.951 0.738 0.193∗∗∗

(0.021)
Any work day, full rollout weeks 1 to 3 0.912 0.721 0.166∗∗∗

(0.025)
Any work day, full rollout later weeks 0.897 0.724 0.146∗∗∗

(0.026)

Notes: Eligible roster: the 1,074 brokers of ranks L2 to L5 on the roster at the start of the pilot (204 pilot
brokers). Column (3): pilot effect with rank fixed effects; robust standard errors in parentheses. Every
randomization-inference 𝑝-value from 500 within-rank permutations equals 0.002, the smallest attainable
value. Within this roster, tenure at the start of the pilot does not differ (pilot minus non-pilot −0.65
months, standard error 0.49, randomization-inference 𝑝 = 0.26). ∗∗∗ 𝑝 < 0.01.
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Figure A17: The Pilot at the Broker Level
Notes: Active brokers of ranks L2 to L5 (855 brokers, including 187 pilot brokers). Rank-adjusted pilot
effects by rollout phase, with 95 percent confidence intervals from robust standard errors. All outcomes
divide by recorded work days. Panel (a) compares log(1 + premium per work day) with and without
controls for recorded effort; this adjustment is descriptive because effort responds to access. Panels (b)
and (c) show customers opened and chat minutes per work day. Recorded work days do not measure
total hours worked.
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Figure A18: Outcomes by Pilot Status and Group
Notes: Raw means of 15-day purchase and log dialogue rounds in the experiment, by pilot status of the
broker and group of the customer, and the pilot coefficient for Control customers. Descriptive.

E.2 Convergence and Controls

Convergence. Table A38 tests the change in the pilot gap between periods. Between
the experiment and either part of full rollout, the change is small and not statistically
significant in every frame and outcome: in the pre-pilot frame the later-rollout gap
minus the experiment gap is 443 yuan (randomization-inference 𝑝 = 0.83) in levels
and 0.17 log points (𝑝 = 0.35). In yuan the gap widens from pilot weeks 6 to 10 to late
full rollout (3,123 yuan, 𝑝 = 0.026), but this widening scales with the general rise in
premium per broker-day; in logs the change is 0.04 (𝑝 = 0.84).

Table A38: Does the Pilot Gap Shrink Once Every Broker Has the Tool?

Pre-pilot frame Active in Eligible

Dependent variable: Premium Log Conversions Customers pilot week 1 roster
(yuan) premium opened premium premium
(1) (2) (3) (4) (5) (6)

Full rollout weeks 1 to 3 minus experiment −469 −0.027 −0.005 −0.10 −522 255
(2,280) (0.134) (0.034) (0.38) (2,270) (2,040)

RI 𝑝 [0.834] [0.842] [0.886] [0.776] [0.788] [0.894]
Full rollout later weeks minus experiment 443 0.174 0.008 0.00 431 550

(2,120) (0.146) (0.032) (0.53) (2,120) (1,900)
RI 𝑝 [0.828] [0.351] [0.828] [0.994] [0.848] [0.737]

Full rollout later weeks minus pilot weeks 6 to 10 3,123∗ 0.044 0.043 0.48 3,201∗ 4,679∗∗∗

(1,770) (0.209) (0.035) (0.67) (1,770) (1,610)
RI 𝑝 [0.026] [0.836] [0.210] [0.497] [0.038] [0.004]

Brokers 862 862 862 862 858 1,074

Notes: Each entry is the change in the pilot minus non-pilot difference between two periods, from a broker
by period regression with rank by period fixed effects (columns 1 to 4 also interact the pre-pilot value of
the outcome with period). Outcomes per calendar day; inactive days count as zero. Frames as in Table 8.
Under pure access effects the gap should fall to zero once non-pilot brokers have the tool (experiment)
and once the tool is on for every customer (full rollout); the first two rows test this. Robust standard
errors in parentheses; brackets: randomization-inference 𝑝-values from 500 permutations of pilot status
within rank. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Table A39: Revenue Conditional on Recorded Effort

Pilot Pilot Experiment Full rollout Full rollout
Weeks 1 to 5 Weeks 6 to 10 Days 1 to 20 Weeks 1 to 3 Later weeks

Dependent variable (1) (2) (3) (4) (5)

Panel A. Active-broker sample
Log premium per day 0.175 0.404∗∗ 0.291 0.269 0.468∗

(0.127) (0.168) (0.234) (0.247) (0.252)
Log premium per day: with effort controls 0.030 0.171 −0.031 0.023 0.105

(0.104) (0.110) (0.121) (0.098) (0.083)
Premium per day (yuan) 687 1,269∗∗ 3,990∗∗ 3,434 4,408∗∗

(538) (647) (1,860) (2,090) (1,810)
Premium per day (yuan): with effort controls 374 830 2,210 1,405 2,948∗

(502) (608) (1,730) (1,930) (1,790)
Conversions per day 0.016 0.040 0.074∗∗ 0.070 0.081∗∗

(0.018) (0.025) (0.036) (0.050) (0.040)
Conversions per day: with effort controls −0.007 0.003 0.008 −0.002 0.012

(0.011) (0.014) (0.018) (0.025) (0.021)
Panel B. Eligible-roster frame

Log premium per day 1.121∗∗∗ 1.653∗∗∗ 1.778∗∗∗ 1.683∗∗∗ 1.721∗∗∗

(0.216) (0.197) (0.239) (0.250) (0.253)
Log premium per day: with effort controls 0.030 0.180 −0.035 0.010 0.091

(0.104) (0.111) (0.117) (0.095) (0.079)
Premium per day (yuan) 1,224∗∗ 1,887∗∗∗ 6,015∗∗∗ 6,270∗∗∗ 6,565∗∗∗

(495) (592) (1,680) (1,910) (1,660)
Premium per day (yuan): with effort controls 375 702 1,752 939 2,365

(501) (568) (1,610) (1,810) (1,670)
Conversions per day 0.066∗∗∗ 0.099∗∗∗ 0.177∗∗∗ 0.219∗∗∗ 0.196∗∗∗

(0.019) (0.024) (0.034) (0.047) (0.038)
Conversions per day: with effort controls −0.007 0.000 0.009 0.002 0.012

(0.011) (0.013) (0.018) (0.024) (0.019)
N with effort controls 867 854 836 813 813

Notes: Comparison frames: the active sample is selected on a pilot outcome, and the eligible roster mixes
output with the pilot’s effect on whether brokers work; the main frame is in Table 8. Pilot indicator and
rank fixed effects. Active sample: 855 brokers before and after effort controls. Eligible roster: 1,074 in
raw calendar-day regressions; the conditional rows use the reported sample sizes because per-work-day
effort is unavailable for brokers with no recorded work. The raw and conditional roster rows therefore
differ in sample as well as controls. Controls are work days per week, chat minutes, chat rounds, opened
customers and phone minutes per work day. Conditioning on treatment responses is descriptive. Robust
SE in parentheses. Later weeks include a partial eighth week. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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E.3 Customers Served and Recent Performance

Part of the pilot advantage is volume: pilot brokers open about one more customer
conversation per day from the experiment on. Customers are matched to brokers by
the platform, and brokers also choose how many conversations to take on, so customers
opened may respond to performance. Within broker, customers opened per day rise
with conversions in the previous seven days: one additional recent conversion goes with
0.66 more customers opened per day among non-pilot brokers (standard error 0.04),
so a one standard deviation increase (3.2 conversions) adds about 2.1 customers, 13
percent of the mean (Table A40). Recent premium does not matter once conversions are
held fixed, and the slope on conversions is the same for pilot brokers (difference 0.09,
standard error 0.07). This within-broker association is not an estimate of an assignment
rule, but it describes a feedback channel through which an early gain in conversions
can compound into more customers served.

Table A40: Customers Opened and Recent Performance

Dependent variable: customers opened per day Non-pilot Pilot Pooled: pilot
brokers brokers × lag
(1) (2) (3)

Conversions, previous 7 days 0.663∗∗∗ 0.742∗∗∗ 0.088
(0.039) (0.068) (0.069)

Log premium, previous 7 days −0.016 −0.051 −0.038
(0.018) (0.032) (0.037)

Active days, previous 7 days 2.02∗∗∗ 2.58∗∗∗ 0.55∗∗∗

(0.08) (0.16) (0.17)
Mean customers opened per day 16.0 21.1
Broker-days 98,310 23,052
Brokers 870 204

Notes: Eligible roster, broker by day from the start of the pilot through the first three weeks of full rollout.
Dependent variable: customers opened that day. Regressors are sums over the previous seven days;
broker and date fixed effects. Standard deviations of the regressors: 3.24 conversions, 4.86 log points,
2.92 active days. Column (3) is the interaction with pilot status in the pooled sample. A within-broker
association, not an estimate of the platform’s assignment rule. ∗∗∗ 𝑝 < 0.01.

E.4 Quality and Capacity

How much of the pilot gap could come from better conversations, measured by the
customer experiment, and howmuch from servingmore customers? I scale the customer-
level effect (88 yuan of 15-day premium per customer, applied to about 8.4 first chats per
broker-day and to the period’s premium level) to a daily flow, value the extra customers
opened by pilot brokers at the non-pilot premium per customer, and treat the rest as
a residual. In the first five pilot weeks, per-conversation quality from current access
accounts for 242 of the 536 yuan gap (about 45 percent) and capacity for 106; in weeks
6 to 10, quality accounts for 264 of 1,076 yuan (about 24 percent) and capacity for 175,
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leaving a residual of 637 yuan. From the experiment on, access no longer differs, so the
quality part is zero by construction; capacity accounts for 895, 915 and 785 yuan of the
gaps in the experiment and the two rollout periods, and the residual (2,737, 2,009 and
3,074 yuan) carries most of the gap. All of these parts have wide confidence bands.

The daily flow multiplies the customer-level effect by first chats per broker-day
(8.4, experiment window, non-pilot brokers) times the non-pilot active-day share of
the period, and keeps the proportional effect fixed across periods by scaling with the
period’s non-pilot premium level. Access differs by one in the pilot weeks and by zero
from the experiment on. Capacity values the pilot brokers’ extra customers opened at
the non-pilot average rather than marginal premium per customer opened, an upper
bound on the capacity part. Inputs are drawn independently (20,000 draws), which
widens the residual band. Using the unscaled customer effect instead, current-access
quality accounts for more than the whole gap in the first five pilot weeks (720 of 536
yuan) and 688 of 1,076 yuan in weeks 6 to 10; the post-rollout residual is unchanged
because access no longer differs.

Access does not appear to free broker time. On a day when a broker happens to
receive more Treat customers, chat time does not fall (14 more seconds per additional
Treat customer, 95 percent interval −19 to 48 seconds) and phone time rises slightly (26
seconds). Volume differences therefore do not seem to come from time saved within
conversations.

E.5 Learning, Spillover and Effort

Learning recovery. The simulation in Section 6.5 uses a broker experience stock that
rises with each AI-assisted conversation and depreciates at a daily rate, affects Treat
customers and possibly Control customers, and a constant selection term for pilot
brokers. It is fit to 16 existing moments (pilot gaps by period, customer-level effects by
week, pilot versus non-pilot Control differences, and the randomdose effects) and to sets
with additional candidate moments (dose lags, rollout weeks, weekly pilot gaps), over
200 simulated replications. With selection free, a slow-learning scenario that reproduces
the delayed pilot gap is not recovered: the 95 percent profile sets for the depreciation
rate and the learning effect cover the whole parameter grid, and the spillover of learning
to Control customers is never identified. Imposing no selection recovers the parameters
roughly but is rejected by the pre-pilot balance test, and in a fast-learning scenario with
selection the procedure misreads fast learning as slow. Fit to the actual moments, the
best-fitting stock is negative and decays within days, reproducing the decline of the
customer-level effect over the experiment weeks rather than learning. The random dose
within the 20-day experiment moves a broker’s stock by a few customers, too little to
detect learning against customer-level noise.
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Dose test and Control catch-up. For each customer’s first chat I count the Treat cus-
tomers previously served by the broker in excess of the number expected under assign-
ment. No coefficient is significant at the 5 percent level, and for a move from the 10th to
the 90th percentile of the dose the upper confidence bounds allow effects between two
and 16 times the corresponding customer-level effect (Table A41 and Figure A19). The
Control-group premium difference between customers of non-pilot and pilot brokers
is −145, −43 and −169 yuan in weeks 1 to 3, none statistically significant, and the pur-
chase difference widens rather than closes (significant only in week 3, −0.92 percentage
points).

Table A41 and Figure A19 report the test of learning from the random dose of Treat
customers (Section 6.5).

−10 0 10
10th-to-90th percentile dose effect / ITT

Dose, pooled

Treat x dose

Dose, Control

Dose, Treat

(a) Purchase

−2.5 0.0 2.5 5.0 7.5
10th-to-90th percentile dose effect / ITT

(b) Premium

All customers Returning non-buyers

Figure A19: Bounds on Learning
Notes: For each outcome and sample of Table A41, the 95 percent confidence interval of the effect of
moving from the 10th to the 90th percentile of the random dose, relative to the intent-to-treat effect of
Table 2.

Effort. Table A42 reports recorded effort in the comparison frame of brokers active in
the first pilot week; it does not adjust for pre-pilot effort, on which pilot brokers already
differed. Pilot brokers spend 4 to 6 more minutes in chat per work day and 2 to 4 more
minutes on the telephone across periods, and conditioning on recorded effort removes
most of the conversion gap and a third to a half of the premium gap (Table A39). Effort
is itself a possible response to access, so these conditional comparisons are descriptive.
These comparison-frame tables do not adjust for pre-pilot effort; the main estimates,
in the pre-pilot frame with that adjustment, are in Table A43 (Section 6.4), where the
effort gaps are a few percent and not statistically significant.
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Table A41: Learning from the Random Dose of Treat Customers

Estimate 95% CI of p10 to p90 CI upper bound /
per SD of dose gap effect ITT

(1) (2) (3)

Panel A. All customers: purchase, 15 days (pp)
Dose, pooled −0.033 [−0.770, 0.615] 6.63

(0.151)
Treat × dose 0.024 [−0.518, 0.629] 5.41

(0.125)
Dose, Control customers −0.130 [−1.336, 0.727] 11.50

(0.224)
Dose, Treat customers 0.025 [−0.534, 0.650] 5.59

(0.129)
Panel B. All customers: premium, 15 days (yuan)

Dose, pooled −0.7 [−206.5, 203.0] 2.34
(44.6)

Treat × dose 31.8 [−136.5, 285.6] 3.23
(45.9)

Dose, Control customers 60.1 [−112.1, 393.7] 4.46
(55.0)

Dose, Treat customers 12.5 [−159.1, 217.5] 2.46
(41.0)

Panel C. Returning non-buyers: purchase, 15 days (pp)
Dose, pooled −0.057 [−1.223, 0.955] 11.13

(0.237)
Treat × dose 0.122 [−0.709, 1.284] 11.69

(0.217)
Dose, Control customers 0.039 [−1.586, 1.768] 16.10

(0.365)
Dose, Treat customers 0.044 [−0.773, 0.981] 8.93

(0.191)
Panel D. Returning non-buyers: premium, 15 days (yuan)

Dose, pooled 85.4 [−62.1, 462.4] 4.09
(57.1)

Treat × dose −6.3 [−239.8, 210.1] 2.12
(49.0)

Dose, Control customers 202.8∗ [−23.4, 974.3] 8.62
(109.0)

Dose, Treat customers 46.9 [−179.6, 399.4] 3.54
(63.0)

Notes: Customers of non-pilot brokers who chatted at least once in the experiment. Dose: the broker’s
cumulative number of Treat customers before the customer’s first chat minus the number expected from
the same-day, same-class Treat share; standardized (raw SD 4.53; 10th to 90th percentile gap 2.34 SD).
Controls: log cumulative customers and its interaction with Treat; broker, first-chat-day and customer-
rating fixed effects; standard errors clustered by broker. Column (3): upper bound of the gap effect over
the ITT of Table 2. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Table A42: Early Access and Recorded Broker Effort (Comparison Frame)

Pilot Pilot Experiment Full rollout Full rollout
Weeks 1 to 5 Weeks 6 to 10 Days 1 to 20 Weeks 1 to 3 Later weeks

Dependent variable (1) (2) (3) (4) (5)

Work days per week 0.10∗∗ 0.16 0.15 0.14 0.28
(0.05) (0.11) (0.14) (0.17) (0.18)

RI 𝑝 [0.132] [0.204] [0.403] [0.397] [0.156]
Non-pilot mean 6.79 6.48 6.25 6.10 5.91

Chat minutes per work day 3.55∗ 4.38∗ 6.06∗∗ 5.84∗ 6.22∗∗

(1.91) (2.50) (3.00) (3.39) (2.94)
RI 𝑝 [0.080] [0.078] [0.026] [0.064] [0.034]
Non-pilot mean 59.27 61.97 67.20 77.07 71.11

Phone minutes per work day 1.74 2.73∗∗ 2.91∗∗ 3.96∗∗ 1.87
(1.11) (1.27) (1.43) (1.66) (1.37)

RI 𝑝 [0.140] [0.036] [0.022] [0.006] [0.196]
Non-pilot mean 36.44 36.33 35.24 41.13 47.48

Customers opened per work day 0.64 0.70 1.01∗ 1.10 0.91
(0.41) (0.49) (0.60) (0.70) (0.70)

RI 𝑝 [0.180] [0.164] [0.074] [0.116] [0.228]
Non-pilot mean 21.72 20.79 20.65 24.70 26.92

Notes: Comparison frame: brokers of ranks L2 to L5 active on at least three days of the first pilot week,
a frame selected on a pilot outcome; 855 brokers with recorded work measures, 187 pilot brokers. No
adjustment for pre-pilot effort. Effects of pilot status conditional on rank. A work day has any recorded
work activity; per-work-day outcomes divide by the number of such days and are not hourly measures.
Parentheses: robust SE; brackets: within-rank permutation p-values (500 draws). The final period
includes a partial eighth week. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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Table A43: Early Access, Recorded Effort and Revenue per Unit of Effort

Pilot Experiment Full rollout Full rollout Pooled, from
weeks 6 to 10 Days 1 to 20 weeks 1 to 3 later weeks pilot week 6

(1) (2) (3) (4) (5)

Panel A. Recorded effort as the outcome (percent)
Work days 0.9 0.8 0.8 3.0 1.5

(1.6) [0.59] (2.2) [0.74] (2.6) [0.75] (2.8) [0.36] (2.1) [0.56]
Chat time 4.8 8.1∗∗ 5.5 7.5∗ 6.3∗

(3.3) [0.16] (4.2) [0.08] (4.5) [0.29] (4.4) [0.11] (3.5) [0.09]
Chat rounds 2.0 6.3 3.8 6.5 4.5

(3.2) [0.60] (4.4) [0.21] (4.5) [0.43] (4.7) [0.22] (3.6) [0.27]
Telephone time 3.9 5.6 6.6 2.7 4.3

(3.0) [0.21] (3.8) [0.15] (4.2) [0.10] (3.6) [0.45] (3.1) [0.23]
Customers opened 2.7 5.5∗ 4.3 4.4 4.0

(2.3) [0.26] (3.2) [0.08] (3.6) [0.23] (3.6) [0.27] (2.9) [0.18]
Panel B. Premium (percent)

No effort adjustment 17.3∗ 21.6∗∗ 11.5 13.3 15.0∗∗

(10.4) [0.05] (10.3) [0.04] (9.0) [0.18] (8.9) [0.08] (7.0) [0.02]
Per work day 15.9∗ 20.2∗∗ 9.9 10.1 13.1∗∗

(10.2) [0.08] (10.1) [0.03] (8.6) [0.22] (8.2) [0.23] (6.6) [0.05]
Per chat round 16.5∗ 16.4∗∗ 7.6 6.3 10.8∗∗

(9.6) [0.04] (9.0) [0.07] (7.4) [0.30] (7.8) [0.43] (5.7) [0.05]
Per customer opened 16.2∗ 15.9∗ 6.2 7.8 10.7∗

(9.9) [0.09] (9.0) [0.08] (7.5) [0.39] (7.9) [0.33] (5.9) [0.06]
Per minute of chat 12.1 13.2∗ 4.4 4.8 7.9

(9.3) [0.20] (8.4) [0.12] (7.2) [0.56] (7.5) [0.56] (5.5) [0.13]
Per minute of telephone 10.5 13.3 1.3 7.7 7.6

(9.9) [0.33] (8.9) [0.17] (7.5) [0.85] (8.1) [0.34] (5.8) [0.21]
Five effort controls 13.1 14.3∗ 4.0 5.2 8.2

(9.7) [0.16] (8.5) [0.10] (7.3) [0.53] (7.4) [0.47] (5.4) [0.09]
Panel C. Decomposition of log premium (log points)

Customers opened 0.026 0.053∗ 0.042 0.043 0.040
(0.023) (0.031) (0.034) (0.035) (0.027)

Conversions per customer opened 0.028 0.032 0.011 0.036 0.028
(0.032) (0.030) (0.032) (0.029) (0.022)

Premium per conversion 0.121 0.122∗ 0.051 0.045 0.076∗

(0.077) (0.068) (0.062) (0.066) (0.045)
Sum of the three parts 0.175 0.207 0.104 0.125 0.143
Log premium, no adjustment 0.159 0.195 0.108 0.125 0.140

Notes: Pre-pilot frame (862 brokers, 187 pilot brokers). Poisson pseudo-maximum likelihood on period
totals per calendar day, with rank fixed effects, the pre-pilot covariates of Table 7 and the outcome’s
pre-pilot value; effects are 100(𝑒𝑏 − 1) percent. Panel B, rows “per: the log of the period’s effort enters as
an offset, so the coefficient is the premium gap less the effort gap; brokers with no recorded effort in the
period are dropped (39 to 41 in column 5). “Five effort controls: the logs of the five Panel A measures as
regressors. Panel C: customers opened per calendar day; conversions with the log of customers opened as
offset; premium with the log of conversions as offset. Samples differ across the three parts, so their sum
approximates the unadjusted log premium gap. Effort is recorded after assignment and may respond
to access, so the rows in Panels B and C describe revenue per unit of recorded effort; they do not split
the effect causally. Before the pilot, the same per-unit premium outcomes are 20 to 25 percent higher for
pilot brokers (standard errors about 17, randomization-inference 𝑝 from 0.21 to 0.31). Robust standard
errors in parentheses, and stars refer to them; brackets: randomization-inference 𝑝-values from 300
permutations of pilot status within rank. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.
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F Model Details

This appendix gives details of Section 7 and of the relationship results in Section 4.4.
Unless stated otherwise, ability in the threshold and relationship results is the index
rebuilt from pilot weeks 1 to 5 with the main recipe (correlation 0.91 with the main
index), with customer-weighted quintiles cut over new customers and returning non-
buyers of non-pilot brokers.

Decomposition. A linear fit of the decomposition in Table 9 across the five ability
quintiles attributes 23 percent of the gap to purchase probability and 77 percent to
premiumper buyer. On the purchase recordswith product categories, 51 of the 832-yuan
top-minus-bottom gap is health insurance; basket composition is the only component
whose interval excludes zero. By basket, access changes the share of customers buying
life insurance only by −0.03 percentage points in the bottom quintile and +1.17 (0.45)
in the top, and the share buying health insurance only by +0.47 (0.21) and −0.05 (0.34).

Effects across policy sizes. For each customer I sum the life premium of days 0 to
14 and record whether it reaches a threshold. Among returning non-buyers, the Treat
effect relative to the pooled Control level is 17 percent for any life policy, 31 to 44 percent
for thresholds from 1,000 to 30,000 yuan, 46 percent at 100,000 yuan and 68 percent at
200,000 yuan; the difference between the effects in the top and bottom ability quintiles,
relative to the same Control level, is 62 percent for any life policy, 96 to 99 percent at
1,000 to 30,000 yuan and 145 percent at 100,000 yuan (0.46 percentage points, standard
error 0.22). Among new customers the relative effect is about 30 percent from 1,000 to
30,000 yuan and near zero from 100,000 yuan, and the top-minus-bottom difference
is small or negative at every threshold (−18 percent for any life policy, −20 percent at
200,000 yuan). In health insurance the top-minus-bottom difference is negative in both
classes, −42 percent of the Control level for returning non-buyers and −25 percent for
new customers, and more negative for policies of 2,000 yuan or more (−55 and −70
percent). A tool that raised every buyer’s amount by the same percentage would also
make the relative effect rise with the threshold; under a lognormal fitted to the Control
size bins, that alone raises it by a factor of about 1.5 between 5,000 and 30,000 yuan,
against 3.3 for returning non-buyers and 9 for new customers in the data, although each
cell is imprecise.

Timing. In the top ability quintile of returning non-buyers the extra life purchases are
spread over the first-chat day (0.60 percentage points, standard error 0.22), days 1 to 14
(0.58, 0.38) and days 15 to 29 (0.29, 0.18), and the share of life buyers who buy on the
first-chat day barely differs between the groups. Access does not move the decision into
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the first conversation.

History split. Returning non-buyers are split by their 70 days before the first chat:
those who had chatted with the same broker (15,755 customers, about a third), those
who had chatted only with other brokers (6,374) and prior visitors (26,008). Among
the first, the Control rates of buying any life policy and a life policy of 30,000 yuan
or more are 3.22 and 1.11 percent; access raises them by 1.04 (0.35) and 0.61 (0.21)
points, and each standard deviation of ability raises these effects by 0.88 (0.33) and 0.56
(0.20) points. For customers who had chatted only with other brokers the effects and
interactions are small, and for prior visitors the interaction is 0.42 (0.20) points for any
life policy and 0.13 (0.15) for policies of 30,000 yuan or more; tests of equal interactions
across the three splits give 𝑝-values of 0.06 to 0.08 for life insurance. Within the first
split, the number of earlier chat days with the broker does not change the effect or its
gradient.

Allocation of effort. For the comparison with the pilot weeks, I build the same split for
customers of non-pilot brokers whose first chat inside pilot weeks 6 to 10 followed earlier
contact since the start of the pilot, and stack them with the experiment’s customers.
Among customers who had chatted with the same broker, relative to that baseline and
in units of each period’s mean, the ability slope in buying a life policy of 30,000 yuan
or more falls by 0.52 (0.17) for Control customers and changes by 0.00 (0.14) for Treat
customers; for any life policy the changes are −0.24 (0.10) and 0.03 (0.07). Control
customers of stronger brokers in this split also buy more health insurance than in the
baseline (0.50 points per standard deviation, standard error 0.25). With a common
35-day history window in both periods, the Control slope still falls (−0.37, 0.18, for
large life policies) but the Treat-minus-Control difference is smaller and not significant
(0.27, 0.19). On days on which a broker happened to receive more Treat customers,
outcomes of that broker’s Control customers do not fall more at stronger brokers, so the
reallocation, if any, is not day to day.

Pilot check. Pilot brokers had the tool for every customer and could not divide effort
between groups. Because their pilot-period sales were already affected by the tool, I
measure ability for pilot and non-pilot brokers alike by an index of the same recipe built
on the days just before the pilot (correlation 0.53 with the index from pilot weeks 1 to 5)
and by rank, among rank B1 to B4 brokers active before the pilot, with rank fixed effects
and pre-pilot covariates. In the experiment these measures give smaller interactions
than the main index among customers who had chatted with the same broker: 0.27
(0.19) and 0.15 (0.20) of the Control mean for life policies of 30,000 yuan or more, and
0.59 (0.31) and 0.12 (0.30) for premium. In pilot weeks 6 to 10, the interaction of pilot
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status with the same measures, for the same customer split and in the same units, is
0.28 (0.17) and 0.35 (0.17) for large life policies and 0.04 (0.18) and −0.03 (0.22) for
premium. Restricted to first chats whose 15-day window ends before the experiment,
the large-life interactions fall to 0.10 and 0.23 and are not significant, and in the pilot
they do not differ between customers who had chatted with the same broker and prior
visitors.

Usage accounting under the main index. An accounting model splits the fitted pre-
mium effect into suggestion receipt, adoption rate and implied return per recorded
adoption. Of the 388-yuan gap between the top and bottom quintiles of returning
non-buyers, receipt accounts for 89 yuan, the lower adoption rate of stronger brokers
for −176 yuan, and the implied return per adoption for 475 yuan. The implied return
combines conversation opportunity, timing, selection and adaptation, so it is not a causal
return to judgment; I treat it as secondary to the decomposition in Table 9. For a cell 𝑐
defined by first-chat week, ability quintile and customer history, the model writes the
assignment effect on outcome 𝑦 as

𝜏𝑦(𝑐) = 𝑒(𝑐) 𝜌𝑦(𝑐), 𝜌𝑦(𝑐) =
⎧{
⎨{⎩

𝜆𝑦,𝑡 + 𝛽𝑦𝑎𝑐, returning non-buyers,

𝜆𝑁
𝑦,𝑡, new customers,

(7)

where 𝑒(𝑐) is the assignment effect on suggestions received per customer and 𝑎𝑐 is
mean ability in the cell. Receipt reflects whether conversations last long enough for
suggestions to be generated, not only broker choices. Writing 𝜌𝑦(𝑐) = 𝑞(𝑐)𝑟𝑦(𝑐), with
𝑞(𝑐) the ratio of the adoption and receipt first stages, gives the Shapley split in Table A44.
The estimation sample has 118,652 customers of 750 non-pilot brokers with the main
index; the 18 cells supply 72 moments for 50 parameters. The return per suggestion
rises by 43.5 yuan per standard deviation of ability (standard error 19.2), and constant
returns across weeks are not rejected.

Routing customers to brokers. Cell means by customer class and broker ability quin-
tile, with and without the tool, value routing under the observed capacity of each
quintile (Table A45, Panel A). A rule that sends returning non-buyers to the strongest
brokers first is worth 13.5 yuan per customer over the status quo without the tool and
86.9 yuan with it, an increase of 73 yuan (95 percent band 22 to 125). An optimal
assignment computed from the cell means gives a smaller increase (53 yuan, band −6
to 80), but its value is biased upward because it maximizes over noisy cell means. The
result rests on returning non-buyers: when new customers are also given an approxi-
mate ability profile, the increase from the ranked rule falls to 32 yuan and is no longer
distinguishable from zero. Because part of the premium gradient among returning
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Table A44: Suggestion Receipt, Adoption and Implied Return: Accounting under the Main
Index

Panel A. Premium return per AI suggestion (yuan), returning non-buyers at mean ability and new customers
Week 1 Week 2 Week 3 Ability slope (per SD)

Returning non-buyers 48.5∗ 66.8∗∗∗ 68.9∗∗ 43.5∗∗

(26.1) (25.7) (33.3) (19.2)
New customers 36.1∗ 39.0 2.6

(21.7) (30.3) (28.0)
𝐽 = 15.68 (22 df, 𝑝 = 0.83); no ability slope: 𝐷 = 5.94 (2 df, 𝑝 = 0.051); equal returns across weeks: 𝐷 = 0.73 (4 df, 𝑝 = 0.95)

Panel B. Top minus bottom quintile, fitted premium effect per returning non-buyer (yuan)
Total From receipt From adoption rate From return per adoption

Top (417.1) minus bottom (29.6) 387.5 88.5 −175.7 474.7
(149.9) (28.4) (61.6) (177.6)

Panel C. Targeting access to returning non-buyers
Share of the fitted premium gain retained 0.61 (0.25)
Share of AI suggestions retained 0.38 (0.01)

Notes: Minimum-distance fit of 𝜏𝑦(𝑐) = 𝑒(𝑐)𝜌𝑦(𝑐), with 𝜌𝑦(𝑐) = 𝜆𝑦,𝑡 + 𝛽𝑦𝑎𝑐 for returning non-buyers and
𝜆𝑁

𝑦,𝑡 for new customers, to 72 jointly estimated cell moments (premium and purchase effects, suggestions
received and adoptions; 18 cells by week of first chat, ability quintile of the main index and customer
history); 50 parameters. Panel B is a Shapley split of the fitted gap into suggestion receipt, adoption rate
and implied return per recorded adoption; it is accounting, not a causal split, because brokers choose what
to adopt and receipt depends on conversation length. Panel C restricts access to returning non-buyers
holding each cell’s fitted effect fixed. Broker-clustered standard errors (Panel A) and parametric bootstrap
standard deviations (Panels B and C) in parentheses. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.10.

non-buyers reflects the division of effort between groups, the routing gains are upper
bounds.

Full deployment. The customer-level effect holds the broker’s other customers fixed.
Adding the estimated same-day spillover of an additional Treat customer on the broker’s
other customers, times the 8.4 first chats per broker-day, gives an implied full-coverage
effect of 159 yuan per customer, against a customer-level effect of 84 yuan in the same
sample, or about 1,340 yuan per broker-day; the spillover term is not statistically signifi-
cant, so the band is wide (−434 to 3,114 yuan per broker-day). Access does not appear
to free broker time (Section E.4), so I find no support for an additional capacity gain at
full saturation. The same-day spillover does not capture a broker’s standing division of
effort between groups, which would vanish at full deployment.

The firm’s return. Premium per AI suggestion is about 40 yuan at mean ability (stan-
dard error 11.7), from 29 for new customers to 58 for returning non-buyers. Life insur-
ance is 91 to 95 percent of premium, and industry reports put first-year commission on
single-premium savings policies at about 2 to 3 percent, against about 9 to 29 percent
for regular-premium savings policies, depending on the payment term, and more for
long-term protection. With first-year commission rates of 3 to 35 percent, brokerage
revenue per suggestion is about 1 to 20 yuan. Inference costs under assumed token
counts and public list prices are 0.002 to 0.3 yuan per suggestion. Revenue exceeds
inference cost by a factor of about 3 under the least favorable combination and by several
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hundred under central values (Table A45, Panel C). These are ranges, not estimates:
commission rates, payment terms and token use are assumptions, and development
costs are excluded.

Counterfactual details. Routing uses Control means and Treat effects for five ability
quintiles of returning non-buyers and one new-customer cell; Control-mean sampling
error is approximated from the effect standard errors and group sizes. Capacity is
brokers times mean first chats per day in each quintile; with slack, each broker can move
toward her 90th-percentile day, and the congestion adjustment applies the estimated
response of Treat and Control outcomes to the broker’s daily load. The full-coverage
effect adds the same-day spillover of one more Treat customer on the broker’s other
customers times mean first chats per broker-day and ignores longer lags. The firm-
return calculation uses the accounting model’s premium per suggestion at mean ability,
first-year commission rates of 3, 20 and 35 percent, and inference costs of 2,000 to 8,000
input and 100 to 300 output tokens per call and one to three calls per suggestion at
public list prices.
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Table A45: Counterfactuals: Routing, Full Deployment and the Firm’s Return

Panel A. Value of routing over the status quo (yuan per customer, 15-day premium)
Without the tool With the tool Change

Ability-ranked rule, no slack 13.5 86.9 73.4
[−30.7, 57.4] [64.1, 109.2] [21.9, 125.4]

Ability-ranked rule, 25 percent slack, congestion-adjusted 95.3
[33.2, 157.5]

Linear-program optimum, no slack 35.1 87.8 52.7
[16.8, 86.4] [64.8, 112.4] [−6.1, 79.7]

Ability-ranked rule, new customers’ ability profile allowed −14.1 18.2 32.4
[−99.5, 60.7] [−22.1, 60.1] [−58.4, 123.6]

Panel B. Full deployment (15-day premium)
Per customer Per broker-day

Customer-level effect (experiment) 88.4 744
[9.6, 167.1] [81, 1,407]

Implied effect at full coverage, with same-day spillover 159.2 1,340
[−51.5, 369.9] [−434, 3,114]

Panel C. Firm revenue and inference cost per AI suggestion (yuan)
Low Central High

Premium per AI suggestion 28.8 40.0 58.2
First-year commission rate (assumed) 3% 20% 35%
Brokerage revenue per AI suggestion 0.9 8.0 20.4
Inference cost per AI suggestion (assumed) 0.0018 0.028 0.28
Premium per AI suggestion that covers inference cost 0.06 0.14 0.81

Notes: Panel A: customers are assigned to ability quintiles of the main index under quintile capacity
from first chats per broker-day; cell means without the tool are Control means and with the tool add
the cell’s Treat effect, which requires that cell means carry over to customers moved across brokers
(platform matching treated as random). The ability-ranked rule sends returning non-buyers to the top
quintile first without looking at cell means; the linear-program optimummaximizes over noisy cell means
and is biased upward. The last row uses an approximate ability profile for new customers. 95 percent
bands from 1,000 draws in brackets. Panel B: the full-coverage effect adds to the customer-level effect the
same-day spillover of an extra Treat customer times 8.4 first chats per broker-day; 95 percent intervals in
brackets. Panel C: premium per AI suggestion from the accounting model at mean ability (central: all
customers pooled, standard error 11.7; low: new customers; high: returning non-buyers). Commission
rates are assumptions anchored on industry reports, since the firm’s own rates are not public; the low
rate reflects single-premium savings policies (about 2 to 3 percent in the first year), which carry most of
the life premium; inference cost combines assumed token counts and calls per suggestion with public list
prices for large open language models. Premium is the customer’s payment, revenue is gross brokerage
revenue before broker pay and other costs, and development costs are excluded.
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