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We study the staggered introduction of a generative Al-based conversational
assistant using data from 5,172 customer-support agents. Access to Al assistance
increases worker productivity, as measured by issues resolved per hour, by 15%
on average, with substantial heterogeneity across workers. The effects vary sig-
nificantly across different agents. Less experienced and lower-skilled workers im-
prove both the speed and quality of their output, while the most experienced and
highest-skilled workers see small gains in speed and small declines in quality. We
also find evidence that Al assistance facilitates worker learning and improves En-
glish fluency, particularly among international agents. While Al systems improve
with more training data, we find that the gains from Al adoption are largest for
moderately rare problems, where human agents have less baseline experience but
the system still has adequate training data. Finally, we provide evidence that Al
assistance improves the experience of work along several dimensions: customers
are more polite and less likely to ask to speak to a manager. JEL codes: D80, J24,
M15, M51, 033.

I. INTRODUCTION

The emergence of generative artificial intelligence (AI) has
attracted significant attention for its potential economic impact.
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Although various generative Al tools have performed well in lab-
oratory settings, questions remain about their effectiveness in
the real world, where they may encounter unfamiliar problems,
face organizational resistance, or provide misleading information
(Peng et al. 2023a; Roose 2023).

We provide early evidence on the effect of generative Al de-
ployed at scale in the workplace. We study the adoption of a gen-
erative Al tool that provides conversational support to customer-
service agents. We find that access to Al assistance increases the
productivity of agents by 15%, as measured by the number of cus-
tomer issues they are able to resolve per hour. The gains accrue
disproportionately to less experienced and lower-skill customer-
support workers indicating that generative Al systems may be
capable of capturing and disseminating the behaviors of the most
productive agents.

Computers and software have transformed the economy with
their ability to perform certain tasks with far more precision,
speed, and consistency than humans. To be effective, these sys-
tems typically require explicit and detailed instructions for how
to transform inputs into outputs: a software engineer must pro-
gram computers. Despite significant advances in traditional com-
puting, many workplace activities, such as writing emails, ana-
lyzing data, or creating presentations, are difficult to codify and
have therefore defied computerization.

Machine learning (ML) algorithms work differently from tra-
ditional computer programs. Instead of requiring explicit instruc-
tions, machine learning algorithms infer instructions from exam-
ples. Given a training set of images, for instance, ML systems can
learn to recognize specific individuals without requiring a list of
the physical features that identify a given person. As a result,
ML systems can perform tasks even when no instructions ex-
ist (Polanyi 1966; Autor 2014; Brynjolfsson and Mitchell 2017).
The data to train these ML systems is often generated by hu-
man workers, who naturally vary in their abilities. As a result,
ML tools may differentially introduce lower-performing workers
to new skills and techniques, causing varied productivity shifts
even among workers engaged in the same task.

We study the effect of generative AI on productivity and
worker experience in the customer-service sector, an industry
with one of the highest surveyed rates of Al adoption (Chui et
al. 2021). We examine the staggered deployment of a chat assis-
tant, using data from 5,172 customer-support agents working for
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a Fortune 500 firm that sells business-process software. The tool
we study is built on Generative Pre-trained Transformer 3 (GPT-
3), a member of the GPT family of large language models devel-
oped by OpenAl (OpenAl 2023). The Al system monitors customer
chats and provides agents with real-time suggestions for how to
respond. The Al system is designed to augment agents, who re-
main responsible for the conversation and are free to ignore or
edit the AT’s suggestions.

We have four sets of findings.

First, Al assistance increases worker productivity, resulting
in a 15% increase in the number of chats that an agent success-
fully resolves per hour. These productivity increases are based on
shifts in three components of overall productivity: a decline in the
time it takes an agent to handle an individual chat, an increase in
the number of chats that an agent handles per hour (agents may
handle multiple chats at once), and a small increase in the share
of chats that are successfully resolved.

Second, the impact of Al assistance varies widely among
agents. Less skilled and less experienced workers improve signifi-
cantly across all productivity measures, including a 30% increase
in the number of issues resolved per hour. The Al tool also helps
newer agents to move more quickly down the experience curve:
treated agents with two months of tenure perform just as well as
untreated agents with more than six months of tenure. In con-
trast, Al has little effect on the productivity of higher-skilled or
more experienced workers. Indeed, we find evidence that Al as-
sistance leads to a small decrease in the quality of conversations
conducted by the most skilled agents. These results contrast,
in spirit, with studies that find evidence of skill-biased techni-
cal change for earlier waves of computer technology and robotics
(Bresnahan, Brynjolfsson, and Hitt 2002; Bartel, Ichniowski, and
Shaw 2007; Dixon, Hong, and Wu 2020).

Third, we investigate the mechanism underlying our main
findings. Agents who follow AI recommendations more closely
see larger gains in productivity, and adherence rates increase
over time. We also find that experience with Al recommendations
can lead to durable learning. Using data on software outages—
periods when the AI’s output is unexpectedly interrupted due
to technical issues—we find that workers see productivity gains
relative to their pre-Al baseline even when Al recommendations
are unavailable. The gains are most pronounced among workers
who had greater exposure to Al and followed Al suggestions more
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closely. In addition, we examine the heterogeneous impact of Al
access by the technical support conversation topics that agents
encounter. While Al systems improve with access to more train-
ing data, we find that the gains to AI adoption—when used to
complement human workers—are largest for relatively rare prob-
lems, perhaps because agents are already capable of addressing
the problems they encounter most frequently. When there is in-
sufficient training data for a topic, the system may not provide
suggestions at all. We further analyze the text of agents’ chats
and provide evidence that access to Al improves their English-
language fluency, especially among international agents. Finally,
we compare the text of conversations before and after Al and pro-
vide suggestive evidence that Al adoption drives convergence in
communication patterns: low-skill agents begin communicating
more like high-skill agents.

Fourth, we focus on the dynamics between agents and cus-
tomers. Contact-center (formerly known as call center) work is
often challenging, with agents frequently facing hostile interac-
tions from anonymous, frustrated customers. Many agents also
work overnight shifts to align with U.S. business hours due to
the prevalence of offshoring. While Al assistance can help agents
communicate more effectively, it may risk making agents seem
mechanical or inauthentic. Our findings show that access to Al
assistance significantly improves customer treatment of agents,
as reflected in the tone of customer messages. Customers are also
less likely to question agents’ competence by asking to speak to
a supervisor. Notably, these changes come alongside a decrease
in worker attrition, which is driven by the retention of newer
workers.

Our findings show that access to generative Al suggestions
can increase the productivity of individual workers and improve
their experience of work. We emphasize that these findings cap-
ture medium-run effects in a single firm. Our article is not de-
signed to shed light on the aggregate employment or wage effects
of generative Al tools. In the longer run, firms may respond to
increasing productivity among novice workers by hiring more of
them or by seeking to develop more powerful Al systems that re-
place labor altogether. While the introduction of generative Al
may increase demand for lower-skill labor within an occupation,
the equilibrium response to Al assistance may lead to across-
occupation shifts in labor demand that instead benefit higher-
skill workers (Autor, Levy, and Murnane 2003; Acemoglu and

GZ0z Jequisides gz uo }senb Aq 859066.2/688/2/0% L/e1oie/alb/wod dno-olwepeoe)/:sdiy wol pspeojumoq



GENERATIVE AI AT WORK 893

Restrepo 2018; Acemoglu 2024). Unfortunately, our data do not
allow us to observe changes in wages, overall labor demand, or
the skill composition of workers hired at the firm.

The results also underscore the longer-term challenges raised
by the adoption of Al systems. In our data, top workers increase
their adherence to AI recommendations, even though those rec-
ommendations marginally decrease the quality of their conversa-
tions. Yet with fewer original contributions from the most skilled
workers, future iterations of the Al model may be less effective in
solving new problems. Our work therefore raises questions about
how these dynamics play out over the long run.

This article is related to a large literature on the effect
of technological adoption on worker productivity and the orga-
nization of work (Rosen 1981; Autor, Katz, and Krueger 1998;
Brynjolfsson and Hitt 2000; Athey and Stern 2002; Bartel,
Ichniowski, and Shaw 2007; Acemoglu et al. 2007; Bloom et al.
2014; Michaels, Natraj, and Van Reenen 2014; Garicano and
Rossi-Hansberg 2015; Hoffman, Kahn, and Li 2018; Acemoglu
and Restrepo 2020; Felten, Raj, and Seamans 2023). Many of
these studies, particularly those focused on information tech-
nologies, find evidence that IT complements higher-skill or
more educated workers (Bresnahan, Brynjolfsson, and Hitt 2002;
Akerman, Gaarder, and Mogstad 2015; Taniguchi and Yamada
2022). For instance, Bartel, Ichniowski, and Shaw (2007) find that
firms that adopt IT tend to use more skilled labor and adoption
is associated with increased skill requirements for machine op-
erators in valve manufacturing. Other research investigates how
technology affects workers based on their educational attainment
and occupation. Acemoglu and Restrepo (2020) find that the neg-
ative effects of robots on employment are most pronounced for
workers in blue-collar occupations who lack a college education.

Fewer studies focus on Al-based technologies, generative or
not. Zolas et al. (2020), Acemoglu et al. (2022), and Calvino and
Fontanelli (2023) examine economy-wide data from the United
States and the Organisation for Economic Co-operation and De-
velopment (OECD), finding that the adoption of Al tools is con-
centrated among larger and younger firms with relatively high
productivity. So far, evidence is mixed on the effects of Al on pro-
ductivity. Acemoglu et al. (2022) find no detectable relationship
between investments in Al-specific tools and firm outcomes, and
Babina et al. (2024) find evidence of a positive relationship be-
tween firms’ Al investments and their subsequent growth and
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valuations. All the studies stress that determining the productiv-
ity effects of Al technologies is difficult because Al-adopting firms
differ substantially from non-adopters.

Other studies present mixed findings on the effects of Al
tools on decision making, often revealing challenges in human-
Al collaboration. As an example of a positive finding, Kanazawa
et al. (2022) find that a non-generative Al tool which suggests
customer-rich routes to taxi drivers reduces their search time
by 5%, with the least experienced drivers benefiting the most.
By contrast, several other studies find that humans assisted by
Al make worse decisions than do either humans or Al alone
(Hoffman, Kahn, and Li 2018; Poursabzi-Sangdeh et al. 2021;
Angelova, Dobbie, and Yang 2023; Agarwal et al. 2023). In fact,
a meta-analysis of more than 100 experimental studies con-
cludes that on average, human-Al collaborations underperform
both the AI alone and the best human decision makers (Vaccaro,
Almaatouq, and Malone 2024). These results underscore the par-
ticular challenges introduced when using Al-based tools designed
to augment human decision making.

We provide micro-level evidence on the adoption of a gen-
erative Al tool across thousands of workers employed by a spe-
cific firm and its subcontractors. Our work is closely related to
several other studies examining the effects of generative Al in
lab-like settings. Peng et al. (2023b) recruited software engineers
for a specific coding task (writing an HTTP server in JavaScript)
and show that those given access to the Al tool GitHub Copilot
complete this task twice as quickly as a control group. Similarly,
Noy and Zhang (2023) conduct an online experiment showing
that subjects given access to ChatGPT complete professional writ-
ing tasks more quickly. In the legal domain, Choi and Schwarcz
(2023) show that AI assistance helps law students on a law
school exam, whereas in management consulting, Dell’Acqua et
al. (2023) find that access to GPT-4 suggestions improves the
quality of responses on some management consulting tasks, but
can negatively affect performance on tasks outside its capabili-
ties. Consistent with our findings, Noy and Zhang (2023), Choi
and Schwarcz (2023), Peng et al. (2023a), and Dell’Acqua et al.
(2023) find that generative Al assistance compresses the produc-
tivity distribution, with lower-skill workers driving the bulk of
improvements.
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This article provides new evidence of longer-term effects in
a real-world workplace where we also track patterns of learning,
customer-side effects, and changes in the experience of work.

II. GENERATIVE Al AND LARGE LANGUAGE MODELS
II.A. Technical Primer

The rapid pace of Al development and public release tools
such as ChatGPT, GitHub Copilot, and DALL-E have attracted
widespread attention, optimism, and alarm (White House 2022).
Such tools are examples of “generative AI” a class of machine
learning technologies that can generate new content—such as
text, images, music, and video—by analyzing patterns in existing
data. This paper focuses on an important class of generative Al:
large language models (LLMs). LLMs are neural network mod-
els designed to process sequential data (Bubeck et al. 2023). An
LLM is trained by learning to predict the next word in a sequence,
given what has come before, drawing on a large corpus of text,
such as Wikipedia, digitized books, and portions of the internet.
From its knowledge base of the statistical co-occurrence of words,
the LLM generates new text that is grammatically correct and se-
mantically meaningful. Although LLM implies human language,
these techniques can also be used to produce other forms of se-
quential data (text), such as computer code, protein sequences,
audio, and chess moves (Eloundou et al. 2023).

Four factors are driving improvements in generative Al: com-
puting scale, earlier innovations in model architecture, the ability
to pretrain using large amounts of unlabeled data, and refine-
ments in training techniques (Radford et al. 2018; Radford et al.
2019; Ouyang et al. 2022; Liu et al. 2023).

The quality of LLMs is strongly dependent on scale: the
amount of computing power used for training, the number of
model parameters, and the data set size (Kaplan et al. 2020). The
GPT-3 model included 175 billion parameters, was trained on 300
billion tokens, and incurred approximately $5 million in training
costs. The GPT-4 model includes 1.8 trillion parameters and was
trained on 13 trillion tokens at an estimated computing-only cost
of $65 million (Li 2020; Brown et al. 2020; Patel and Wong 2023).

Modern LLMs use two earlier key innovations in model ar-
chitecture: positional encoding and self-attention. Positional en-
codings keep track of the order in which a word occurs in a given
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input. Self-attention assigns importance weights to each word in
the context of the entire input text. Together, these technologi-
cal advances enable models to capture long-range semantic rela-
tionships in an input text, even when that text is broken up into
smaller segments and processed in parallel (Bahdanau, Cho, and
Bengio 2015; Vaswani et al. 2017).

These innovations in model architecture enable LLMs to
train on large amounts of unlabeled data from sources such as
Reddit and Wikipedia. Unlabeled data are far more prevalent
than labeled data, allowing LLMs to learn about natural lan-
guage on a much larger training corpus (Brown et al. 2020). By
seeing, for example, that the word “yellow” is more likely to be ob-
served with “banana” or “sun” or “rubber duckie,” the model can
learn about semantic and grammatical relationships without ex-
plicit guidance (Radford et al. 2018). This approach enables LLMs
to learn a foundational understanding of language patterns and
relationships that can be adapted or fine-tuned for a specific task.

Fine-tuning can refine general-purpose LLMs’s output to
match the priorities of a specific setting (Ouyang et al. 2022; Liu
et al. 2023). Fine-tuning can help eliminate factually incorrect
or inappropriate responses or prioritize a particular tone of re-
sponse. Such improvements make a general-purpose model bet-
ter suited to its specific application (Ouyang et al. 2022). For ex-
ample, a model trained to generate social media content can be
further trained on labeled data that contain not just the content
of a post but also information on the user engagement it attracts.

Together, these innovations in computing scale, model archi-
tecture, and training have generated meaningful improvements
in model performance. The Generative Pre-trained Transformer
(GPT) family of models, in particular, has attracted considerable
attention for outperforming humans on tests such as the U.S. bar
exam (Liu et al. 2023; Bubeck et al. 2023; OpenAl 2023).

II.B. The Economic Effects of Generative Al

Computers have historically excelled at executing prepro-
grammed instructions, making them particularly effective at
tasks that can be described by explicit rules (Autor 2014). Con-
sequently, computerization has disproportionately decreased the
demand for workers performing routine and repetitive tasks such
as data entry, bookkeeping, and assembly line work, reducing
wages in these jobs (Acemoglu and Autor 2011). At the same
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time, computerization has increased the demand for workers who
have complementary skills such as programming, data analy-
sis, and research. As a result, technology-related shifts in the
labor market have contributed to increased wage inequality in
the United States and have been linked to a variety of organi-
zational changes (Katz and Murphy 1992; Brynjolfsson and Hitt
2000; Bresnahan, Brynjolfsson, and Hitt 2002; Autor, Levy, and
Murnane 2003; Baker and Hubbard 2003; Michaels, Natraj, and
Van Reenen 2014; OECD 2023).

In contrast, generative Al tools do not require explicit in-
structions to perform tasks. If asked to write an email denying
an employee a raise, generative Al tools will likely respond with a
professional and conciliatory note. The model will have seen many
examples of workplace communication without the need for a pro-
grammer to explicitly define what professional writing looks like.
These machine learning methods behind Al enable computers to
perform nonroutine tasks that rely on tacit knowledge and expe-
rience. Al has shown promise on tasks traditionally dominated
by highly skilled professionals insulated from prior waves of au-
tomation, including complex mathematics, scientific analysis, and
financial modeling. For example, Github Copilot, an Al tool that
generates code suggestions for programmers, has achieved im-
pressive performance on technical coding questions and, if asked,
can provide natural language explanations of how the code it pro-
duces works (Nguyen and Nadi 2022; Zhao 2023). In addition, be-
yond learning to predict good outcomes from human-generated
data, ML models can implicitly identify characteristics or pat-
terns of behavior that distinguish high and low performers. Gen-
erative Al could replace lower-skill workers with Al-based tools
or they may use them to help lower-skill, less experienced work-
ers get up to speed more quickly. Together, the rise of generative
Al has the potential to significantly alter the established rela-
tionships among technology, labor productivity, and economic in-
equality (White House 2022).

Despite their potential, generative Al tools face significant
challenges in real-world applications. At a technical level, popu-
lar LLM-based tools, such as ChatGPT, have been shown to pro-
duce false or misleading information unpredictably, raising con-
cerns about their reliability in high-stakes situations. While LLM
models often perform well on specific tasks in the lab (OpenAl
2023; Peng et al. 2023b; Noy and Zhang 2023), the types of prob-
lems that workers encounter in real-world settings are likely to
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be broader and less predictable. Furthermore, generative Al tools
often require prompts from human operators, but finding ways
to effectively combine human and AI expertise is difficult. For
instance, earlier research indicates that decision-support systems
integrating Al with human judgment often perform worse than
those that rely on humans or Al alone (Vaccaro, Almaatouq, and
Malone 2024). These challenges raise concerns about the ability of
Al systems to provide accurate assistance in every circumstance
and—perhaps more important—workers’ capacity to distinguish
cases where Al suggestions are effective from those where they
are not.

Finally, the efficacy of new technologies is likely to depend
on how they interact with existing workplace structures. Promis-
ing technologies may have more limited effects in practice due to
the need for complementary organizational investments, skill de-
velopment, or business-process redesign (Brynjolfsson, Rock, and
Syverson 2021). Because generative Al technologies are only be-
ginning to be used in the workplace, little is currently known
about their effects.

III. OUR SETTING: LLMS FOR CUSTOMER SUPPORT

III.A. Customer Support and Generative Al

We study the impact of generative Al in the customer-service
industry, an industry at the forefront of Al adoption (Chui et al.
2021). Client interactions play a crucial role in building strong
customer relationships and company reputation. However, as in
many occupations, customer-service workers vary widely in pro-
ductivity (Berg et al. 2018; Syverson 2011).

Newer workers require significant training and time to be-
come more productive. Turnover is high: industry estimates sug-
gest that 60% of agents in contact centers leave each year, costing
firms $10,000 to $20,000 per agent in the United States (Gretz
and Jacobson 2018; Buesing et al. 2020). Consequently, the aver-
age supervisor spends a large share of their time coaching new
agents (Berg et al. 2018).

Customer service is also a setting where there is high vari-
ability in the abilities of individual agents. For example, top-
performing customer-support agents are often more effective at
diagnosing the underlying technical issue given a customer’s
problem description. They ask more questions before offering a
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solution, spending more time initially to avoid wasting time later
solving the wrong problem. Faced with variable productivity, high
turnover, and high training costs, firms are increasingly turning
to Al tools that might pick up some of these best practices of top
performers (Chui et al. 2021).

At a technical level, customer support is well suited for cur-
rent generative AI tools. Customer-agent conversations can be
thought of as a series of pattern-matching problems in which one
is looking for a superior sequence of actions. When confronted
with an issue such as “I can’t log in,” an Al/agent must identify
the likely problems and their solutions (“Can you check that caps
lock is not on?”). At the same time, the agent must be attuned to
the customer’s emotional response, using reassuring rather than
patronizing language (“That wasn’t stupid of you at all! I always
forget to check that too!”). Because customer-service conversa-
tions are widely recorded and digitized, pretrained LLMs can be
fine-tuned with examples of successfully and unsuccessfully re-
solved conversations.

II1.B. Data-Firm Background

We work with a company that provides Al-based customer-
service support software (hereafter, the Al firm) to study the de-
ployment of its tool at a client firm (hereafter, the data firm). Our
data firm is a Fortune 500 company that specializes in business-
process software for small and medium-sized businesses in the
United States. It uses a variety of chat-based technical support
agents, directly and through third-party outsourcing firms. The
majority of agents in our sample work from offices in the Philip-
pines, with smaller groups working in the United States and
other countries. Across locations, agents are engaged in a fairly
uniform job: answering technical support questions from U.S.-
based small business owners.

Customer chats are assigned on the basis of agent availabil-
ity, with no additional prescreening. The questions are often com-
plex and support sessions average 40 minutes, with the major-
ity of the chat spent trying to diagnose the underlying technical
problem. The agent’s job requires a combination of detailed prod-
uct knowledge, problem-solving skills, and the ability to handle
frustrated customers. While our data firm employed other groups
of agents to provide chat-based support for different customer
segments—such as self-employed people or larger businesses—
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there was no additional sorting for queries related to U.S.-based
small businesses.

Our firm measures productivity using three metrics that are
standard in the customer-service industry: average handle time
(AHT), the average time an agent takes to finish a chat; resolu-
tion rate (RR), the share of conversations successfully resolved;
and net promoter score (NPS), based on a random post-chat sur-
vey that measures customer satisfaction by subtracting the per-
centage of clients who would not recommend an agent from the
percentage who would. A productive agent fields customer chats
quickly, while maintaining a high RR and NPS.

Across locations, agents are organized into teams with a
manager who provides feedback and training to agents. Once
a week, managers hold one-on-one feedback sessions with each
agent. For example, a manager might share the solution to a new
software bug, explain the implication of a tax change, or suggest
how to better manage customer frustration with technical issues.
Agents work individually, and the quality of their output does not
directly affect others.

Agents employed by the data firm are generally paid a base-
line hourly wage and receive bonuses for hitting specific perfor-
mance targets, such as for chats per hour or RR. Although we
lack data on individual pay, the managers we interviewed esti-
mated that performance bonuses accounted for 20% to 40% of a
typical agent’s total take-home pay.

II1.C. AI System Design

The Al system we study is designed to identify conversational
patterns that predict efficient call resolution. The system builds
on GPT-3 and is fine-tuned on a large data set of customer-agent
conversations labeled with various outcomes, such as call resolu-
tion success and handling time. Our Al firm also up-weights the
value of training chats if the chat was conducted by a top per-
former when training the AI. Many aspects of successful agent
behavior are difficult to quantify, including when to ask clarify-
ing questions, being attentive to customer concerns, deescalat-
ing tense situations, adapting communication styles, and explain-
ing complex topics in simple terms. Explicitly training the Al
model on text from top performers helps the Al system to pick
up on these subtleties in behavior and tone. The Al firm further
trains its model using a process similar in spirit to Ouyang et al.
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(2022) to prioritize agent responses that express empathy, provide
appropriate technical documentation, and limit unprofessional
language. This additional training mitigates the potential for in-
appropriate responses while helping the LLM to distinguish suc-
cessful behaviors of the top performers, including those they tac-
itly apply.

Once deployed, the Al system generates two main types of
output: (i) real-time suggestions for how agents should respond to
customers and (ii) links to the data firm’s internal documentation
for relevant technical issues. Online Appendix Figure A.I illus-
trates an example of Al assistance. In the chat window (Panel A),
Alex, the customer, describes his problem to the agent. Here, the
Al assistant generates two suggested responses (Panel B). The
tool has learned that phrases like “I can definitely assist you with
this!” and “Happy to help you get this fixed asap” are associated
with positive outcomes. Panel C shows a technical recommenda-
tion from the Al system: a link to the data firm’s internal techni-
cal documentation.

Importantly, the Al system we study is designed to augment
(rather than replace) human agents. The output is shown only
to the agent, who has full discretion over which, if any, Al sug-
gestions to accept. Giving the agent final authority reduces the
likelihood that customers receive off-topic or incorrect responses.
The system does not provide suggestions when it has insuffi-
cient training data for a topic, leaving agents to respond on their
own.

IV. DEPLOYMENT, DATA, AND EMPIRICAL STRATEGY
IV.A. Al Rollout

AT assistance was introduced after a randomized control trial
(RCT) involving a small number of agents. Online Appendix Fig-
ure A.IT illustrates the timing of the rollout, which primarily took
place during fall 2020 and winter 2021. Implementation varied
among sites because of limited training resources and the firm’s
overall budget for Al assistance.

Agents gained access to the Al tool after completing a three-
hour online session conducted by the Al firm. To maintain qual-
ity and consistency, training sessions were kept small and exclu-
sively led by one of two employees from the Al firm, both of whom
had prior contact-center experience and deep knowledge of the Al
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system. Since they had other full-time responsibilities, the train-
ers had to limit the number of sessions they could conduct each
week. The timing of sessions was adjusted to accommodate the
time zones of the data firm’s global workforce.

In addition, because generative Al was costly and relatively
untested at that time, the data firm allocated a limited budget
for AI deployment. Once the total number of on-boarded agents
reached the predefined contractual limit, on-boarding ceased.
However, when Al-enabled agents left, their slots were filled by
new agents. The capacity and training session scheduling con-
straints created the variation in Al adoption that we analyze.

Managers at each office oversaw the selection and allocation
of agents to training sessions. In interviews, employees of our Al
firm reported that managers sought to minimize customer-service
disruptions by assigning workers on the same team to different
training sessions. After their initial onboarding session, workers
received no additional training on using the Al software. At this
time, the Al firm’s small product management team did not have
the capacity to provide ongoing support to the thousands of agents
using the tool.

As a result of these considerations, our Al rollout effectively
occurred at the individual level. In the same team and same of-
fice, individuals would be on-boarded to Al assistance at differ-
ent times. In October 2020, in a team, the average share of ac-
tive workers with access to Al assistance was only 5%, growing
to 70% in January 2021. While our analysis primarily focuses on
the individual adoption dates, we also provide results in Online
Appendix Table A.II that instrument individual adoption dates
with team-level adoption patterns.

IV.B. Summary Statistics

Table I provides details on the sample characteristics, divided
into four groups: all agents (All); agents who never have access
to the Al tool during our sample period (Never treated); pre-Al
observations for those who eventually get access (Treated, pre);
and post-Al observations (Treated, post). In total, we observe the
conversation text and outcomes associated with 3 million chats
by 5,172 agents. Within this, we observe 1.2 million chats by
1,636 agents in the post-Al period. Most of the agents in our
sample (89%) are located outside the United States, mainly in
the Philippines. For each agent, we observe their assigned man-
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TABLE I
SUMMARY STATISTICS FOR THE SAMPLE OF CUSTOMER-SERVICE AGENTS

All Never Treated, Treated,
Variable treated pre post
Chats 3,006,395 944,848 881,101 1,180,446
Agents 5,172 3,517 1,340 1,636
Number of teams 133 111 80 81
Share U.S. agents 0.11 0.15 0.081 0.072
Distinct locations 25 25 18 17
Average chats per month 128 83 147 188
Average handle time (min.) 41 43 43 35
St. average handle time (min.) 23 24 24 22
Resolution rate 0.82 0.78 0.82 0.84
Resolutions per hour 2.1 1.7 2 2.5
Customer satisfaction (NPS) 79 78 80 80

Notes. This table shows summary statistics of conversations, agent characteristics, and issue resolution
rates, customer satisfaction and average call duration. The first column consists of all agents in our sample,
the second column includes control agents who never receive Al access. The third column presents statistics
for treated agents before they receive Al access, and the fourth column includes treated agents after AT model
deployment.

ager, tenure, geographic location, and employer (the data firm or a
subcontractor).

We rely on several key performance indicators, or outcome
variables, all aggregated at the agent-month level, the most gran-
ular level with complete data. Our primary productivity measure
is resolutions per hour (RPH), which reflects the number of chats
a worker successfully handles per hour. RPH is influenced by sev-
eral factors, which we also measure individually: AHT for an indi-
vidual chat; the number of chats an agent handles per hour, which
accounts for multitasking (CPH); and RR, the share of chats that
are successfully resolved. We measure customer satisfaction us-
ing the NPS from post-call surveys. While our main outcome mea-
sures are at the agent-month level, some data, like chat duration,
are available at a more granular chat level. We construct addi-
tional measures of sentiment, topics, and language fluency from
chat text.

Our data set includes average handle time and CPH for all
agents in our sample. However, subcontractors fail to consistently
collect call-quality metrics for all agents. As a result, we only ob-
serve our omnibus productivity measure—resolutions per hour—
for this smaller subset of agents with call-quality outcomes. Work-
ers may work only for a portion of the year or part-time, so we
calculate year-month observations based solely on the periods
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that an agent is assigned to chats. Online Appendix J.B includes
a more extensive discussion of our sample construction and key
variables.

Figure I plots the raw distributions of our outcomes for each
of the never-, pre-, and posttreatment subgroups. Several of our
main results are readily visible in these raw data. In Panels A—
D, we see that posttreatment agents do better along a range of
outcomes, relative to both never-treated agents and pretreatment
agents. In Panel E, we see no significant differences in surveyed
customer satisfaction among treated and non-treated groups.

Focusing on our main productivity measure, Figure I, Panel
A and Table I show never-treated agents resolve an average of
1.7 CPH, whereas posttreatment agents resolve 2.5 CPH. Some
of this difference may be due to initial selection: treated agents
already had higher resolutions per hour prior to AI model deploy-
ment (2.0 chats) relative to never-treated agents (1.7). This same
pattern appears for CPH (Panel C) and RRs (Panel D): while ever-
treated agents appear to be stronger performers at the outset
than agents who are never treated, posttreatment agents perform
substantially better. Looking instead at AHTs (Panel B), we see
a starker pattern: pretreatment and never-treated agents have
similar distributions of AHTS, centered at 40 minutes, but post-
treatment agents have a lower average handle time of 35 minutes.

These figures, of course, reflect raw differences that do not
account for potential confounding factors such as differences in
agent experience or differences in selection into treatment. In the
next section, we more precisely attribute these raw differences to
the impact of ATl model deployment.

IV.C. Empirical Strategy

We isolate the causal impact of access to Al recommendations
using a standard difference-in-differences regression:

(1) Yie =08 +o;+ BAL; + vy Xy + €ir.

Our outcome variables, y;;, are performance measures for
agent i in year-month ¢, with RPH as our main measure of
productivity. We measure these outcomes in levels, and report
percentage changes off the baseline pretreatment means. Our
main variable of interest is Al;, an indicator that equals one
if Al assistance is activated for agent i at time #. All regres-
sions include year-month fixed effects, §;, to control for common,
time-varying factors such as tax season or the end of the business
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This figure shows the distribution of various outcome measures. We split this
sample into agent-month observations for agents who eventually receive access to
the AI system before deployment (Pre Al, short dashed line), after deployment
(Post AI, long dashed line), and for agent-months associated with agents who
never receive access (Never Al, solid line). Our primary productivity measure is
resolutions per hour, the number of customer issues the agent is able to success-
fully resolve per hour. We also provide descriptives for average handle time, the
average length of time an agent takes to finish a chat; chats per hour, the num-
ber of chats completed per hour incorporating multitasking; resolution rate, the
share of conversations that the agent is able to resolve successfully; and net pro-
moter score (NPS), which is calculated by randomly surveying customers after a
chat and calculating the percentage of customers who would recommend an agent
minus the percentage who would not. All data come from the firm’s software sys-
tems.
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quarter. In our preferred specifications, we include agent fixed
effects, a; to control for time-invariant differences in productiv-
ity across agents and time-varying tenure controls Xj; (specif-
ically, fixed effects for agent tenure in months). In our main
specifications, we weight each agent-month equally and cluster
standard errors at the agent level to reflect that AI access is
rolled out individually, but Online Appendix Tables A.IIT and A.IV
show that our results are robust to alternative weightings and
clustering.

A rapidly growing literature has shown that two-way fixed
effects regressions deliver consistent estimates only with strong
assumptions about the homogeneity of treatment effects and may
be biased when treatment effects vary over time or by adoption
cohort (Cengiz et al. 2019; de Chaisemartin and D’Haultfoeuille
2020; Sun and Abraham 2021; Goodman-Bacon 2021; Callaway
and Sant’Anna 2021; Borusyak, Jaravel, and Spiess 2024). For
example, workers may take time to adjust to using the Al system,
in which case its effect in the first month may be smaller. Alterna-
tively, the on-boarding of later cohorts of agents may be smoother,
so that their treatment effects may be larger.

We study the dynamics of treatment effects using the
interaction-weighted (IW) estimator proposed in Sun and
Abraham (2021). Sun and Abraham (2021) show that this esti-
mator is consistent assuming parallel trends, no anticipatory be-
havior, and cohort-specific treatment effects that follow the same
dynamic profile. Our main difference-in-differences and event-
study estimates are similar using robust estimators introduced
in de Chaisemartin and D’Haultfoeuille (2020), Sun and Abraham
(2021), Callaway and Sant’Anna (2021), and Borusyak, Jaravel,
and Spiess (2024), as well as using traditional two-way fixed ef-
fects OLS. In fact, Online Appendix Figure A.VIII shows similar
treatment effects across adoption cohorts (e.g., those that received
AT access earlier or later, and were thus subject to potentially dif-
ferent versions of the model). We also show that our results are
similar when clustering at different levels of granularity (Online
Appendix Table A.III) and instrumenting agent adoption with the
date on which the first worker in the agent’s team received Al ac-
cess (Online Appendix Table A.IT).
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TABLE II
MAIN EFrFECTS: PRODUCTIVITY (RESOLUTIONS PER HOUR)

Variables Resolutions/hour  Resolutions/hour Resolutions/hour
1) 2 3)
Post Al x Ever 0.469*** 0.371*** 0.301***
treated (0.0325) (0.0318) (0.0329)
Ever treated 0.110**
(0.0440)
Observations 13,192 12,295 12,295
R-squared 0.249 0.562 0.575
Year month FE Yes Yes Yes
Location FE Yes Yes Yes
Agent FE — Yes Yes
Agent tenure FE — — Yes
DV mean 2.123 2.176 2.176

Notes. This table presents the results of difference-in-difference regressions estimating the effect of Al
model deployment on our main measure of productivity, resolutions per hour, the number of technical support
problems resolved by an agent per hour (resolutions/hour). Post Al x Ever treated captures the impact of Al
model deployment on resolutions per hour. Column (1) includes agent geographic location and year-by-month
fixed effects. Columns (2) and (3) include agent-level fixed effects, and column (3), our preferred specification
described by equation (1), also includes fixed effects that control for months of agent tenure. Observations for
this regression are at the agent-month level and all standard errors are clustered at the agent level. Section
IV.A describes the Al rollout procedure. Robust standard errors are in parentheses. * p < .10, ** p < .05, ***
p < .01

V. MAIN RESULTS

V.A. Overall Impacts

Table II examines the impact of the deployment of the Al
model on our primary measure of productivity, RPH, using a stan-
dard two-way fixed effects model. In column (1), we show that,
controlling for time and location fixed effects, access to Al rec-
ommendations increases RPH by 0.47 chats, up 23.9% from their
pretreatment mean of 1.97. In column (2), we include fixed ef-
fects for individual agents to account for potential differences be-
tween treated and untreated agents. In column (3), we include
additional fixed effects for agent tenure in months to account
for time-varying experience levels. As we add controls, our ef-
fects fall slightly, so that with agent and tenure fixed effects,
we find that the AI deployment increases RPH by 0.30 chats or
15.2%.

Figure II shows the accompanying interactive-weighted
event-study estimates of Sun and Abraham (2021) for the impact
of Al assistance on RPH. We find a substantial and immediate
increase in productivity in the first month of deployment. This
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This figure plots the coefficients and 95% confidence intervals from event-study
regressions of Al model deployment on our measure of productivity, resolutions
per hour, using the Sun and Abraham (2021) interaction-weighted estimator. Our
specification follows equation (1) and includes fixed effects for agent, chat year-
month, and agent tenure in months. Observations are at the agent-month level,
which is the most granular level at which resolutions per hour is available. Robust
standard errors are clustered at the agent level. Section IV.A describes the rollout
and Online Appendix J.C outlines the regression specification.

effect grows slightly in the second month and remains stable and
persistent up to the end of our sample.

In Table III, we report additional results using our preferred
specification with fixed effects for year-month, agent, location,
and agent tenure. Column (1) documents a 3.7-minute decrease
in the average duration of customer chats, an 8.5% decline from
the baseline mean of 43 minutes (shorter handle times are con-
sidered better). Column (2) indicates a 0.37 unit increase in the
number of chats that an agent can handle per hour. Relative to
a baseline mean of 2.4, this represents an increase of roughly
15%. Unlike AHT, CPH accounts for the possibility that agents
may handle multiple chats simultaneously. The fact that we find
a stronger effect on this outcome suggests that Al enables agents
to both speed up chats and multitask more effectively.

Table III, column (3) indicates a small, 1.3 percentage point
increase in chat RRs. This effect is economically modest and in-
significant given a high baseline RR of 82%. We interpret this
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TABLE III
MAIN EFFECTS: ADDITIONAL OUTCOMES

Variables AHT Chats/hour Res. rate NPS
(1) (2) (3) (4)
Post Al x Ever treated —3.746*** 0.365%** 0.0132 -0.119
(0.369) (0.0345) (0.00882) (0.524)
Observations 21,839 21,839 12,295 12,541
R-squared 0.591 0.563 0.371 0.526
Year month FE Yes Yes Yes Yes
Agent FE Yes Yes Yes Yes
Agent tenure FE Yes Yes Yes Yes
DV mean 40.64 2.559 0.822 79.59

Notes. This table presents the results of difference-in-difference regressions estimating the effect of Al
model deployment on additional measures of productivity and agent performance. Post Al x Ever treated
measures the impact of AI model deployment after deployment on treated agents for average handle time
(AHT) in column (1); chats per hour, the number of chats an agent handles per hour in column (2); resolution
rate, the share of technical support problems they can resolve in column (3); and net promoter score (NPS),
an estimate of customer satisfaction in column (4). Our regression specification, equation (1), includes fixed
effects for each agent, chat year-month, and agent months of tenure. Observations for this regression are at
the agent-month level and all standard errors are clustered at the agent level. Section IV.A describes the Al
rollout procedure. Robust standard errors are in parentheses. * p < .10, ** p < .05, ** p < .01.

as evidence that improvements in chat handling do not come at
the expense of problem solving on average. Finally, column (4)
finds no economically significant change in customer satisfaction,
as measured by net promoter scores: the coefficient is —0.12 per-
centage points and the mean is 80%.

Online Appendix Figure A.IIl presents the accompanying
event studies for additional outcomes. We see immediate effects
on AHT (Panel A) and CPH (Panel B), and relatively flat patterns
for RR (Panel C) and customer satisfaction (Panel D). We inter-
pret these findings as saying that on average, Al assistance in-
creases productivity without negatively affecting resolution rates
and surveyed customer satisfaction.

1. RCT Analysis. In August 2020, our data firm conducted
a pilot analysis involving approximately 50 workers, with about
half randomized into treatment. Unfortunately, we do not have
information on the control-group workers that were part of the
experiment, so we compare our treated group to all remaining
untreated agents. Analysis of the randomized control trial, in
Online Appendix Table A.I, shows similar effects on productivity
as in our main sample. Online Appendix Figure A.V reports the
accompanying event studies for our various outcomes, which are
also similar to our main results.

GZ0z Jequisides gz uo }senb Aq 859066.2/688/2/0% L/e1oie/alb/wod dno-olwepeoe)/:sdiy wol pspeojumoq


https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae044#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae044#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae044#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae044#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae044#supplementary-data

910 THE QUARTERLY JOURNAL OF ECONOMICS

2. Robustness. During the rollout process, managers de-
cided which agents to on-board onto the Al system and scheduled
when their training would occur. If managers allocated Al access
to stronger workers first, our OLS results could overstate the ef-
fects of AI. To address this, in Online Appendix Table A.II, we
instrument an individual agent’s Al adoption date with the first
adoption date of the worker’s company, office location, and team.
The effects on AHT and CPH are essentially identical to those un-
der our main specification. However, resolutions increase by 0.55
CPH, compared with 0.30 in our main finding. We attribute the
larger effect on RPH to the fact that this IV approach estimates a
significant and larger impact on RRs.

We show similar results using alternative estimators and
at different levels of clustering and weighting. Online Appendix
Table A.V finds similar results using alternative difference-
in-difference estimators introduced in de Chaisemartin and
D’Haultfeeuille (2020), Sun and Abraham (2021), Callaway
and Sant’Anna (2021), and Borusyak, Jaravel, and Spiess
(2024). Similarly, Online Appendix Figure A.IV reports that
our results are similar under alternative event-study estima-
tors: de Chaisemartin and D’Haultfeeuille (2020), Callaway and
Sant’Anna (2021), Borusyak, Jaravel, and Spiess (2024), and tra-
ditional two-way fixed effects. In Online Appendix Table A.III, we
show that our standard errors are similar whether clustering at
the individual level, team level, or geographic location level. Fi-
nally, we explore robustness to alternative weighting. In Online
Appendix Table A.IV, we weight agent-month observations by the
number of customer chats that a worker conducts. Reweighting
generates similar results to our main, equally weighted specifica-
tions.

V.B. Heterogeneity by Agent Skill and Tenure

There is substantial interest in the distributional conse-
quences of Al-based technologies. An extensive literature sug-
gests that earlier waves of information technology complemented
high-skill workers, with effects on productivity, labor demand,
and wage differentials. Together with important changes in rel-
ative supply and demand for skilled labor, these changes shaped
patterns of wage inequality in the labor market (Goldin and Katz
1998, 2008). Unlike earlier waves of IT, generative Al does not
simply execute routine tasks. Instead, as outlined in Section I1.B,
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AT models identify patterns in data that replicate the behaviors
of many types of workers, including those engaged in nonroutine,
creative, or knowledge-based tasks. These fundamental techni-
cal differences suggest that generative AI may impact different
workers in different ways.

1. Pretreatment Worker Skill. We explore two components
that are important for understanding the distributional conse-
quences of Al adoption: its impacts by agent productivity and
tenure. We measure an agent’s “skill” using an index incorpo-
rating three key performance indicators: call-handling speed, is-
sue RRs, and customer satisfaction. To construct this index, we
compute an agent’s ranking within its employer company-month
for each component productivity measure and then average these
rankings into a single index. Then we calculate the average index
value over the three months for each agent, to smooth out month-
to-month shocks in agent performance. An agent in the top quin-
tile of this productivity index demonstrates excellence across all
three metrics: efficient call handling, high issue RRs, and superior
customer-satisfaction scores.

Figure III, Panel A shows how our productivity effects vary
across workers in each quintile of our skill index, measured in
the month before AI access. To isolate the effect of worker skill,
our regression specification, available in Online Appendix J.C, in-
cludes a set of fixed effects for months of worker tenure. We find
that the productivity effect of Al assistance is most pronounced
for workers in the lowest skill quintile (leftmost side), who see an
increase of 0.5 in RPH, or 36%. In contrast, Al assistance does not
lead to any significant change in productivity for the most skilled
workers (rightmost side).

In Figure III, Panels B-E we show that less skilled agents
consistently see the largest gains across our other outcomes as
well. For the highest-skilled workers, we find mixed results: a zero
effect on AHT (Panel B); a small but positive effect for CPH (Panel
C); and, interestingly, small but statistically significant decreases
in RRs and customer satisfaction (Panels D and E).

These results are consistent with the idea that generative
AT tools may function by exposing lower-skill workers to the best
practices of higher-skill workers. Lower-skill workers benefit be-
cause Al assistance provides new solutions, whereas the best
performers may see little benefit from being exposed to their own
best practices. Indeed, the negative effects along measures of chat
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FiGure III
Heterogeneity of AI Impact, by Skill at Deployment

These figures plot the effects of AI model deployment on five measures of pro-
ductivity and performance, by pre-deployment worker skill controlling for agent
tenure. Agent skill is calculated as the agent’s trailing three-month average of per-
formance on average handle time, call resolution, and customer satisfaction, the
three metrics our firm uses for agent performance. In each month and company,
agents are grouped into quintiles, with the most productive agents in each firm in
quintile 5 and the least productive in quintile 1. Panel A plots the effects on res-
olutions per hour. Panel B plots the average handle time or the average duration
of each technical support chat. Panel C graphs chats per hour, or the number of
chats an agent can handle per hour. Panel D plots the resolution rate, and Panel E
plots net promoter score, an average of surveyed customer satisfaction. All specifi-
cations include fixed effects for the agent, chat year-month, and months of tenure.
Robust standard errors are clustered at the agent level. The regression specifica-
tions are available in Online Appendix J.C and results in Online Appendix Table
AVL
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Heterogeneity of Al Impact, by Tenure at Deployment

These figures plot the effects of Al model deployment on five measures of produc-
tivity and performance by pre-Al worker tenure, defined as the number of months
an agent has been employed when they receive access to the AI model. Panel A
plots the effects on resolutions per hour. Panel B plots the average handle time
or the average duration of each technical support chat. Panel C graphs chats per
hour, or the number of chats an agent can handle per hour. Panel D plots the reso-
lution rate, and Panel E plots net promoter score, an average of surveyed customer
satisfaction. All specifications include fixed effects for the agent, chat year-month,
and months of tenure. Robust standard errors are clustered at the agent level.
The regression specifications are available in Online Appendix J.C and results in
Online Appendix Table A.VI.
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quality—RR and customer satisfaction—suggest that Al recom-
mendations may distract top performers or lead them to choose
the faster or less cognitively taxing option (following suggestions)
rather than taking the time to come up with their own responses.
Addressing this outcome is potentially important because the con-
versations of top agents are used for ongoing Al training.

Our results could be driven by mean reversion: agents who
performed well just before Al adoption may see a natural decline
in their productivity afterward, while lower-performing agents
may rebound. To address this concern, we plot raw resolutions
per hour in event time, graphed by skill tercile at Al treatment
in Online Appendix Figure A.VIL. If mean reversion were driving
our observed effects, we would expect to see a convergence of pro-
ductivity levels after treatment, with top tercile agents showing
decreased performance and the least skilled agents demonstrat-
ing improved output. However, our analysis reveals a consistent
linear increase in productivity across all skill levels after Al im-
plementation, with no strong evidence of mean reversion, sug-
gesting that productivity gains are attributable to Al assistance.

2. Pretreatment Worker Experience. We repeat our previous
analysis for agent tenure to understand how the treatment effects
of AT access vary by worker experience. To do so, we divide agents
into five groups based on their months of tenure at the time the
Al model is introduced. Some agents have less than a month of
tenure when they receive Al access, whereas others have more
than a year of experience. To isolate the effect of worker tenure,
this analysis controls for the worker skill quintile at AI adoption,
with the regression specification in Online Appendix J.C.

In Figure IV, Panel A, we see a clear monotonic pattern in
which the least experienced agents see the greatest gains in RPH.
Agents with less than one month of tenure improve by 0.7 RPH,
with larger effects for less experienced workers. In contrast, we
see no effect for agents with more than a year of tenure.

In Figure IV, Panels B-E, we report results for other out-
comes. In Panels B and C, we see that Al assistance generates
large gains in call-handling efficiency, measured by AHTs and
CPH, respectively, among the newest workers. In Panels D and
E, we find positive effects of Al assistance on chat quality, as
measured by RRs and customer satisfaction, respectively. For the
most experienced workers, we see modest positive effects for AHT
(Panel B), positive but statistically insignificant effects on CPH
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FIGURE V
Experience Curves by Deployment Cohort

This figure plots the relationship between productivity and job tenure. The
short-dashed line plots the performance of always-treated agents, those who have
access to Al assistance from their first month on the job. The long-dashed line plots
agents who are never treated. The solid line plots agents who spend their first four
months of work without the Al assistance, and gain access to the Al model during
their fifth month on the job. Ninety-five percent confidence intervals are shown.
Observations are at the agent-month level.

(Panel C), and small but statistically significant negative effects
for measures of call quality and customer satisfaction (Panels D
and E).

Overall, these patterns are very similar to our findings for
agent skill, even though our regressions are designed to isolate
the distinct roles of skill and experience—our skill regressions
control for experience and vice versa. This suggests that even in
the same task, access to Al systems disproportionately improves
the performance of both novice and less skilled workers.

3. Moving Down the Experience Curve. To further explore
how AI assistance affects newer workers, we examine how worker
productivity evolves on the job. In Figure V, we plot productivity
variables by agent tenure for three distinct groups: agents who
never receive access to the AI model (“never treated”), those who
have access from the time they join the firm (“always treated”),
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and those who receive access in their fifth month with the firm
(“treated 5 mo.”).

We see that all agents begin at around 1.8 RPH. Never-
treated workers (long-dashed blue line; color version available on-
line) slowly improve their productivity with experience, reaching
approximately 2.5 RPH 8-10 months later. In contrast, workers
who always have access to Al assistance (short-dashed red line)
increase their productivity to 2.5 RPH after only two months and
continue to improve until they are resolving more than 3 CPH
after five months of tenure. Comparing just these two groups
suggests that access to AI recommendations helps workers move
more quickly down the experience curve and reduces ramp-up
time.

The final group in Panel A tracks workers who begin their
tenure without access to Al assistance but who receive access af-
ter five months on the job (solid green line). These workers ini-
tially improve at the same rate as never-treated workers, but af-
ter gaining Al access in month 5, their productivity begins to in-
crease more rapidly, following the same trajectory as the always-
treated agents. These findings demonstrate that Al assistance not
only accelerates ramp-up for new workers but also increases the
rate at which even experienced workers improve in their roles.

In Online Appendix Figure A.VI, we plot these curves for
other outcomes. We see clear evidence that the experience curve
for always-treated agents is steeper for handle time, chats per
hour, and resolution rates (Panels A—C). Panel D follows a
similar but noisier pattern for customer satisfaction. Across many
of the outcomes that we examine, agents with two months of
tenure and access to Al assistance perform as well as or better
than agents with more than six months of tenure who do not have
access. Al assistance alters the relationship between on-the-job
productivity and time, with potential implications for how firms
might value prior experience, or approach training and worker
development.

VI. ADHERENCE, LEARNING, ToPIC HANDLING, AND
CONVERSATIONAL CHANGE

We conduct the following analyses to understand better the
mechanisms driving our main results. We examine patterns in
how workers of varying skills engage Al recommendations. We
look at how exposure to Al helps agents master their jobs, sharp-
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ening their diagnostic skills and language fluency, and how Al
assistance influences the communication patterns of higher- and
lower-skill workers.

VI.A. Adherence to AI Recommendations

The AI tool we study makes suggestions, but agents are ul-
timately responsible for what they say to the customer. Thus far,
our analysis evaluates the effect of Al assistance, irrespective of
the frequency with which users adhere to its suggestions. Here
we examine how closely agents adhere to Al recommendations
and document the association between adherence and returns to
adoption. We define adherence as the proportion of Al sugges-
tions an agent typically adopts, when an Al suggestion is gen-
erated, omitting messages where the AI does not make sugges-
tions. The AI company considers an agent to have adhered when
they either directly copy the AI’s proposed text or manually en-
ter highly similar content. To gauge initial adherence, we classify
each treated agent into a quintile based on their level of adher-
ence during their first month using the AI tool.

Figure VI, Panel A shows the distribution of average agent-
month-level adherence for our post-Al sample, weighted by
the log number of AI recommendations provided to that agent
in that month. The average adherence rate is 38%, with an
interquartile range of 23%—50%: agents frequently disregard rec-
ommendations. In fact, the share of recommendations followed is
similar to the share of other publicly reported numbers for gener-
ative Al tools; a study of GitHub Copilot reports that individual
developers use 27%—-46% of code recommendations (Zhao 2023).
Such behavior may be appropriate, given that AI models may
make incorrect or irrelevant suggestions. In Online Appendix Fig-
ure A.IX, we further show that the variation in adherence is sim-
ilar within locations and teams, indicating that it is not driven
by some organizational segments being systematically more sup-
portive than others.

Figure VI, Panel B shows that returns to AI model deploy-
ment are higher when agents follow recommendations. We mea-
sure this by dividing agents into quintiles based on the share of
Al recommendations they follow in the first month of AI access.
Following equation (3) in the Online Appendix, we separately
estimate the impact of Al assistance for each group, including
year-month, agent, and agent-tenure fixed effects.
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Change in Resolutions Per Hour

Panel A plots the distribution of Al adherence, averaged at the agent-month
level, weighted by the log of the number of Al recommendations for that agent-
month. Panel B shows the effect of Al assistance on resolutions per hour, by agents
grouped by their initial adherence, defined as the share of Al recommendations
they followed in the first month of treatment. The regression, outlined in Online
Appendix J.C, is run at the agent-month level and includes fixed effects for agent,
chat year-month, and agent tenure in months. Standard errors are clustered at
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the agent level. Results are in Online Appendix Table A.VII.
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We find a steady and monotonic increase in returns by agent
adherence. Among agents in the lowest quintile, we still see a
10% gain in productivity, but for agents in the highest quintile,
the estimated impact is over twice as high, close to 25%. Online
Appendix Figure A.X shows the results for our other four out-
come measures. The positive correlation between adherence and
returns holds most strongly for AHT (Panel A) and CPH (Panel
B), and more noisily for RR (Panel C) and customer satisfaction
(Panel D).

Our results are consistent with the idea that there is a treat-
ment effect of following Al recommendations on productivity. We
note that this relationship could also be driven by other factors:
selection (agents who choose to adhere are more productive for
other reasons) or selection on gains (agents who follow recom-
mendations are those with the greatest returns). We consider the
worker’s revealed preference: do they continue to follow Al rec-
ommendations over time? If our results were driven purely by se-
lection, we would expect workers with low adherence to continue
having low adherence, since it was optimal for them to do so.

Online Appendix Figure A.XI plots the evolution of Al ad-
herence over time, for various categories of agents. Panel A be-
gins by considering agents who differ in their initial Al compli-
ance, which we categorize based on terciles of Al adherence in the
first month of model deployment (initial adherence). We see that
compliance either stays stable or grows over time. The initially
most compliant agents continue to comply at the same rates (just
above 50%). The initially least compliant agents increase their
compliance over time: those in the bottom tercile initially follow
recommendations less than 20% of the time, but by month five
their compliance rates have increased by over 50%.

Panel B divides workers up by tenure at the time of Al de-
ployment. More senior workers are initially less likely to follow Al
recommendations: 30% for those with more than a year of tenure
compared with 37% for those with less than three months of
tenure. Over time, all workers increase adherence, with more se-
nior workers doing so faster, and the groups converge five months
after deployment.

In Panel C, we show the same analysis by worker skill at
AT deployment. We see that compliance rates are similar across
skill groups, and all groups increase their compliance over time.
In Online Appendix Figure A.XII we show that these patterns are
robust to examining within-agent changes in adherence (that is,
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adherence rates residualized by agent fixed effects), suggesting
that increases in adherence over time are not driven exclusively
by less adherent agents leaving.

The results in Online Appendix Figures A.XI and A.XII are
consistent with agents, particularly those who are initially more
skeptical, coming to value AI recommendations over time. We
note that high-skill agents increase their adherence as quickly as
their lower-skill peers, even though their productivity gains are
smaller and—in the case of some quality measures—even nega-
tive. This suggests an alternate possibility: some agents may be
overrelying on Al recommendations beyond what is optimal in the
long run. Top agents, in particular, may see little additional value
in taking the time to provide the highest-quality inputs when an
adequate Al suggestion is readily available. High AI adherence in
the present may then reduce the quality or diversity of solutions
used for Al training in the future. However, in the short run, our
analysis finds no evidence that the model is declining in quality
over our sample period. In Online Appendix Figure A.VIII, we
show that workers who received later access to the Al system—
and therefore to a more recently updated version—had similar
first-month treatment effects as those who received access to an
earlier version of the model.

VI.B. Worker Learning

A key question raised by our findings so far is whether these
improvements in productivity and changes in communication
patterns reflect durable changes in the human capital of work-
ers or simply their growing reliance on Al assistance. In the lat-
ter case, the introduction of Al assistance could actually lead to
an erosion in human capital, and we would expect treated work-
ers to be less able to address customer questions if they are no
longer able to access Al assistance. For example, research in cog-
nitive science has shown that individuals learn less about spatial
navigation when they follow GPS directions, relative to using a
traditional map (Briigger, Richter, and Fabrikant 2019).

We examine how workers perform during periods in which
they are not able to access AI recommendations due to technical
issues at the Al firm. Outages occur occasionally in our data and
can last anywhere from a few minutes to a few hours. During
an outage, the system fails to provide recommendations to some
(but not necessarily all) workers. For example, outages may affect
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agents who log into their computers after the system crashes, but
not those working at the same time who had signed in earlier.
Outages may also affect workers using one physical server but
not another. Our Al firm tracks the most significant outages to
perform technical reviews of what went wrong. We compile these
system reports to identify periods in which a significant fraction
of chats are affected by outages.

Online Appendix Figure A.XIII shows an example of such an
outage, which occurred on September 10, 2020. The y-axis plots
the share of posttreatment chats (e.g., those occurring after the
Al system has been deployed for a given agent) for which the Al
software does not provide any suggestions, aggregated to the hour
level. The x-axis tracks hours in days leading up to and following
the outage event (hours with fewer than 15 posttreatment chats
are plotted as zeros for figure clarity). During non-outage periods,
the share of chats without AI recommendations is typically 30%
to 40%, reflecting that the Al system does not normally generate
recommendations in response to all messages. On the morning
of September 10, however, we see a notable spike in the number
of chats without recommendations, increasing to almost 100%.
Records from our AI firm indicate that this outage was caused
by a software engineer running a load test that crashed the
system.

Figure VII examines the impact of access to the Al system for
chats that occur during and outside these outage periods. These
regressions are estimated at the individual-chat level to precisely
compare conversations that occurred during outage periods with
those that did not. Because we do not have information on chat
resolution at this level of granularity, our main outcome measure
is chat duration. Panel A considers the effect of Al assistance
using only post-adoption periods in which the AI system is not
affected by a software outage. Consistent with our main results,
we see an immediate decline in the duration of individual chats
by approximately 10% to 15%.

In Panel B, we use the same pretreatment observations, but
now restrict to post-adoption periods that are affected by large
outages. We find that even during outage periods when the Al
system is not working, Al-exposed agents continue to handle calls
faster (equivalent to 15%—25% declines in chat duration). Because
Al outages are rare, our estimates are noisy and could reflect
differences in the types of chats that are seen during outage pe-
riods than during non-outage periods. However, when focusing
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Chat Duration during AI System Outages

These figures plot event studies for the effect of Al system rollout of chat dura-
tion at the individual-chat level. Panel A restricts to posttreatment chats that do
not occur during any period where there is a Al system outage. Panel B restricts
to posttreatment chats that only occur during a large system outage. Panels C and
D focus on outage only post-periods. Panel C restricts to only chats generated by
ever-treated agents who with high initial Al adherence (top tercile), while Panel
D restricts to agents with low initial adherence (bottom tercile). Agents who are
never treated are excluded from this analysis. The regressions are run at the chat
level with agent, year-month, and tenure fixed effects with standard errors clus-
tered at the agent level. Regression results are reported in Online Appendix Table
A.VIIL

on the size of estimated effects over time, an interesting pat-
tern emerges. Rather than declining immediately post-adoption
and staying largely stable as we see in Panel A for non-outage
periods, Panel B shows that the benefit of exposure to Al assis-
tance increases with time during outage periods. That is, if an
outage occurs one month after Al adoption, workers do not han-
dle the chat much more quickly than their pre-adoption base-
line. If an outage occurs after three months of exposure to Al
recommendations, workers handle the chat faster—even though
they are not receiving direct Al assistance in either case.
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Panel B highlights the potential scope for improving exist-
ing employee training practices. Prior to Al assistance, training
was limited to brief weekly coaching sessions where managers
reviewed select conversations and provided feedback. By neces-
sity, managers can only provide feedback on a small fraction of
the conversations an agent conducts. Moreover, because man-
agers are often short on time and may lack training, they often
simply point out weak metrics (“you need to reduce your han-
dling time”) rather than identifying strategies for how an agent
could better approach a problem (“you need to ask more questions
at the beginning to diagnose the issue better”). Such coaching
can be ineffective and counterproductive to employee engagement
(Berg et al. 2018). In contrast, Al assistance offers workers spe-
cific, real-time, actionable suggestions, potentially addressing a
limitation of traditional coaching methods.

To better understand how learning might occur, in
Figure VII, Panels C and D, we divide our main study of outage
events by the initial adherence of the worker to Al, as described
in Section VI.A. When a worker chooses not to follow a particu-
lar Al recommendation, they miss the opportunity to observe how
the customer might respond. Al suggestions may prompt workers
to communicate in ways that differ from their natural style, such
as by expressing more enthusiasm or empathy or by frequently
pausing to recap the conversation. Workers who do not try out
these recommendations may never realize that customers could
react positively to them.

Panel C reveals that workers with high initial adherence
to Al recommendations experience significant and rapid de-
clines in chat processing times, even during outages, relative
to their pre-adoption baseline. In contrast, Panel D shows no
such improvement for workers who frequently deviate from Al
suggestions; they see no reduction in chat times during outage
periods, even after prolonged Al access.

These findings suggest that workers learn more by actively
engaging with Al suggestions and observing firsthand how cus-
tomers respond. These findings are consistent with other evidence
from education that higher adherence and engagement with
LLM-generated responses positively affected learning (Kumar et
al. 2023). In addition to directly improving productivity, exposure
to Al assistance could supplement existing on-the-job training
programs.
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VI.C. Handling Routine and Nonroutine Topics

In addition to varying by the characteristics of the worker,
the effect of Al assistance could depend on the types of problems
it is asked to resolve. Agents encounter customer questions that
range from common requests for help on-boarding an employee
or changing a password to less common issues such as setting
up wage garnishments in child support cases or ensuring compli-
ance with international tax treaties. We examine how the effect
of Al assistance varies between more and less routine customer
problems. We use Gemini, an LLM developed by Google Deep-
Mind, to classify the interactions into topic categories. The de-
tails of this process, along with our human validation of the LLM
classification process, are described in Online Appendix J.B
(Gemini Team 2023).

Online Appendix Figure A.XIV reports the distribution of
conversation topics in our data set. Unsurprisingly, we observe
a small number of frequent issues, accompanied by a long tail
of less common problems. Specifically, the two most prevalent
topics—payroll and taxes, and account access and management—
make up half of all conversations, and the top 16 topics represent
over 90% of all chats.

To evaluate the impact of Al assistance based on the fre-
quency of customer inquiries, we categorize conversations into
four distinct groups. The Payroll/Account category, comprising
50% of all chats, includes inquiries related to payroll, taxes, and
account access and management. The next 25% of chats covers
five categories, including those dealing with bank transfers or
managing subscriptions. The following 15% of chats encompass
nine topics, and the final 10% of chats consists of all the remain-
ing topics. Our regression, in Online Appendix J.C, is conducted
at the chat level, with a focus on chat duration.

Figure VIII, Panel A shows the average treatment effect of
AT assistance based on how common the inquiry is. The pattern is
non-monotonic and suggests that Al assistance has the greatest
effect on workers’ ability to handle problems that are moderately
rare. Workers with access to Al assistance handle the most rou-
tine problems—payroll and account management—about four to
five minutes faster, which corresponds to an approximately 10%
decrease from the pretreatment mean duration for these topics.
We see the largest decline, five to six minutes, for issues that are
in the 75th—-90th percentiles of topic rarity, corresponding to a
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(A) Impact of Al on Chat Duration, by Overall Topic Frequency
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F1Gcure VIII
AT Impact by Chat Topic

Panel A shows the impact of Al assistance on chat duration in minutes for each
category of conversation-topic frequency relative to the category’s pre-Al mean.
Data is at the chat level and the regressions control for topic frequency, year-
month fixed effects, agent fixed effects, and fixed effects in months of agent tenure.
Panel B shows the impact of Al assistance grouped instead by topic frequency as
encountered by the individual agent relative to the pre-Al mean. Online Appendix
J.C details the regression specification and topic-category construction and results
are in Online Appendix Table A.IX.
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14% reduction from the pretreatment means for those topics. Fi-
nally, we see a smaller four-minute or 11% decrease for the most
rare problems. It should be noted that the system does not provide
suggestions at all when there was insufficient training data.

These results highlight the difference between the techni-
cal quality of an Al system and its potential productivity effects
in real-world settings. Al models generally perform better when
trained on large data sets, which provide diverse examples and
richer contextual information. Such data sets enable the model
to learn more robust and generalizable patterns while reducing
the risk of overfitting (Halevy, Norvig, and Pereira 2009). Conse-
quently, we might expect an Al system to function best when deal-
ing with routine problems, where training data are abundant.

The value of Al systems is less straightforward when they are
used to complement human workers. Customer-service agents,
especially those dealing with common issues, are specifically
trained to address these routine problems and become most ex-
perienced answering them. For example, even novice workers are
likely to know how to reset a customer’s password. In such cases,
access to even high-quality Al assistance may not have a large
complementary effect. Rather, as our findings suggest, the impact
of an Al system on workplace productivity depends critically on
its capabilities relative to workers’ baseline skills. The greatest
productivity gains may occur not where the Al system is most ca-
pable in absolute terms, but where its capabilities most effectively
complement or exceed those of human workers.

In our setting, the heterogeneous effect of Al access appears
to reflect both factors. Al access has the smallest reduction in
handle time for problems where human agents are already well
trained (very routine problems) or where its training data may be
sparse (very rare problems). We see the largest improvements in
the handle time for moderately uncommon problems. The Al sys-
tem is likely to have enough training data to assess these prob-
lems, while individual agents are less likely to have had much
firsthand experience. For example, the Al-recommended links to
potentially relevant technical documentation may be particularly
valuable for the types of cases where agents otherwise would need
to search for an answer.

To examine the role of agent-specific experience, Figure VIII,
Panel B plots the effect of Al assistance on chat duration by quar-
tiles of topic frequency with respect to an individual agent, con-
trolling for the overall frequency of a problem. Al assistance re-
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duces conversation times by 15% for the least common problems
compared with 10% for the most common. Once we control for
a topic’s overall frequency, we find a monotonic relationship be-
tween agent-specific exposure to a problem and the impact of Al
That is, holding constant the AI model’s exposure to a problem,
the effect of Al assistance is greatest for problems that a spe-
cific agent is least exposed to. Although AI in isolation may be
most effective where training data is most plentiful, the marginal
value of Al assistance appears to be highest where humans have
a greater need for Al input.

VI.D. Conversational Style

1. English Fluency. The ability to communicate in clear, id-
iomatic English is crucial for customer satisfaction and the job
performance of contact workers serving U.S. customers. In our
data, 80% of the agents are based in the Philippines, where many
residents are fluent English speakers for various cultural and his-
torical reasons. However, cultural differences and language nu-
ances occasionally lead to misunderstandings or a sense of discon-
nect, even when an agent’s technical language skills are strong.
We assess how Al assistance influences workers’ ability to com-
municate clearly.

We measure the proficiency of text in two ways: its com-
prehensiblity and its native fluency. The comprehensibility
score assesses whether the agent produces text that is co-
gent and easy to understand, using a scale of 1-5, where 1
indicates “very difficult to comprehend” and 5 signifies “very
fluent and easily understandable, with no significant errors.”
In contrast, native fluency focuses on whether the text was
likely to have been produced by a native speaker of Ameri-
can English. Native fluency is based on the Interagency Lan-
guage Roundtable “functionally native” proficiency standard. The
native-fluency score is also on a five-point scale where 1 in-
dicates a writer is “definitely not a native American English
speaker” and 5 indicates they definitely are. For instance, “I
could care less” is grammatically incorrect but a common English-
language expression. On the other hand, Filipino agents often
use the greeting “to have a blessed day,” which is grammatically
correct, but not a common greeting in the United States. We use
Gemini to score agents’ text in each conversation along these
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Ficure IX
The Impact of Al on Language Skills

These figures show the impact of Al access on scores of agent comprehensibility
in Panel A and native fluency in Panel B. Observations for this regression are
at the agent-chat level, aggregated to the agent-month level. Regressions follow
equation (1) and include agent, chat year-month, and months of agent-tenure fixed
effects. Robust standard errors are clustered at the agent level in Panels A and
B and by agent location in Panels C and D. For more details on the construction
of the comprehensibility and native-fluency scores, refer to Online Appendix J.B.
Regression results are in Online Appendix Table A.X.

two dimensions. For more information on our specific approach,
prompts, and validation tests, see Online Appendix J.B.5.

The general level of both comprehensibility and native flu-
ency is high. Before having Al access, the interquartile range
of comprehensibility scores was 4.28-4.67; for native fluency it
was 4.26—4.65. Despite this high baseline level, we find clear ev-
idence that access to Al assistance increases proficiency scores.
Online Appendix Figure A.XV presents the raw pre- and post-
Al distribution of comprehensibility and native-fluency scores for
never-treated workers, pretreatment workers, and posttreatment
workers. The never-treated and pretreatment workers have iden-
tical distributions, but we see markedly higher scores for post-
treatment workers. In Figure IX, Panels A and B we report the
accompanying event studies, which show that AI access leads to
large improvements in both comprehensibility and native fluency.
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Finally, in Figure IX, Panels C and D, we report separate coeffi-
cients for U.S.- and Philippines-based workers. We see a positive
effect for all workers, but a larger improvement for workers based
in the Philippines.

2. Textual Convergence. The foregoing analysis focuses on
an important but narrow aspect of how workers communicate. To
gain a broader understanding of AI's influence on communication
patterns, we examine how the text produced by workers evolves
over time: do they change how they write relative to their pre-
Al baseline, and does Al access affect the relative communication
patterns of high- and low-skill workers? Because tacit knowledge
is, by definition, not something that can be codified as a set of
rules, we examine the overall textual similarity of conversations
using textual embeddings, rather than looking for the presence of
specific formulaic phrases (Hugging Face 2023).

Online Appendix Figure A.XVI, Panel A plots the evolution of
agents’ communication over time, before and after access to Al as-
sistance. We compute the cosine similarity of agents’ text in each
given event-time week to their own chats from the month before
Al deployment (week —4 to week —1). Cosine similarity runs from
zero to one, with zero meaning two pieces of text are orthogonal
(when represented as semantic vectors), and one indicating exact
semantic similarity.

Before deploying Al, the similarity between a worker’s own
text from month to month is stable at 0.67, which reflects con-
sistency in an individual agent’s language use, while also captur-
ing differences in the topics and customers that she faces. After
Al deployment, the similarity of agents’ text drops. The drop is
equivalent to about half of a standard deviation of within-agent
cosine similarity across the pre-period. This is consistent with
the idea that AI assistance changes the content of agents’ mes-
sages, rather than merely leading workers to type the same con-
tent but faster. Online Appendix Figure A XVI, Panel B plots the
average change in textual content separately by pre-Al worker
skill. Lower-skill agents experience greater textual change after
AT adoption, relative to top performers.

We find across-worker changes in communication changes
with AI access. Online Appendix Figure A.XVI, Panel C plots
the cosine similarity between high- and low-gkill agents at spe-
cific moments in calendar time, separately for workers without
(blue dots) and with (red diamonds) access to Al assistance. For
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non-Al users, we define skill levels based on monthly quintiles
of our skill index. For AI users, we use skill quintiles at the
time of AI deployment. Without AI, high- and low-productivity
workers show a moderate level of similarity in their language
use, with an average cosine similarity between high and low
workers of 0.55. This similarity remains stable over time, sug-
gesting that there are no divergent trends between skill groups
that do not have access to Al assistance. After Al adoption, text
similarity between high- and low-skill workers begins increas-
ing, from 0.55 to 0.61. Although this change may seem modest,
it represents a substantial narrowing of language gaps, given
that the average similarity of a high-skill worker’s own pre- and
post-Al text is only 0.67. The change is equivalent to half of a
standard deviation of the average high- and low-worker textual
similarity.

Taken together, the patterns in Online Appendix Figure
A XVI are consistent with Al assistance leading to more pro-
nounced changes in how lower-skill workers communicate and ul-
timately to their communicating more like high-skill workers. We
caution that changes in agent text can reflect many factors that
are not directly related to a worker’s style or tacit skills, such as
changes in conversation topics driven by customers. As a result,
this analysis is only suggestive.

VII. EFFECTS ON THE EXPERIENCE OF WORK

VII.A. Customer Sentiment

Qualitative studies suggest that working conditions for
contact-center agents can be unpleasant. Customers often vent
their frustrations to anonymous service agents; in our data, we
see regular instances of swearing, verbal abuse, and “yelling”
(typing in all caps). The stress associated with this type of emo-
tional labor is often cited as a key cause of burnout and attrition
among customer-service workers (Lee 2015).

Access to Al assistance may affect how customers treat
agents, but in theory, the direction and magnitude of these effects
are ambiguous. Al assistance may improve the tenor of conver-
sations by helping agents set customer expectations or resolve
their problems more quickly. Alternatively, customers may be-
come more frustrated if Al-suggested language feels “corporate”
or insincere.
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TABLE IV
EXPERIENCE OF WORK

Mean Mean

customer agent Share req.

Variables sentiment sentiment manager
(1) (2) (3)

Post Al x Ever treated 0.177+** 0.0198*** —0.00875***

(0.0116) (0.00599) (0.00201)
Observations 21,218 21,218 21,839
R-squared 0.485 0.596 0.482
Year month FE Yes Yes Yes
Agent FE Yes Yes Yes
Agent tenure FE Yes Yes Yes
DV mean 0.141 0.896 0.0377

Notes. This table presents the results of difference-in-difference regressions estimating the effect of Al
model deployment on measures of conversation sentiment and requests to speak to a manager (Share req.
manager). Our regression specification, equation (1), includes fixed effects for each agent, chat year-month,
and months of agent tenure. Observations for these regressions are at the agent-month level and all stan-
dard errors are clustered at the agent level. Measures of customer sentiment are created from conversation
transcripts using SiBERT and are aggregated to the agent-month level. Online Appendix J.B elaborates on
sentiment construction and Section IV.A describes the AI rollout procedure. Robust standard errors are in
parentheses. * p < .10, ** p < .05, ** p < .01.

To assess this, we capture the affective nature of both agent
and customer text, using sentiment analysis (Mejova 2009). For
this analysis, we use SIEBERT, an LLM that is fine-tuned for sen-
timent analysis using a variety of data sets, including product re-
views and social media posts (Hartmann et al. 2023). Sentiment
is measured on a scale from —1 to 1, where —1 indicates negative
sentiment and 1 indicates positive. In a given conversation, we
compute separate sentiment scores for both agent and customer
text. We aggregate these chat-level variables into a measure of av-
erage agent sentiment and average customer sentiment for each
agent-year-month.

Figure X, Panels A and B consider how sentiment scores re-
spond following the rollout of Al assistance. In Panel A, we see an
immediate and persistent improvement in customer sentiment.
This effect is large: according to Table IV, column (1), access to Al
improves the mean customer sentiments (averaged over an agent-
month) by 0.18 points, equivalent to half of a standard deviation.
In Panel B, we see no detectable effect for agent sentiment, which
is already very high at baseline. Table IV, column (2) indicates
agent sentiments increase by only 0.02 points or about 1% of a
standard deviation.
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(A) Customer Sentiment, Event Study
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FI1GURE X
Experience of Work

Each panel plots the effect of AI model deployment on the experience of work.
Panel A plots the effect of AI model deployment on customer sentiment, Panel
B plots the corresponding estimate for agent sentiment, and Panel C show the
effects of Al assistance on customer requests for manager assistance. Sentiment
is measured using SiIEBERT, a fine-tuned checkpoint of ROBERTA, an English-
language transformer model. Regressions follow equation (1) and include agent,
chat year-month, and months of agent-tenure fixed effects. Observations are at
the chat level, aggregated to the agent-month, and robust standard errors are
clustered at the agent level.
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Focusing on customer sentiment, Online Appendix Figure
A.XVII, Panels C and D examine whether access to Al has dif-
ferent effects across agents. We find access to Al assistance sig-
nificantly improves how customers treat agents of all skill and
experience levels, with the largest effects for agents in the lower
to lower-middle range of both the skill and tenure distributions.
Consistent with our productivity results, the highest-performing
and most experienced agents see the smallest benefits of Al ac-
cess. These results suggest that Al recommendations, which were
explicitly designed to prioritize more empathetic responses, may
improve agents’ demonstrated social skills and have a positive
emotional effect on customers.

VII.B. Customer Confidence and Managerial Escalation

Changes in individual productivity may have broader impli-
cations for organizational workflows (Athey et al. 1994; Athey
and Stern 1998; Garicano 2000). In most customer-service set-
tings, frontline agents attempt to resolve customer problems but
can seek the help of supervisors when they are unsure how
to proceed. Customers, knowing this, will sometimes attempt
to escalate a conversation by asking to speak to a manager.
This type of request generally occurs when frustrated customers
feel that the current agent is not adequately addressing their
problem.

In Figure X, Panel C, we consider the effect of Al assistance
on the frequency of chat escalation. The outcome variable we fo-
cus on is the share of an agent’s chats in which a customer re-
quests to speak to a manager or supervisor, aggregated to the
year-month level. We focus on requests for escalation rather than
actual escalations because we lack data on actual escalations and
because requests are a better measure of customer confidence in
an agent’s competence or authority.

After the introduction of Al assistance, we see a gradual but
substantial decline in requests for escalation. Relative to a base-
line rate of approximately 6%, these coefficients suggest that Al
assistance generates an almost 25% decline in customer requests
to speak to a manager. In Online Appendix Figure A.XVII, Pan-
els E and F, we consider how these patterns change depending
on the skill and experience of the worker. Though these results
are relatively noisy, our point estimates suggest that requests for
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escalation are disproportionately reduced for agents who were
less skilled or less experienced at the time of Al adoption.

VII.C. Attrition

The adoption of generative Al tools can affect workers in var-
ious ways, including their productivity, the level of stress they
experience, how customers perceive them, and their overall job
satisfaction. Although we cannot directly observe all these fac-
tors, we can analyze turnover patterns as a broad measure of how
workers respond to Al implementation.

We compare attrition rates between Al-assisted agents and
untreated agents with equal tenure. We drop observations for
treated agents before treatment because they do not experience
attrition by construction (they must survive to be treated in the
future), and control for location and time fixed effects.

Consistent with our findings so far, Online Appendix Figure
A XVIII, Panel A shows that access to Al assistance is associated
with the strongest reductions in attrition among newer agents,
those with less than six months of experience. The magnitude
of this coefficient, around 10 percentage points, translates into a
40% decrease relative to a baseline attrition rate in this group of
25%. In Panel B, we examine attrition by worker skill. We find
a significant decrease in attrition for all skill groups, although
without a clear gradient.

These results should be taken with more caution relative to
our main results because attrition occurs once per worker, and
therefore we are unable to include agent fixed effects. Our results
may overstate the effect of Al access on attrition if, for example,
the firm is more likely to give Al access to agents deemed more
likely to stay.

VIII. CONCLUSION

Advances in Al technologies open up a broad set of economic
possibilities. This article provides early empirical evidence on the
effects of a generative Al tool in a real-world workplace. In our
setting, we find that access to Al-generated recommendations in-
creases overall worker productivity by 15%, with even larger ef-
fects for lower-skill and novice agents. These productivity gains in
part reflect durable worker learning rather than rote reliance on
Al suggestions. Furthermore, Al assistance appears to improve
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worker on-the-job experiences, such as by improving customer
sentiment and confidence, and is associated with reductions in
turnover.

Our analysis is subject to some caveats and raises many
unanswered questions. First, we note again that our findings ap-
ply for a particular Al tool, used in a single firm, in a single occu-
pation, and should not be generalized across all occupations and
Al systems. For example, our setting has a relatively stable prod-
uct and set of technical support questions. In areas where the
product or environment is changing rapidly, the relative value of
Al recommendations may be different. For instance, Al may be
better able to synthesize changing best practices, or could impede
learning by promoting outdated practices observed in historical
training data. Indeed, recent work by Perry et al. (2023) and Otis
et al. (2023) have found cases in which Al adoption has limited or
even negative effects.

Second, we report partial equilibrium short- to medium-run
effects of Al deployment. Although we do not have access to com-
pensation data, the managers we spoke to believed that work-
ers may have received higher performance pay as a result of Al
assistance, since these bonuses were typically tied to targets re-
lated to AHT and RRs. They caution that potential gains in bonus
pay may not be long-lived because it is common practice to adjust
performance targets if too many agents were reaching the goals.
As a result, workers may eventually be subject to a ratchet ef-
fect if Al assistance leads performance targets to be readjusted
upward.

More generally, we are not able to observe longer-run equi-
librium responses. In principle, the increased productivity we ob-
serve could lead to either lower or higher demand for customer-
service agents. If customer demand for assistance is inelastic,
then the productivity gains we document will likely translate
into less demand for human labor. A back-of-the-envelope calcu-
lation suggests the firm could field the same number of customer-
support issues with 12% fewer worker-hours. Conversely, in-
dividuals may currently avoid contacting customer service be-
cause of the long wait times and low-quality service. Al assis-
tance that improves this experience may boost consumer de-
mand for product support, resulting in increased labor demand
(Berg et al. 2018; Korinek 2022). In addition, the use of Al
could create new jobs for customer-service agents, such as test-
ing and training AI models (Autor et al. 2024). One manager
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we spoke with reports that high-skill workers in some con-
tact centers are already being tasked with reviewing Al sug-
gestions and providing better alternatives. Other work shows
that even low levels of AI adoption can affect market equilib-
rium prices and quantities, highlighting the need for more work
on the equilibrium effects of AI on the labor market (Raymond
2023).

Finally, our findings also raise questions about the nature
of worker productivity. Traditionally, a support agent’s produc-
tivity refers to their ability to help the customers. Yet in a set-
ting where customer-service conversations are fed into training
data sets, a worker’s productivity also includes the AI train-
ing data they produce. Top performers, in particular, contribute
many of the examples used to train the AI system we study.
This increases their value to the firm. At the same time, our
results suggest that access to Al suggestions may lead them to
put less effort into coming up with new solutions. Going forward,
compensation policies that provide incentives for people to con-
tribute to model training could be important. Given the early
stage of generative Al, these and other questions deserve further
scrutiny.
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