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Abstract

We examine how generative Al impacts productivity across the task-based framework using
a field experiment at the National Bank of Slovakia. In our experiment, we randomly assign
generative Al access to central bank employees completing workplace tasks that mirror the theoretical
task-based framework. Our results indicate that generative Al access leads to large improvements
in both quality and efficiency for the majority of participants. We find a strong complementarity
between generative Al and non-routine work, both on average and for most participants. We also
find some support for generative Al as both cognitive-biased and specialist-biased, though smaller
in magnitude than our tests of routine-biased. While workers in routine jobs experience larger
individual performance gains, generative Al is less effective for the routine task content of their
work. The mismatch between generative Al’s task- versus worker-level impacts is economically
large, and results from a simulation exercise suggest the organization can increase output by 7.3%
by changing how workers are assigned to tasks in the presence of generative Al. Additionally, we
find differences in how the benefits of generative Al relate to worker skills: low-skill workers benefit
most in terms of quality while high-skill workers benefit in terms of efficiency. Our findings provide
empirical support on generative Al and task-level complementarities, with important implications
for how generative Al will impact workers, organizations, and labor markets more broadly.
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1 Introduction

What impact will generative Al technologies have on labor demand, the design of jobs, and the labor
market more generally? The canonical model for understanding how technological change impacts
the labor market is the routine-biased technical change (RBTC) framework (Autor et al., 2003;
Acemoglu and Autor, 2011a; Acemoglu and Restrepo, 2018). RBTC posits that new technologies
enable the substitution of humans in “routine” tasks, which are repetitive, predictable, and codifiable,
and complement worker productivity in “nonroutine” tasks, which require creativity, judgement, and
interpersonal skills.! As a result, technological change leads to wage polarization, whereby demand
falls for workers in routine jobs and increases for those in non-routine jobs. Empirical evidence from
prior advances like the internet and communication technologies has aligned with predictions from
the RBTC framework (Autor et al., 2003; Spitz-Oener, 2006; Goos et al., 2014, 2021; Michaels et al.,
2014).

Despite the importance of the task-based framework in understanding the labor market impacts
of new technologies, however, we lack empirical studies documenting task-based complementarities
with generative AL This is important given the wide-ranging capabilities of generative AI?, the large
percentage of workers that are likely to be impacted by the technology (Eloundou et al., 2023; Felten

et al., 2023), and the rapidly improving capabilities of these models (Bubeck et al., 2023).

In this paper, we examine task-level complementarities between generative Al and various types
of workplace tasks using a field experiment. Our setting is the National Bank of Slovakia (NBS),
Slovakia’s central bank. In the summer of 2024, bank employees completed a series of workplace
tasks where we experimentally manipulated both access to generative Al and the task profile using the
routine versus non-routine distinction for generalist tasks in Autor et al. (2003). We also included more
specialist tasks that require domain expertise. Our design leverages both between-subjects variation
(in the availability of generative AI conditional on a given task mix) and within-subjects variation (in

the set of tasks where participants have access to generative Al) to test task-based complementarities

IBecause routine tasks follow predictable, rule-based procedures, they are particularly amenable to substitution
by machines. Once machines can replace such tasks reliably, firms can use machines to complete these tasks at
a lower marginal cost than paying human wages, thereby substituting capital for labor. On the other hand, new
technologies increase the productivity of non-routine workers by streamlining subtasks embedded in nonroutine roles
that are more predictable and repetitive. New technologies have this effect because they help process large data sets,
organize information, or handle repetitive tasks at speed and scale, while workers contribute higher-level thinking,
insight, and flexibility. The resulting complementarity boosts overall productivity beyond what either the technology or
the worker could accomplish in isolation.

2These include midlevel writing (Noy and Zhang, 2023), customer support (Brynjolfsson et al., 2023), consulting
(Dell’Acqua et al., 2023), software engineering and (Cui et al., 2024), among others.



with generative Al

Our experiment randomly assigned participants access to OpenAIl’s GPT-4o for a subset of tasks.
We use GPT-4o because (i) OpenAl has the most widely adopted generative Al tools, as evidenced by
its broad usage among workers both in general (Humlum and Vestergaard, 2024) and in our specific
setting (Perkowski and Margal, 2024); (i) GPT-4o0 can be used across a diverse range of tasks, and
(iii) GPT-40 permits a careful test of non-routine complementarity.®> We find that providing access to
GPT-4o significantly influenced tool uptake. Participants used GPT-4o for around 94 percent of the
tasks when they had access to the tool, versus 0 percent without access. These results show that our
treatment led to generative Al adoption across tasks, allowing us to evaluate the downstream impacts

on task productivity.

Our results indicate that access to generative Al led to large productivity improvements across the
entire bundle of tasks. In terms of the quality of responses, we find an average improvement of between
33 and 44 percent depending on the specification. In terms of efficiency, participants took on average
21 percent less time to complete the tasks when they had access to generative Al. Moreover, we find
no correlation in generative Al’s impacts on quality versus efficiency, indicating that improvements
in quality did not come at the expense of lower improvements in efficiency. Leveraging our within-
participant variation, we find that 94 percent of participants scored higher when they had access to
generative Al versus when they did not. Access to generative Al had more heterogeneous impacts on
efficiency: 80 percent of participants were more efficient when they had access to the tool, versus 13

percent who were less efficient.

We also find that the productivity impacts of generative Al are twice as large for specialist versus
generalist tasks. Access to generative Al doubled performance in our specialized, domain-specific tasks,
compared to 50 percent improvements for the generalist tasks. Lower-skilled workers and those with
a larger share of routine job tasks experienced larger improvements on the generalist tasks, suggesting
generative Al reduced inequality in productivity for these tasks. However, these patterns do not hold

for specialist tasks. We find no differences in the impacts of generative Al on specialist tasks by baseline

30penAl’s GPT-40 was launched in May 2024 — one month prior to the field experiment. Since then, OpenAl
has launched newer generative Al tools such as GPT-ol. These versions introduce chain of thought reasoning, which
systematically break down complex prompts into a sequence of intermediate steps or “thoughts” to bridge the query
and the final output. Chain of thought reasoning is particularly helpful for non-routine tasks, which typically require
higher-level reasoning. Thus, to the extent that we find a complementarity between generative Al and non-routine work,
our results using OpenAl’s GPT-40 will under-estimate the bias relative to newer generative AI tools, which would
further increase productivity in non-routine tasks requiring higher-order reasoning.



skill or routine job share, and informal conversations with participants suggest high-skilled workers
with domain expertise and prior generative Al exposure were able to effectively integrate generative
AT to their work practices on the specialist tasks. Thus, while generative Al increased productivity
for both generalist and specialist tasks, different types of participants benefited from the technology

depending on the type of task.

Next, we leverage variation across our generalist tasks to shed light on the complementarity between
generative Al and non-routine task mix. Our empirical test of complementarities comes from Brynjolfsson
and Milgrom (2012), who show how a simple test statistic from performance equations captures the
existence of complementarities. We estimate this test statistic using the experimental variation in
generative Al and task types, both on average across our entire sample and also at the participant

level.

We find empirical evidence of a complementarity between generative Al and non-routine work.
Comparing sample averages, we find that access to generative Al increases performance by 24 percent
on the set of routine tasks, versus 58 percent for non-routine tasks. When we apply the more formal
test from Brynjolfsson and Milgrom (2012), the test statistic for complementarities is economically
large and statistically significant. Across the entire sample, generative Al increases productivity by
almost one more standard deviation for non-routine versus routine-tasks. At the participant level,
this complementarity exists for around 80 percent of the sample, and only five percent of participants
report a negative complementarity (i.e., higher performance increases for routine versus non-routine

tasks) that is greater than one standard deviation.

We then benchmark this estimate using two other types of task variation. We test if generative
AT is also cognitive-biased (versus manual) or specialist-biased (versus general) using the same test
of complementarities. We find evidence of complementarities along both of these dimensions, though
smaller in magnitude than our estimates using the routine versus non-routine distinction. Thus, while
there is a complementarity between generative Al and both cognitive and specialist task mixes, the

non-routine nature of work leads to the largest productivity improvements.

Lastly, we explore the distributional consequences and heterogeneous treatment impacts of generative
AT access by participant characteristics. We find that the benefits of generative Al are more heterogeneous
for quality than for efficiency. The benefits of generative Al on quality depend on the baseline skill

and exposure to routine workplace tasks. Meanwhile, we find some evidence that those with prior



experience with generative Al see larger efficiency improvements.

Our results also indicate that the benefits of generative Al depend on the baseline skill of participants.
For generalist tasks, we find that lower-skilled participants experience larger increases in quality when
given access to the tool. However, this is not the case for when considering efficiency as the outcome
measure or for productivity in our specialist tasks. In fact, we find suggestive but noisy evidence that
the highest-skilled workers experience the largest improvements in efficiency and larger increases in
performance on the specialist tasks. These results indicate important interactions between generative

AT and skills, though in more nuanced ways than previously thought.

Comparing our task-level versus participant-level estimates reveals a mismatch between the types of
tasks where generative Al is most helpful and the types of workers who benefit most from generative Al.
At the task level, generative Al leads to the largest productivity improvements in non-routine tasks.
However, at the participant level, workers in roles with a high share of routine work benefit more
from generative Al (across our collection of tasks). Taken together, these results indicate a mismatch
between the types of workers who stand to benefit most from generative Al, and the types of tasks
where generative Al is more helpful: workers in routine jobs derive larger benefits from generative Al,
but generative Al is less effective for the task make-up of their work. We find the magnitude of this
mismatch to be economically large. Results from a simulation exercise suggest that the organization
can increase output by 7.3% through changes in how workers are allocated to tasks in the presence of

generative Al

Overall, our manuscript contributes to four related literatures. First, we contribute to the literature
on the impacts of technological change on the labor market. Although various papers have used the
task-based approach to theoretically model the impacts of technologies like generative Al (Acemoglu
and Restrepo, 2019; Acemoglu, 2024; Acemoglu and Restrepo, 2024), the empirical literature on the
labor market impact of generative Al is still growing.* Eloundou et al. (2023) and Felten et al. (2023)
present estimates of the share of workers that are likely to be impacted by generative AI. Hui et al.
(2024) and Demirci et al. (2024) analyze data from freelancer platforms to understand the impact of
generative Al on demand in the freelancing labor market. We advance this literature by providing
experimental evidence of the differential impacts of generative Al across the task-based framework.

We document strong task-level complementarities between generative Al and non-routine work, a key

4These is also a corresponding literature on the labor market impact of robots (Graetz and Michaels, 2018; Acemoglu
and Restrepo, 2020) and the impact of automation on team performance (Dell’Acqua et al., 2025).



parameter in models of how technological change impacts the labor market.?

Second, our results contribute to the literature on skill bias and the distributional consequences
of generative Al. Prior work has documented that generative Al is skill-biased (but in the opposite
direction of previous technological advancements) and leads to larger improvements for lower-skilled
workers, thereby reducing inequality in performance (Noy and Zhang, 2023; Brynjolfsson et al., 2023;
Dell’Acqua et al., 2023). Our results reveal a more nuanced picture. In line with prior work, we find
that lower-skilled workers see larger improvements in performance. These results, however, are limited
to generalist tasks using the quality measure of productivity, and do not hold for efficiency or specialist
tasks. Thus, our results suggest more subtle distinctions on skill bias and generative Al, and a less

rosy picture on generative Al reducing skill-based inequality.

Third, our results also speak to a growing literature on the heterogeneous impacts of generative Al
at work. Understanding how generative Al influences labor markets requires exploring which workers
stand to gain with the adoption of generative Al. For example, previous work has documented a gender
gap with generative AI, whereby women are less likely to know about or use generative AT (Humlum
and Vestergaard, 2024; Kreacic and Stone, 2024; Otis et al., 2024). Our results rule out that this gap
is due to unequal returns to generative Al by gender, as we find no gender differences in the impact
of generative Al on either quality or efficiency for either generalist or specialist tasks. This suggests
that the gender gap in generative Al is not driven by differences in the benefits of the technology, but

rather barriers to initial adoption in the first place.

Lastly, we contribute to the growing literature that uses field experiments to understand the productivity
impacts of generative AT across various occupations. These include midlevel writing professionals (Noy
and Zhang, 2023), customer support agents (Brynjolfsson et al., 2023), consultants (Dell’Acqua et al.,
2023), software engineers (Cui et al., 2024), and lawyers (Schwarcz et al., 2025). We contribute to
this literature by examining the impacts of generative Al in central banking. Although central banks
have been early adopters of machine learning techniques in areas such as financial supervision and
forecasting (Doerr et al., 2021; Araujo et al., 2022; Aldasoro et al., 2024), we know less about the

potential impacts of generative AI in this line of work. Perkowski and Marsal (2024) present survey

5We caution, however, that this complementarity is necessary but not sufficient for RBTC to occur at scale.
For RBTC to fully materialize with generative Al, several market- and firm-level adjustments must occur, including
reductions in the price of computing, changes in the relative demand for skills, changes in task composition and
occupational structure, and complementary workplace adjustments from firms. The overall impact of generative Al
on the labor market will depend on such adjustments, which are outside the scope of our field experiment.



data on how generative Al is used in three central banks. Our manuscript contributes to this literature

by illustrating the positive productivity impacts of generative Al in this domain.

2 Experiment

2.1 Setting

Our field experiment was held at the National Bank of Slovakia (NBS), the country’s central bank. The
primary objective of the NBS is to maintain price stability in the Eurozone. To achieve this, the NBS
formulates monetary policy, issues banknotes and coins, and ensures the smooth operation of payment
and settlement systems. Additionally, the NBS manages Slovakia’s foreign reserve assets, conducts
foreign exchange operations and supervises financial markets. Since Slovakia’s adoption of the euro in
2009, the NBS has been an integral part of the Eurosystem, collaborating with the European Central
Bank and other eurozone national central banks to define and implement the monetary policy of the

euro area.

The NBS employs around 1,100 employees across 13 departments who engage in a mix of routine
and non-routine tasks. We display the organizational structure of the NBS in Appendix section B.1.
Employees in every department typically engage in a mix of both routine and non-routine tasks. For
instance, while the Cash Management and Statistics Departments primarily handle routine cognitive
tasks, employees in these areas also perform analytical and interpersonal duties as needed. Similarly,
smaller, specialized teams in departments like Research and Risk Management focus on non-routine
cognitive and analytical tasks but may also undertake leadership or communication roles. Workers
in departments like Facility Services perform a higher share of both routine and non-routine manual

tasks.

2.2 Sample

With approval from the Board of Governors, we sent an email to all employees in March 2024. The
email invited employees to participate in a two-stage research study on technology in central banking.
The first stage (April 2024) included a detailed survey while the second stage (June 2024) included

a two-hour workplace exercise where participants would complete job tasks. The email mentioned



that participants would receive compensation for completing the study, and a bonus based on their

performance in the tasks.

Overall, 160 employees completed stage one of the study and 101 completed both stages. Informal
conversations with participants revealed that curiosity and the opportunity to apply generative Al to
work-related tasks were the primary reasons for participation. This aligns with our survey evidence
from phase one (Perkowski and Margal, 2024), which identified the lack of concrete use cases as the
main barrier to generative Al adoption within central banks. Many employees saw the experiment as a
chance to explore practical applications of the technology in their jobs. Additionally, some participants
were motivated by the monetary rewards offered. The 101 employees who completed both stages make
up the sample for this field experiment, and Appendix section B.1 displays participation rates across

the NBS’s organizational structure.

Table 1 contains summary statistics for the sample. The sample is highly educated— 92 percent have
a master’s degree or higher. The average age is 40 years old, and 35 percent of participants are female.
Participants have been employees at NBS for on average 8 years, and 5 percent manage or lead a
team. The average participant spends 31 percent of their time working on analytical tasks, 26 percent
on non-routine cognitive tasks, 18 percent of their time on routine cognitive tasks, and 16 percent on
leadership and management tasks. Overall, the sample exhibits awareness of generative Al, though
workplace rates of usage are lower. 95 percent have heard of generative Al before and 75 percent have

used generative Al before, but only around half have used generative Al at work before.

While our sample is admittedly more highly educated than the average labor force, the task profile
and skill heterogeneity inside NBS mirror those in other organizations. Participants in our sample
span a broad range of roles, from facility coordinators to research economists. Moreover, worker roles
feature both codifiable routine tasks such as data entry and document formatting, and also open-ended
non-routine tasks such as forecasting and stakeholder communication. This task profile mimics the

distribution of task types from Autor (2013).

2.3 Experimental design

Figure 1 outlines the structure of the experiment. Across two stages of the experiment, participants

completed a series of workplace tasks that mimicked the work done at the central bank. Part one



included general workplace tasks, while part two featured specialized workplace tasks. Across both
general and specialized workplace tasks, we randomly assigned participants access to a generative Al

tool.

2.3.1 Tasks

The first stage of the experiment focused on understanding the impact of generative Al on performance
in general workplace tasks. We used the task classification system from Autor (2013) and designed
a series of seven types of general workplace tasks that are common to modern-day work. These task
types included: (i) routine cognitive; (ii) non-routine cognitive; (iii) routine manual; (iv) nonroutine
manual; (v) analytical; (vi) leadership; and (vii) interpersonal and communication tasks. For each of
these general task types, we created two specific tasks to allow us to vary the use of generative Al. For
example, each participant would complete one of the general analytical tasks with the use of generative

Al and complete the other one without the use of generative Al. This led to a total of 14 tasks.

Our goal with the design of these general workplace tasks was two-fold. First, we wanted to have
general tasks so they are applicable to large parts of the organization, and modern-day work more
generally. Second, as specified in our pre-analysis plan, we were interested in understanding the
impact of generative Al depending on task type in the spirit of RBTC. To that end, we designed these
tasks to be broadly representative, to correspond to the respective categories in the Autor (2013) task

taxonomy, and to be similar to work done at the organization.

Appendix B.2 lists out the specific general tasks that participants completed. For example, one of
the routine cognitive tasks asked participants to proofread and edit a paragraph for grammatical and
spelling mistakes. One of the analytical tasks asked participants to calculate the percentage of the
workforce that would be subject to a hypothetical new remote work policy. Given the experiment was
run using laptops, we were unable to have participants do purely manual tasks. However, we created
versions of manual tasks that were able to be completed online. For example, one of the non-routine
manual tasks asked participants to walk through the steps they would take in order to fix a broken
printer in the office. Overall, participants had one hour to complete all 14 general workplace tasks,

such that each task averaged about four minutes.

We additionally included a second stage of the experiment that focused on more specialized tasks.



In early work, we document that employees are less likely to use generative Al for more specialized
tasks versus more general workplace tasks (Perkowski and Marsal, 2024). This may reflect the
inability of these technologies to help with workplace tasks that require more skills, or it may reflect
participant aversion to using generative Al for more advanced tasks. Indeed, informal conversations
with participants revealed that even among generative Al users at work, the second stage of the
experiment was the first time they used the technology for more specialized job tasks. Additionally,
some perspectives emphasize domain-specific knowledge in the returns to generative Al at the firm

level (see, for example, Tambe (2025)).

One difficulty in studying the impacts of generative Al on specialized workplace tasks is the heterogeneous
positions occupied by participants in our sample. As Table 1 indicates, our participants were spread
across numerous divisions at the bank. For feasibility purposes, we used the organizational structure
of NBS to assign employees to respective blocks given their division at the bank. This led to a total
of five blocks of employees, who perform similar tasks within blocks at the organization. These blocks
were: (i) supervision (which includes supervision and financial stability, and supervision and financial
consumer protection); (ii) monetary policy and research (which includes monetary policy and market
operations, and research and statistics); (iii) financial markets (which includes payment systems and
cash management, and risk management and settlement; (iv) information technology (which includes
information technology, financial management, and operation activities), and (v) other (which included
strategy and development, the Office of the Governor, human resources, internal audit, legal services,
and the NBS foundation). We then worked alongside industry professionals to design highly-specialized
tasks for the first four blocks. Given the heterogeneous composition of those in the “other” block, these

participants completed another set of generalist tasks.

The specialized tasks were designed to require high level subject-matter expertise. For example, one
of the tasks for participants in the monetary policy and research block was to create a monetary policy
report for a fictitious country. Participants were given a dataset and asked to apply the Hodrick-
Prescott (HP filter) to decompose GDP into cyclical and trend components, fit an ARIMA model
to the HP trend component, forecast the trend component beyond the sample period, and develop
a strategic plan for monetary policy adjustments over the next year.® In Appendix B.3, we list out

the specialized tasks that participants had to complete during the second stage of the experiment,

SThe one exception to this is the specialized tasks for those in the other block. Given the heterogeneity in this group,
we used general workplace tasks for this group.



depending on their block. Participants completed two specialized tasks during this stage: one with

the use of generative Al and one without. They had 30 minutes for each of the specialized tasks.

Overall, the experiment took around two hours. Participants were paid a base rate of around 5
percent of the average monthly salary at the NBS, with an additional performance bonus of up to 5

percent.

2.3.2 Random assignment

Our experiment uses both within-subjects (List, 2025) and between-subjects variation. While all
participants completed 14 tasks, we randomly allowed the use of generative Al for a subset of these
tasks. We then randomized access to generative Al across task categories within each subject. Some
participants were eligible to use generative Al for the first set of the seven general tasks and one
specialized workplace task, while others were eligible to use it for the second set and other specialized
task. This design ensured that participants completed each of the task types from the task-based
framework, both with and without generative AI, with variation across participants regarding who

completed which task with or without generative Al.

The generative Al tool used in the experiment was OpenAl’'s GPT-40, which was launched in May
2024 — one month prior to the field experiment. We use this generative Al tool for three primary
reasons. First, OpenAI’s ChatGPT is the most widely adopted generative Al tool, as evidenced by
its broad usage among both workers in general (Humlum and Vestergaard, 2024) and workers in our
setting specifically (Perkowski and Margal, 2024). Using OpenAT’s latest model helps ensure our results
are relevant to how workers engage with the current landscape of generative Al tools and makes use
of participants’ existing familiarity with the technology. Second, and relatedly, GPT-40 is a generalist
generative Al tool that can be used across various settings. While other specialised tools exist, GPT-40
has shown to be useful in diverse task applications (OpenAl, 2024). Third, this version of GPT permits
a careful test of a complementarity between generative Al and non-routine work. Since our experiment,
OpenAl has launched newer generative Al tools such as GPT—ol. These versions introduce chain of
thought reasoning, which systematically break down complex prompts into a sequence of intermediate
steps or “thoughts” to bridge the query and the final output. Chain of thought reasoning is particularly
helpful for non-routine tasks, which often require higher-level reasoning. Thus, to the extent that we

find a complementarity between generative Al and non-routine work, our results using OpenAI’'s GPT-

10



4o will under-estimate the bias relative to newer generative Al tools, which would further increase

productivity in non-routine tasks requiring higher-order reasoning.

The experimental manipulation randomly assigned access to OpenAl’'s GPT-40 for a subset of
participants and tasks. We collaborated with the information technology department of NBS to ensure
that GPT-40 was accessible or inaccessible depending on the treatment condition. Participants in the
treatment condition were informed that they had access to GPT-40 for the relevant tasks and were
encouraged to use it if they found it helpful. We find strong rates of uptake for those in the treatment
condition: 94 percent of those who gained access to GPT-40 for a given task used the tool during the
task and sent on average 1.5 prompts (versus none in the control group; see section 3.1). Meanwhile,
the IT department blocked GPT-40 access for those in the control condition. These participants
completed the tasks relying solely on their own knowledge and resources, such as prior training, the
internet, and other standard tools available in their typical work environment. One of the co-authors

was present during the experiment to further ensure compliance in the control group.

2.4 Data

Our data come from three sources. First, we use the data collected from the tasks during the actual
experiment itself. This includes the result submissions for each of the tasks plus the amount of time it
took to complete the tasks. Second, we have detailed chat transcripts for each participant on their use
of generative Al. This was collected directly through OpenAl’s GPT-4o0. Lastly, for each participant,
we have detailed survey data collected over a month prior to the experiment itself, plus a few questions
collected following the experiment. These include exposure to generative Al, workplace characteristics,

and beliefs regarding generative AL"

Our data is at the participant-task level, and two key outcomes capture performance in our setting.
The first captures a subjective evaluation of task performance by evaluators. For each of the 14 tasks,
we devised a zero to ten rubric to measure performance using the rubrics in Appendix sections B.2
and B.3. Each general task response was evaluated by three individuals (a PhD student, a post-
doctoral fellow, and an employee at the bank), and we took the average of the evaluations across all
three evaluators. Meanwhile industry professionals evaluated the responses to the specialized task.

All evaluators were blind to treatment assignment. Our first performance measure is the quality of

7See Perkowski and Marsal (2024) for additional information on this survey.
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submissions using these evaluation of task performance.

The second is an efficiency measure, which captures how long it took participants to complete each
task. We use timestamps from submitting the tasks to generate the time it took participants to
complete each task. Given that the general tasks were given as bundles of seven tasks, we cannot
estimate efficiency for each general task. Instead, we have the amount of time it took to complete all

seven tasks.

2.5 Empirical strategy

Our goal is to understand the impact of generative Al on productivity, both on average, across tasks,
and across participants. We leverage variation across participants and task-types to estimate treatment

effects at several levels.

2.5.1 Overall impact of generative AI on productivity

First, we can estimate the impact of generative AI on productivity across all participants and tasks

using within-participant variation and the following equation:

yp,t:50+51*GAIp,t+9*Pp+)\*Tt+€p,t (1)

In this equation, p indexes participants and ¢ indexes tasks. v, is a performance measure for
participant p on task m. GAI,; is a binary indicator that equals one if participant p had access to
generative Al for task ¢, and zero otherwise. P, is a matrix of participant-level fixed effects, T} is
a matrix of task-level fixed effects, and €, ; is the error term. We estimate equation 1 using robust
standard errors clustered at the participant level. The coefficient of interest is 31, which captures the

average impact of generative Al on performance across all participants and tasks.

We can further use this within-participant variation to estimate participant-level impacts of generative
AT on productivity. To do so, we drop the participant-level fixed effects from equation 1 and instead
run the equation for each participant in our sample.® These participant-level estimates are noisier

than those estimated across the entire sample, but provide some insights into the distributional effects

8This is possible because we have 14 observations per participant, half of which are with generative AI and half
without. This allows us to estimate the productivity impact of generative Al for each participant in our sample.
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of generative Al (for example, by plotting the distribution of treatment effects and its correlates).

We can additionally estimate the impact of generative Al on productivity by using between-participant
variation. Some participants receive access to generative Al during the first set of tasks, while others
do so during the second set of tasks. We can subset the data to only the first set of seven tasks, and
compare outcomes for participants who did versus did not have access to generative Al for these tasks.

This between-participant estimation is given by:

yp,t :60+ﬂ1 *GAIp,t +9*Xp+)\*Tt+€p,t (2)

This equation is similar to equation 1 except for two changes. First, we replace the matrix of
participant fixed effects (P,) with a vector of participant-level controls (X,). These controls include
participant demographics, previous exposure to generative AI, beliefs in the productivity impact,
among others. Second, we only include observations for the first set of tasks. The coefficient of interest
here is 1, which measures the average difference in productivity across the first set of tasks, for

participants who receive generative Al versus those who do not.

2.5.2 Complementarity tests

In addition to the overall impact of generative Al access on productivity in our setting, we test for
complementarities between generative Al and task-type, namely non-routine tasks. Our empirical
test of complementarities comes from Brynjolfsson and Milgrom (2012), who show how a simple test

statistic from performance equations captures the existence of complementarities.

Let f(a,b) be productivity in the organization, where a captures generative Al access and b captures
non-routine task mix. In this set-up, f(1,1) captures the productivity on non-routine tasks when
generative Al is accessible, f(1,0) captures the productivity on routine tasks when generative Al is
accessible, f(0,1) captures the productivity on non-routine tasks when generative Al is not accessible,
and f(0,0) captures the productivity on routine tasks when generative Al is not accessible. A
complementarity between generative Al access and non-routine task content exists if f(1,1)— f(0,0) >
f(1,0) — f(0,0) + £(0,1) — f(0,0). Equation 10 from Brynjolfsson and Milgrom (2012) suggests using

the test statistic k, = f(1,1) + f(0,0) — f(1,0) — f(0,1) to test for complementarities.
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We can estimate k,, using regression. To do so, we estimate the following equation:

Yp.t = Po+ B1 % GAL, ; + B2 * NonRoutine, + 3 * GAI, ; * NonRoutine; + 0« P, +¢€,;  (3)

In this equation, NonRoutine; is a binary indicator that equals one if task ¢ is a non-routine task,
and zero otherwise. (1 captures the average impact of generative Al on productivity in routine tasks,
while 2 captures the average difference in performance for participants on non-routine versus routine
tasks (without the presence of generative AI). The coefficient of interest is 83, which captures the
additional treatment effect of generative Al on non-routine versus routine tasks. (3 corresponds to the
test statistic x,”; a test finding 83 > 0 provides evidence of a complementarity between generative Al
and non-routine tasks. We estimate equation 3 with robust standard errors clustered at the participant

level.

In addition to testing for this complementarity across the entire sample, we can also estimate it
for each participant. While the previous equation estimates x, across the entire sample, we can also
estimate , for each participant. To do so, we drop the participant-level fixed effects (6% P,) in equation
3, and instead estimate equation 3 for each participant. This returns an estimate of the test statistic

for each participant, which allows us to examine the distribution of k, across the sample.

Additionally, we test for complementarities between generative Al and two other task attributes:
whether the task is cognitive or manual, and whether the task requires specialized subject-matter
expertise. These tests are similar to our tests using the routine versus non-routine distinction, except
we replace the non-routine indicator and interaction with those for cognitive tasks and specialist tasks,

respectively.

2.5.3 Heterogeneous impacts of generative AI access

Lastly, we can estimate the heterogeneous impacts of generative Al access by using the following

equation:

9This follows from replacing f(a,b) with the predicted values from the regression.
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yp,t = 60 +51 *GAIp,t +9*Pp+A*Tt +/82 *GAI[),t *Op +€p,t (4)

In equation 4, C,, is a chosen covariate at the participant level. In accordance with our pre-analysis
plan, we are especially interested in participant heterogeneous treatment effects by gender, tenure, the
percent of workload in English, and previous exposure to generative AI. We estimate equation 4 using
robust standard errors clustered at the participant level. The coefficient of interest here is (2, which

captures how much higher or lower the impact of Al is for a participant with attribute C,.

3 Results

We break out the results section into four sections. In our first subsection, we examine how access to
generative Al impacts uptake across the tasks. In the second, we examine the productivity impact of
generative Al on both generalist and specialized central banking tasks. Subsection three contains
our analysis of complementarities between generative Al and task mix. Lastly, we examine the
distributional impacts of generative Al and heterogeneous treatment effects depending on participant

characteristics in subsection four.

3.1 Impact of generative Al access on usage

We first examine whether access to generative Al influenced uptake in our experiment in Table 2.
We do so using three different types of outcome measures. Columns 1 and 2 use a binary indicator
for whether the participant used the generative Al tool during the task. Columns 3 and 4 use the
number of prompts sent to the generative Al tool. Columns 5 and 6 use a binary measure for the
amount of overlap between the prompt response and submitted response. The odd columns use a
within-participant analysis and regress each outcome on a binary indicator for whether the participant
is in the AI treatment condition, participant-level fixed effects, and task-type fixed effects. The even
columns conduct the between-subjects design by subsetting the sample to only the first seven tasks.
It displays the results of a regression of each outcome on the Al indicator, fixed effects for task types,

and participant prior exposure to generative Al.

The results in Table 2 indicate that access to GPT-4o significantly influenced tool uptake in the
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experiment. Participants used GPT-4o for around 94 percent of the tasks where they had access to
the tool, versus 0 percent without access. Participants sent, on average, 1.5 prompts to GPT-40 when
they had access to it, versus zero when they did not have access. Additionally, there was substantial
engagement with GPT-4o-generated content, as evidenced by a high degree of overlap between prompt
responses and submitted work. These results show that our treatment led to generative Al adoption

across tasks, allowing us to evaluate the downstream impacts on task productivity.

3.2 Impact of generative Al access on productivity in job tasks

We next examine the overall impact of generative Al on productivity across both our generalist and
specialist central banking tasks. We begin by visually exploring differences in performance when
participants had access to generative Al, versus when they did not. In Figure 2, we plot the distribution
of our two productivity measures for the generalist tasks by treatment condition. In Panel A, we display
the total score across all generalist seven tasks in a given round, while Panel B displays the total number
of minutes taken to complete all seven generalist tasks. In Panel C, we display the total score across

the specialist job tasks.?

The results in Figure 2 indicate that generative Al led to large average improvements in both our
productivity measures. In terms of the aggregate score on the generalist tasks, participants scored on
average 60 points when they had access to generative Al versus 41 points when they did not have access
to generative Al. For time spent on the bundle of generalist tasks, those who had access to generative
AT spent on average 23 minutes to complete all seven tasks, versus 30 minutes for those who did not
have access to generative Al. For our specialist tasks, participants scored on average 13 with access to
generative Al versus 6 when they did not. Thus, the graphical evidence in Figure 2 provides strong

but suggestive evidence that generative Al led to improvements in quality and completion time.

We next formally examine the impact of generative Al on productivity across all tasks in the
experiment. Table 3 displays the results of equations 1 and 2 from section 2.5. Columns 1 and 2
use the score on the task as our measure of productivity, while columns 3 and 4 use the time spent
on the task as our measure of task performance. The odd columns use the within-person design to

estimate the average participant-level impact of generative Al on productivity, while the even columns

10We do not have a measure of efficiency for the specialist tasks because participants struggled to complete them
within the 30 minute timeframe.
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use our between-participant design and compares performance for the first seven tasks for participants

who had or did not have access to generative Al.

The results in Table 3 indicate that generative Al led to large improvements in productivity on the
generalist tasks as measured by task quality. Using the within-subjects design in column 1, we find
that participants scored 2.6 points higher on an average task when they had access to generative Al
versus when they did not. This represents an average improvement of 48 percent (= 2.615/5.401)
relative to when participants did not have access to generative AI. We find qualitatively similar results
when we limit our sample to the first seven tasks and use the between-subjects design in column 2.
Participants who had access to generative Al in the first seven tasks scored 2.3 points higher than
those who did not have access in the first seven tasks, representing an average increase of 39 percent

relative to the control mean.

We find that generative Al also led to similar improvements using our time measure of productivity to
capture efficiency. The results in columns 3 and 4 indicate that participants with access to generative Al
took up to seven fewer minutes to complete the tasks versus those who did not have access to generative
Al. Participants had on average 30 minutes to complete the tasks, so this represents an efficiency of
improvement of about 23 percent relative to the control mean. Overall, the results indicate that
generative Al led to large improvements in both of our measures of productivity across the aggregate
set of generalist tasks. The effect sizes, relative to the control mean, were about twice as large for

improvements in quality versus improvements in time.

We next explore the impacts of generative Al on productivity in generalist versus specialist tasks.
We do so in Table 4, where we separately estimate equations 1 and 2 in generalist (columns 1 and 2)

versus specialist (columns 3 and 4) tasks. Our outcome measure is the quality of the task submission.

Our results indicate that generative Al led to large productivity improvements for generalist tasks
and even larger improvements for specialized ones. Our specifications indicate generative Al increased
performance in generalist tasks: our within-subjects design estimates a treatment effect of 50 percent
(= 2.710/5.401) while our between-subjects design estimates an effect of 36 percent (= 2.318/6.421)
relative to the control means. Moreover, the productivity impacts of generative Al are positive for the
vast majority of participants (see Panel A in Figure 3). Meanwhile, performance increases are even
larger for specialized tasks. While the point estimates in columns 3 and 4 are similar in magnitude,

the specialist tasks were more difficult and had lower average performance when participants did not
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have access to generative Al (5.4 for generalist tasks versus 2.2 for specialist tasks). Relative to the
control mean, generative Al increased performance in specialized tasks by between 108 and 117 percent,

slightly more than twice the impact on generalist tasks.

Moreover. the effects of generative Al were more heterogeneous for specialist tasks— the standard
errors in columns 3 and 4 are more than twice those in columns 1 and 2 despite qualitatively similar
point estimates. In Appendix A.1, we examine heterogeneous effects for generalist versus specialist
tasks. Interestingly, we find that while generative AI helps lower-quality participants on generalist
tasks, the same is not true for specialist tasks. This suggests that the equalizing effects of generative

may be limited to generalist tasks.

3.3 Generative Al and task-level complementarities

We next explore the impact of generative Al on productivity across the various generalist tasks types.
We are especially interested in testing whether there exists a complementarity between generative Al
and non-routine tasks. To do so, we compare productivity with and without generative AI across

non-routine and routine tasks.!!

We begin by displaying average productivity, both with and without access to GPT-4o, for routine
versus non-routine tasks. We display this in Table 5. Across the sample, access to generative Al led to
large productivity improvements for both sets of tasks. For routine tasks, workers scored, on average,
24 percent higher when they had access to generative Al than when they did not. For non-routine
tasks, access to generative Al increased productivity by 58 percent across the sample, or 34 percent
higher than the impact for routine tasks. Taken together, these results suggest the presence of a

complementarity between generative Al and non-routine tasks.

In order to estimate this complementarity more formally, we use the empirical strategy in section
2.5.2. We estimate k), using equation 3 and display the results in Table 6. To allow us to compare
treatment effects across the task types, we first standardize performance in each task type to follow a
normal distribution with mean zero and standard deviation one. Our treatment effects thus represent
the difference in performance in standard deviations in each task type, relative to a control condition

where participants do not have access to generative Al for the task. We then estimate x, both on

HGiven that we do not have the time spent on each individual task, we cannot use the efficiency measure of
productivity for this analysis. Instead, we focus on the quality score for each of the generalist task types.
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average and for each participant.

The results in Table 6 provide evidence of a complementarity between generative Al and non-routine
tasks across the entire sample. On average, generative Al increases productivity in routine tasks by
0.24 standard deviations, but this rises to 1.12 (= 0.24 + 0.88) standard deviations for non-routine
tasks. Moreover, k), is statistically significant across the entire sample with p < 0.01. Moreover, this
pattern holds for the majority of the sample. In Figure 4, we plot estimates of , by participant.'?
Around 80 percent of the sample has x, > 0, and only 5 percent report a negative complementarity

that is greater than one standard deviation. Thus, the majority of participants experience a positive

complementarity between generative Al access and non-routine task share.

We can additionally compare the complementarity between generative Al and two other task-level
attributes. The first is whether the task requires cognitive (versus manual) skills. The second is
whether the task required subject-matter expertise, versus being a generalist task. We test these in
columns two and three of Table 6. Our test of complementarities here is similar to that in column 1,
except we change the interaction terms. In column 2, we interact generative Al access with a binary

indicator for being a cognitive task; in column 3, we do so for specialist tasks.

The results in Table 6 also provide some support for generative Al as both cognitive-biased and
specialist-biased. The results in column 2 indicate that the performance impacts of generative Al are
0.25 standard deviations larger for tasks that require more cognitive complexity, while column 3 shows
that generative Al leads to 0.67 standard deviation in specialist tasks versus generalist tasks. We find
similar patterns with our within-participant estimates, where around 60 percent of participants report

positive interaction effects (see Appendix section A.2).

Overall, these results indicate that the returns to generative Al are larger for non-routine tasks, for
cognitive tasks, and for more specialised tasks. Which of these factors lead to the most heterogeneous
productivity improvements? To answer this question, we compare the size of k, for each attribute
relative to the impact of generative Al on the omitted category for each test. For example, generative
AT leads to a 0.93 standard deviation larger increase in non-routine tasks, relative to an increase of
0.26 standard deviations in routine tasks. This means that the returns to generative Al in specialist
tasks is 3.6 times larger (= 0.92/0.26) than that in routine tasks. The corresponding estimates are

0.33 for cognitive tasks (= 0.25/0.75) and 0.71 for specialist tasks (= 0.67/0.95). This indicates that

12We do so by estimating 3 for each participant. This is possible because we have 14 observations per participant.
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while there is a complementarity between generative Al and both cognitive and specialist tasks, the

non-routine nature of work leads to the largest productivity improvements.

3.4 The distributional impact of generative AI access

We lastly explore the distributional consequences of generative AI. While our prior analysis reports
a large increase in productivity on average and across tasks, which participants stand to gain more
versus less through the diffusion of generative AI? Given that we have 14 observations per participant
for the generalist tasks, half of which were with generative AI and half of which were without, we
can estimate a participant-specific treatment effect. To do so, we loop through each participant, and
regress that participant’s task score on a binary indicator for whether they had access to generative
Al The coefficient of interest captures the difference in average productivity across all 14 tasks, when

the participant uses generative Al versus does not.

We plot the distribution of individual-level treatment effects in Figure 3. The top panel of the
figure presents the treatment effects on our measure of quality, while the bottom panel does so for our
measure of efficiency. Overlaid on each figure is a normal distribution. The results in Figure 3 illustrate
that the productivity benefits of generative Al on quality are large and positive for the majority of the
distribution. Across the entire sample, 94 percent of participants scored higher when they had access
to generative Al versus when they did not. In terms of the impacts of generative AI on efficiency,
we see more heterogeneous effects. Generative Al leads to efficiency improvements for 80 percent of
participants, while 13 percent see efficiency decrease. Moreover, we find no correlation in generative

AT’s impacts on quality versus efficiency (see Appendix section A.3).

Which participants benefit more versus less from the use of generative Al, and across which outcome?
To investigate this point, we estimate heterogeneous treatment effects from our experiment. We rerun
the specifications from the odd columns in Table 3 and additionally include interactions between our
treatment indicator and various participant characteristics. We display the results in Table 7 by
bundling all generalist and specialist tasks, with specific versions for generalist versus specialist tasks

in Appendix section A.1.

Four important patterns emerge from these results. First, the benefits of generative Al are more

heterogeneous for quality than for efficiency. The results in columns 1, 5, and 9 indicate there
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are heterogeneous benefits to generative Al depending on the baseline quality, exposure to routine
workplace tasks, and tenure at the organization. Meanwhile, only one of our estimated interactions
for efficiency is marginally significant at conventional levels. Part of this may reflect the difference in
sample sizes across the two estimators, whereby we are more powered to detect heterogeneous effects
for quality than time. Our results indicate that workers who have prior experience with generative
AT see larger decreases in time to completion versus those who do not (column 4; p = 0.08). There
is also suggestive evidence that those who spend more of their time working in English report larger

efficiency improvements (column 12; p = 0.11).

Second, the benefits of generative Al on quality vary depending on the baseline skill of the participant.
Our results in column 1 indicate that lower-skilled workers see the largest improvements in quality with
the use of generative AI. These results suggest that generative Al has an "equalizing" effect on the
quality dimension of performance, which is consistent with previous field experiments on generative
AT (Noy and Zhang, 2023; Brynjolfsson et al., 2023; Dell’Acqua et al., 2023). However, this pattern
is only limited to performance in generalist tasks using the quality metric of productivity. We find no
average differences in efficiency for generalist tasks depending on baseline quality (column 2), and the
point estimate suggests that higher-skilled participants experience larger (though noisy) increases in
efficiency. In Appendix section A.4, we provide suggestive evidence that while low-baseline productivity
participants benefit most in terms of quality, high baseline productivity participants benefit most in
terms of efficiency. Moreover, lower-skilled workers do not experience larger productivity increases
than higher-skilled workers in our specialist tasks (see Appendix A.1). Informal conversations with
participants following the experiment revealed that high-skill workers with prior generative Al experience
saw the largest increases, though we are not powered to detect this effect. Thus, our results point to

more subtle distinctions on how skills interact with generative Al to impact workplace productivity.

Third, we find no evidence of heterogeneous impacts by gender. Women experience the same
improvements in quality and efficiency as men (columns 7 and 8), and this is true when we focus
only on the specialist tasks as well (Appendix A.1). Thus, while prior work has documented a gender
gap in generative Al adoption and use (Humlum and Vestergaard, 2024; Kreacic and Stone, 2024; Otis
et al., 2024), our results indicate this gap is not explained by unequal returns to the technology Al by

gender. Instead, it is likely driven by barriers to initial adoption.

Lastly, the impacts of generative Al relate to the task content of one’s job at baseline. Our results
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indicate that workers in roles featuring a larger share of routine tasks see larger improvements in
quality (column 5). This aligns with the earlier result where lower-skilled workers benefit more from
generative Al. These results, however, pose an interesting comparison to our results regarding task-
level complementarities. In section 3.3, we document that generative Al leads to larger productivity
improvements in nonroutine versus routine tasks. Thus, while workers in routine jobs derive larger
benefits from generative Al, generative Al is less effective for the task content of their work. This
suggests a mismatch between the types of workers who stand to benefit most from generative Al, and

the types of tasks where generative Al is most helpful.

What impact does this mismatch have on aggregate output? To answer this question, we develop a
simple task-based production framework that builds upon the work of Autor et al. (2003) and Acemoglu
and Autor (2011b). In our framework, workers have heterogeneous productivity in routine and non-
routine tasks, both with and without the presence of generative Al. Each worker allocates their effort
across task types and aggregate output is determined by how much time is assigned to each task. Using
data from our field experiment, it is possible to trace out the production possibility frontier by solving
a linear programming problem. In Appendix Section A.5, we offer more details about this method.
Conceptually, our set-up mirrors Hsieh and Klenow (2009) in treating micro-allocation wedges as a
source of aggregate TFP losses, but we extend their framework to a two-task environment and to a

technology shock that changes the distribution of routine and non-routine shares.

In Figure 5, we trace out the production possibility frontier under two scenarios: one where no one
has access to generative Al, and one where everyone has access. The x-axis captures the share of routine
output while the y-axis captures the share of non-routine output. Comparing the no-Al and all-Al
production possibility frontiers isolates the task bias of generative AI: an outward shift biased toward
the x-axis signals a routine-AI complementarity, whereas a tilt toward the y-axis indicates a non-routine
complementarity. As with our results in section 3.3, the figure illustrates a complementarity between
generative Al and non-routine work, whereby generative Al leads to larger increases in the output of

non-routine versus routine work.

We can then compare this frontier to aggregate output where task shares remain constant but
generative Al is introduced. This is captured by the green triangle in Figure 5. As the figure illustrates,
this point is below the production possibility frontier under generative AI. The vertical difference

represents an output loss of 7.3%. Coming to the frontier and increasing aggregate output requires
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reassigning workers to routine- versus non-routine tasks based upon their comparative advantage.
Overall, our back-of-the-envelope calculations suggest sizable productivity gains through improved

employee-task matching in the presence of generative Al.

4 Conclusion

In this paper, we present the results of a field experiment designed to test task-level complementarities
with generative AI. We find that access to generative Al leads to large improvements in both quality
and efficiency for the vast majority of participants. Furthermore, we find evidence of a complementarity
between generative Al and non-routine work, both on average across the entire sample, and for the

vast majority of individual participants in our study.

Understanding how generative Al will impact the labor market is of paramount importance, and
our manuscript provides novel field-experimental evidence of task-level complementarities with regard
to generative Al. We caution, however, that this complementarity between generative Al and non-
routine work is a necessary but not sufficient condition for routine-biased technological change to
occur at scale. For routine-biased technological change to fully materialize at scale, several market- and
firm-level adjustments must occur. These include reductions in the price of computing, changes in the
relative demand for skills, changes in task composition and occupational structure, and complementary
workplace adjustments from firms. The overall impact of generative Al on the labor market will depend
on such adjustments. Our manuscript provides micro-level evidence on task-level complementarities

that can inform such models of technological change.

Our manuscript suggests various avenues for future work in this space. For example, while prior
work has documented that generative Al leads to larger improvements for lower-skilled individuals, we
find this is not the case for efficiency or performance on specialist tasks that require domain expertise.
Understanding how worker skills relate to generative Al, and whether generative Al will expand or
contract skill inequality, is paramount to understanding the labor market impacts of the technology.
Similarly, the design of jobs will likely play an important role in this regard. Our results suggest a
mismatch between the types of workers who stand to benefit most from generative Al, and the types
of tasks where generative Al is more helpful, suggesting a prominent role for job design decisions

and upskilling opportunities. Lastly, special attention should be paid to the macro-level adjustments
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described above. Previous waves of RBTC have been accompanied by changes in organizational
practices (Bresnahan et al., 2002) and differences in workforce composition (Autor et al., 2003), among
others. Such responses from workers and firms will ultimately shape how generative Al impacts the

labor market.
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Tables

Table 1: Summary statistics

N Mean SD

Education, high school or associate’s degree 100 0.03 0.17
Education, university 100 0.02 0.14
Education, masters degree or higher 100 0.92 0.27
Age, in years 100 39.96  8.46
Female 100 0.34 0.48
Tenure at bank, in years 100 8.67  10.57
Manages or leads team 100 0.05 0.22
Has a laptop 100 0.98 0.14
% of work in English 100 0.33  0.26
Total weekly hours 100 46.73 11.43
Percent of work week, routine cognitive 100 0.18 0.12
Percent of work week, non-routine cognitive 100 0.26 0.16
Percent of work week, routine manual 100 0.03 0.06
Percent of work week, non-routine manual 100 0.02 0.04
Percent of work week, analytical 100 0.31 0.19
Percent of work week, leadership and management 100 0.16 0.10
Percent of work week, interpersonal and communication 100 0.03 0.07
Heard of LLM 100  0.95 0.22
Used LLM for either personal or work use 100 0.73 0.45
Used LLM for personal use 100 0.66 0.48
Used LLM for workplace use 100 0.51 0.50
Score on task 1575  6.75 3.31
AT treatment condition 1575 0.50  0.50
Time (minutes) 196 27.11 5.85

Notes: This table displays summary statistics of the sample.
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Table 2: Impact of generative AI access on generative AI uptake

Used Al # of Al prompts AT retention

(1) (2) (3) (4) (5) (6)
AT treatment condition 0.937*%%*  (0.939%%*  1.495%**  1.411%** 0.770%** (0.816***
(0.0199) (0.0205)  (0.0680) (0.0784)  (0.0243)  (0.0273)

R2 0.918 0.902 0.587 0.527 0.738 0.735
Observations 1,148 567 1,148 567 1,148 567
Control mean 0.000 0.000 0.000 0.000 0.000 0.000
Fixed effects Yes No Yes No Yes No
Controls No Yes No Yes No Yes
p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.010

Notes: This table examines the impact of generative Al access on generative Al uptake in the experiment. Columns 1
and 2 use a binary indicator for whether the participant used the generative Al tool during the task. Columns 3 and 4
use the number of prompts sent to the generative Al tool. Columns 5 and 6 use a binary measure for the amount of
overlap between the prompt response and submitted response. Odd columns use a within-participant analysis and
regress each outcome on a binary indicator for whether the participant is in the Al treatment condition,
participant-level fixed effects, and task-type fixed effects. Even columns conduct the between-subjects design by
subsetting the sample to only the first seven tasks. It displays the results of a regression of each outcome on the Al
indicator, fixed effects for task types, and participant prior exposure to generative AI. All regressions include robust
standard errors clustered at the participant level.

Table 3: Impact of generative AI access on productivity across all tasks

Score on task Time to complete
(1) (2) 3) (4)
AT treatment condition 2.615%%*  2.304***  _6.208%**  _6.951***
(0.143) (0.205) (0.647) (0.990)

R2 0.394 0.468 0.302 0.381
Observations 1,575 T 196 98
Control mean 5.401 5.942 30.224 31.233
Fixed effects Yes No Yes No
Controls No Yes No Yes
p-value <0.001 <0.001 <0.001 <0.001

Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.010

Notes: This table examines the impact of generative Al on productivity across all of our tasks. The first two columns
use the quality score on the task as the measure of productivity, while the second two columns use the time to
complete the task (in minutes). Column 1 displays the results of a regression of the task score, on a binary indicator
for whether the participant is in the AI treatment condition, participant-level fixed effects, and task-type fixed effects.
Column 2 conducts the between-subjects design by subsetting the sample to only the first seven tasks. It displays the
results of a regression of task score on the Al indicator, fixed effects for task types, and participant prior exposure to
generative AIl. Column 3 displays the results of a regression of the time to complete the task on a binary indicator for
whether the participant is in the Al treatment condition and a fixed effect for the phase of the experiment. Column 4
conducts the between-subjects design by subsetting the sample to only the first seven tasks. It displays the results of a
regression of time on the Al indicator and participant prior exposure to generative Al. All regressions include robust
standard errors clustered at the participant level.
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Table 4: Impact of generative AI access on productivity for generalist versus specialist
tasks

Generalist tasks Specialist tasks

(1) (2) (3) (4)
Al treatment condition 2.710%**  2.318%*%*  2.613*** 2.230***
(0.168) (0.212) (0.450) (0.512)

R2 0.300 0.358 0.710 0.284
Observations 1,407 693 168 84
Control mean 5.401 6.421 2.240 2.058
Fixed effects Yes No Yes No
Controls No Yes No Yes
p-value <0.001 <0.001 <0.001 <0.001

Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.010

Notes: This table examines the impact of generative Al on productivity for generalist versus specialist tasks. The
outcome of interest is the quality measure of productivity. Columns 1 and 2 subset the sample to our generalist tasks,
while columns 3 and 4 subset the sample to the specialist tasks. Columns 1 and 3 display the results of a regression of
the task score, on a binary indicator for whether the participant is in the Al treatment condition, participant-level
fixed effects, and task-type fixed effects. Columns 2 and 4 conduct the between-subjects design by subsetting the
sample to only the first set of tasks in each batch. It displays the results of a regression of task score on the Al
indicator, fixed effects for task types, and participant prior exposure to generative Al. All regressions include robust
standard errors clustered at the participant level.

Table 5: Average performance by task type and treatment condition

Average performance %

Task type Control Al change
M ) )
Generalist tasks 5.8 8.5 47
Routine 6.3 7.8 24
Nonroutine 5.7 9.0 58
Specialist tasks 2.2 4.9 113

Notes: This table displays average productivity across the generalist task categories. Column 1 displays average
productivity for those in the control condition, while column 2 does so for those in the treatment condition. Column 3
gives the percentage improvement in productivity for each task type.

32



Table 6: Task-level complementarities

O 0
Task score, z-score
AT treatment condition 0.26*%**  (.75%** (.95%**
(0.09)  (0.10)  (0.05)

Nonroutine task 0.01 0.47%**
(0.07)  (0.04)

Cognitive task -0.02 -0.14%*
(0.05) (0.08)
Specialist task 0.13
(0.15)
Al * Nonroutine task 0.93%**
(0.11)
AT * Cognitive task 0.25%*
(0.11)
AT * Specialist task 0.67%**
(0.18)
R2 0.345 0.312 0.287
Observations 1,407 1,407 1,575
Fixed effects Yes Yes Yes
Controls No No No
kp P-value <0.01 0.02 <0.01

Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.010

Notes: This table tests various complementarities regarding GAI. Columns 1 and 2 test for complementarities within
the generalist tasks, with column 1 exploring the complementarity between GAI and nonroutine task mix and column
2 between GAI and cognitive task mix. Column 1 displays the results of a regression of the task score, on a binary
indicator for whether the participant is in the AI treatment condition, an interaction between the AI treatment
condition and a binary indicator for non-routine tasks, participant-level fixed effects, and task-type fixed effects.
Column 2 does the same analysis but uses interactions for cognitive tasks. Columns 1 and 2 limit the sample to only
the generalist tasks. Column 3 explores the complementarity between GAI and specialist tasks. All outcomes are
normalized to have mean zero and standard deviation one per task. All regressions include robust standard errors
clustered at the participant level.
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Table 7: Heterogeneous impact of generative AI access on task productivity, by participant characteristics

(1) (2) 3) (4) (5) (6) (M) (8) (9) (10) (11) (12)

Quality Time Quality Time Quality Time Quality Time Quality Time Quality Time
AT treatment condition 4.40%** -4.66%** 2.58%** -5.40%** 2.23%** -7.05%%* 2.66*** -6.24%%* 2.35%** -6.55%** 2.79%** -4.40%**

(0.29) (1.77) (0.17) (1.02) (0.23) (1.51) (0.19) (1.15) (0.19) (1.12) (0.23) (1.40)
Al * Baseline quality -0.03%** -0.03

(0.00) (0.03)
AT * GAI exposure 0.01 -0.28%*

(0.02) (0.16)
AT * Routine task percent 1.82%* 3.80
(0.81) (5.80)
AT * Female -0.11 0.00
(0.29) (1.86)
AT * Tenure 0.03** 0.04
(0.01) (0.08)
Al * English language -0.52 -5.52
(0.62) (3.47)

R2 0.412 0.727 0.393 0.742 0.394 0.723 0.393 0.721 0.395 0.722 0.393 0.736
Observations 1,575 196 1,561 196 1,561 196 1,561 196 1,561 196 1,561 196
Outcome Quality  Efficiency Quality Efficiency Quality Efficiency Quality Efficiency Quality Efficiency Quality Efficiency
Category Quality GAI exposure Routine Gender Tenure Language
p-value 0.00 0.33 0.60 0.08 0.03 0.51 0.70 1.00 0.03 0.62 0.40 0.11

Standard errors in parentheses
* p<0.10, ** p<0.05, ¥*** p<0.010

Notes: This table examines the heterogeneous impacts of generative Al on productivity in generalist central banking tasks. Odd columns use the score on the task as
the measure of productivity, while even ones use the time to complete the task (in minutes). The odd columns displays the results of a regression of the task score, on a
binary indicator for whether the participant is in the Al treatment condition, interactions between this indicator and various participant characteristics,
participant-level fixed effects, and task-type fixed effects. The even columns display the results of a regression of the time to complete the task on a binary indicator for
whether the participant is in the AI treatment condition, an interaction between the AI condition and participant characteristics, and a fixed effect for the phase of the
experiment. Quality is measured as the baseline productivity percentile from the quality metric. GAI exposure is measured by number of hours spent using GAI at
work. Routine measures the percent of ones workplace tasks that would classify as routine. Tenure is measured in years at the organization. Language captures the
percent of working time that is spent in English. The p-value at the bottom of the table is for the reported interaction effect. All regressions include robust standard
errors clustered at the participant level.



Figures

Figure 1: Structure of experiment

Participant
Task | 1 2 3 4 5 Treatment conditions
1 Re | Re | Re | Rc | Rg Access to Generative Al
2 | NR; | NR; | NRs  NR¢ | NRg Control Group
3 Ry | R | Ry | Ry | Rum
4 | NRy | NRy |NRy | NRy | NRy
5 |NRy | NR, | NR, NR,| NR, | Task categories:
6 | NR_ NR_ | NR_ NR_ | NR_ Routine tasks
Generalist 7 NR; | NR; | NR; | NR; | NR; Rc: Routine cognitive
tasks 8 Rc | Re | Re | Rc | Rg Ry: Routine manual
9 | NR; NR; NR:;| NR; NR; Nonroutine tasks
10 | Ry | Ry | Ry | Ry | Ry NR¢: Nonroutine cognitive
11 ' NRy | NRy  NRy |NRy | NRy NRy: Nonroutine manual
12 | NRy | NRy | NR, | NR, | NR, NR,: Nonroutine analytical
13 | NR_ | NR_ | NR_ | NR, | NR, NR,: Nonroutine leadership
14 | NR; | NR; | NR; | NR; | NR; NR;: Nonroutine communication
Specialist 15 S S S S S Specialist tasks
tasks 16 S S S S S S: Specialist task

Notes: This figure displays the structure of the experiment
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Figure 2: Distribution of aggregate productivity measures, by generative AI treatment
condition and task type
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Figure 2 (continued): Distribution of aggregate productivity measures, by generative Al
treatment condition and task type
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Notes: This figure displays histograms of productivity in our setting when participants have access to generative Al

versus they do not. In Panel A; we examine differences in submission quality for our generalist tasks. In Panel B, we

examine differences in submission efficiency for our generalist tasks. In Panel C, we examine differences in submission
quality for our specialist tasks.
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Figure 3: Distributional impact of generative AI on productivity in generalist tasks, by
participant type
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Notes: In this figure, we display individual-level treatment effects of generative AI across the generalist tasks. We
leverage our within-participant variation, estimate equation 1 for each participant, and plot the distribution of
coefficients. Panel A does this analysis for the quality measure while Panel B does so for efficiency.
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Figure 4: Distribution of x across the sample
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Notes: This figure examines the complementarity between generative Al and non-routine tasks at the participant
level. For each participant, We estimate equation 3. The figure displays the distribution of k, from these estimations.
The coefficients are sorted by size.
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Figure 5: Production possibility frontier, with and without generative Al
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Notes: This figure displays the production possibility frontier with and without generative Al using the statistical
procedure described in section 3.4.

40



Appendix: For Online Publication Only

A Additional experimental results

A.1 Heterogeneous treatment effects, for generalist versus specialist tasks

In this subsection, we estimate heterogeneous treatment effects across task types. Table A.1 estimates

these for our generalist tasks, while Table A.2 does it for our specialist tasks.

A.2 Within-participant estimates of the complementarity between generative

ATl and various task attributes

In this subsection, we report our within-participant estimates of &, for two attributes: the level of
cognitive complexity and the level of specialized skills required for the task. We do so by estimating

equation 3 with interactions for the attribute of interest, for each participant.

Figure A.1 displays within-participant estimates for cognitive bias, and Figure A.2 does so for

specialist bias.

A.3 Correlation between generative AI’s impact on quality versus efficiency

In this subsection, we examine whether the impact of generative Al on participant quality is correlated
with its impact on time. To do so, Figure A.3 displays a binned scatter plot, where the x-axis captures
the percent improvement in quality, while the y-axis captures the percent improvement in time. The

figure illustrates that there is no correlation between the two.

A.4 Correlation between generative AI’s impact on quality versus efficiency,

versus baseline productivity

In this subsection, we examine whether the impact of generative Al on participant quality is correlated

with its impact on efficiency and with baseline productivity. To do so, Figure A.4 This figure displays

41



v

Table A.1: Heterogeneous treatment effects of generative AI on productivity in generalist tasks

(1) (2) ®3) (4) () (6) (7) (8) 9) (10) (11) (12)

Quality Time Quality Time Quality Time Quality Time Quality Time Quality Time

AT treatment condition 4.48*** -4.66%** 2.59%** -5.40%** 2.18%** -7.05%%* 2.66*** -6.24%%* 2.32%** -6.55%** 2.68*** -4.40%**
(0.29) (1.77) (0.17) (1.02) (0.24) (1.51) (0.19) (1.15) (0.19) (1.12) (0.23) (1.40)
Al * Baseline quality -0.04%** -0.03
(0.00) (0.03)
AT * GAI exposure 0.01 -0.28%*
(0.03) (0.16)
AT * Routine task percent 2.02%* 3.80
(0.81) (5.80)
AT * Female -0.12 0.00
(0.30) (1.86)
AT * Tenure 0.04** 0.04
(0.02) (0.08)
AT * English language -0.19 -5.52
(0.63) (3.47)
R2 0.338 0.727 0.316 0.742 0.318 0.723 0.316 0.721 0.319 0.722 0.316 0.736
Observations 1,407 196 1,393 196 1,393 196 1,393 196 1,393 196 1,393 196
Outcome Quality  Efficiency Quality Efficiency Quality Efficiency Quality Efficiency Quality Efficiency Quality Efficiency
Category Quality GAI exposure Routine Gender Tenure Language
p-value 0.00 0.33 0.78 0.08 0.01 0.51 0.68 1.00 0.02 0.62 0.76 0.11

Standard errors in parentheses
* p<0.10, ** p<0.05, ¥*** p<0.010

Notes: This table examines the heterogeneous impacts of generative Al on productivity in generalist central banking tasks. Odd columns use the score on the task as
the measure of productivity, while even ones use the time to complete the task (in minutes). The odd columns displays the results of a regression of the task score, on a
binary indicator for whether the participant is in the Al treatment condition, interactions between this indicator and various participant characteristics,
participant-level fixed effects, and task-type fixed effects. The even columns display the results of a regression of the time to complete the task on a binary indicator for
whether the participant is in the AI treatment condition, an interaction between the AI condition and participant characteristics, and a fixed effect for the phase of the
experiment. Quality is measured as the baseline productivity percentile from the quality metric. GAI exposure is measured by number of hours spent using GAI at
work. Routine measures the percent of ones workplace tasks that would classify as routine. Tenure is measured in years at the organization. Language captures the
percent of working time that is spent in English. The p-value at the bottom of the table is for the reported interaction effect. All regressions include robust standard
errors clustered at the participant level.



Table A.2: Heterogeneous treatment effects of generative AI on productivity in specialist
tasks

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

Score on task

Al treatment condition 3.88%** 2.50%** 2.80%FF 2. 67F¥K 2 pH¥RK 3 Ak
(0.96) (0.51) (0.83) (0.58) (0.59) (0.73)
AT * Baseline quality -0.02
(0.02)
AT * GAI exposure 0.05
(0.08)
AT * Routine task percent -0.70
(3.56)
AT * Female -0.02
(0.88)
AT * Tenure 0.01
(0.05)
AT * English language -3.22%
(1.66)
R2 0.734 0.722 0.720 0.719 0.720 0.745
Observations 168 168 168 168 168 168
Outcome Quality Quality Quality Quality Quality  Quality
Category Quality GAI exposure Routine Gender Tenure Language
p-value 0.13 0.56 0.84 0.98 0.80 0.06

Standard errors in parentheses
* p<0.10, ** p<0.05, *** p<0.010

Notes: This table examines the heterogeneous impacts of generative Al on productivity in generalist central banking
tasks. We use the score on the task as the measure of productivity and display the results of a regression of the task
score, on a binary indicator for whether the participant is in the AI treatment condition, interactions between this
indicator and various participant characteristics, participant-level fixed effects, and task-type fixed effects. Quality is
measured as the baseline productivity percentile from the quality metric. GAI exposure is measured by number of
hours spent using GAI at work. Routine measures the percent of ones workplace tasks that would classify as routine.
Tenure is measured in years at the organization. Language captures the percent of working time that is spent in
English. The p-value at the bottom of the table is for the reported interaction effect. All regressions include robust
standard errors clustered at the participant level.
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Figure A.1: Distribution of k across the sample: cognitive
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Notes: This figure displays the distribution of x, across the entire sample for cognitive bias. The coefficients come
from running equation 3 for each participant and plotting the interaction between the treatment indicator and our
binary indicator for cognitive complexity.
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Figure A.2: Distribution of x across the sample: specialist
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Notes: This figure displays the distribution of x, across the entire sample for specialist bias. The coefficients come
from running equation 3 for each participant and plotting the interaction between the treatment indicator and our
binary indicator for specialist tasks.
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Figure A.3: Correlation between generative AI’s impact on quality versus efficiency
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Notes: This figure displays a binned scatter plot, where the x-axis captures the percent improvement in quality, while
the y-axis captures the percent improvement in time.
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a heatplot of the impacts of generative Al on quality versus efficiency versus baseline productivity. The
x-axis captures the percent improvement in quality, while the y-axis captures the percent improvement

in efficiency (negated). The z-axis measures the participant’s baseline productivity percentile.
The figure illustrates that while low-productivity participants benefit most in terms of quality, high-
productivity participants benefit most in terms of efficiency.

Figure A.4: Correlation between generative AI’s impact on quality versus efficiency, versus
baseline productivity
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Notes: This figure displays a heatplot of the impacts of generative Al on quality versus efficiency versus baseline
productivity. The x-axis captures the percent improvement in quality, while the y-axis captures the percent
improvement in efficiency (negated). The z-axis measures the participant’s baseline productivity percentile.

A.5 Quantifying the impact of mismatch on aggregate output
A.5.1 Task-based Production Framework

We adopt the task-assignment view of technical change in which labor is allocated across routine and

non-routine activities that differ in their routine nature (Autor et al., 2003; Acemoglu and Autor,
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2011b). Each worker i is characterised by a productivity vector
(Tia ni) S R-2ﬁ-7

where r; (routine) and n; (non-routine) are proxied by the scores obtained in our controlled field

experiment at the National Bank of Slovakia (NBS).!

Let z; € [0,1] denote the fraction of worker i’s time assigned to routine work. Aggregate routine

and non-routine output are then

R= Zl’ﬂ'i, N = Z(l — z;)n;. (5)
i i

The economy’s production-possibility frontier (PPF) is the upper envelope of all feasible (R, N) pairs

generated by admissible allocations {z;};. Under the discrete rule z; € {0,1}, workers are assigned to

the task in which they have a comparative advantage; the resulting frontier is the two-factor analogue

of the Roy model studied by Costinot and Vogel (2010). Allowing x; to vary continuously produces

a partial-allocation frontier which, by construction, bounds any discrete allocation from above and is

formally identical to the efficiency frontier in data-envelopment analysis (Charnes et al., 1978).

A.5.2 Empirical Construction of the Frontier

Experiment scores are normalised and merged with survey data on task hours; observations with
missing entries or zero total hours are excluded. To trace the continuous PPF we solve, for a grid of

« values,

max 1—x;)n; s.t. T;T > Q, 6
a3 (1- ) )3 (6)

i

where a € [0, , r;]. Each linear programme is of moderate dimension (N < 200) and is solved with

the PuLP Python library; repeating (6) at 25 grid points yields a smooth frontier (Figure 5).2

Actual aggregate output is anchored by replacing the decision variables in (5) with observed time

LScores were recorded both with and without access to generative-Al tools, giving two technology draws (7"?1, n?l) and
(r?, n?) The experiment therefore yields ex-ante, worker-specific production functions that embody the heterogeneous
AT effects documented by Dell’Acqua et al. (2023).

2Mathematically, (6) is the dual of a constant-returns DEA problem (Banker et al., 1984).
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shares from the NBS experiment. Comparing the pre-Al and post-Al PPFs therefore isolates the
task bias of generative Al: an outward shift biased toward the R-axis signals routine-augmenting

(routine-biased) change, whereas a tilt toward the N-axis indicates non-routine complementarity.

Our approach translates micro-level heterogeneity in Al productivity into macro-level production
sets, providing a quantitative counterpart to the “jagged frontier” metaphor.. Conceptually, we mirror
Hsieh and Klenow (2009) in treating micro-allocation wedges as a source of aggregate TFP losses,
but extend their one-dimensional framework to a two-task environment and to a technology shock
that changes the distribution of (r;,n;). The resulting envelope offers a transparent, non-parametric

benchmark against which alternative structural models of Al adoption can be evaluated.

A.5.3 Distance to the Frontier

To quantify how far the observed allocation lies below the production-possibility frontier, we use an
output-oriented efficiency measure. Let (Ract, NVacy) be the actual aggregate outputs and let (r;,n;)
denote the normalised routine and non-routine productivities of worker ¢ in the post-Al technology.

Holding routine output fixed at its realised level, we maximise potential non-routine output by solving

max 1—x;)n;
(=i €011} ;( R
s.t. Z i > Ract,
i
where z; is the share of worker ¢’s effort allocated to routine tasks. Problem (7) is a linear programme of
dimension N that we solve with the PuLP optimiser; its optimum attains the frontier value Nyax(Ract)-

The vertical gap
AN = Nrnax(Ract) - Nact

measures the additional non-routine output that could be produced through optimal re-assignment

without sacrificing routine production. We report the percentage efficiency shortfall

Nmax (Ract) - Nact

Eff. 1 =
0SS Nt

x 100,

A value of 7.33% indicates that non-routine production could rise by that amount if workers were
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reallocated along the frontier while keeping routine output unchanged. Next, we use the labor shares

for the US economy to find that the potential percentage improvement in weighted output: 10.34%

B Additional experimental materials

B.1 Sample

In Figure B.5, we display the distribution of study participants across the organizational hierarchy at

NBS.

B.2 General workplace tasks
B.2.1 Routine-cognitive tasks

Task one Please proofread the following paragraph. Fix any grammatical or spelling issues. Submit

the new paragraph in the text box below.

The global economy is a complex and interconnected system that encompasses the economic activities
of countries worldwide. international trade plays a crucial role in the world economy, allowing nations
to exchange goods, services, and capitol. Economic growth is influenced by various factors, including
technological advancements, population growth, and government polcies. developed countries, such as
the United States, Japan, and nations in Western Furope, have historically been magjor contributors to
the world economy. However, emerging markets like china, India, and Brazil have increasingly gained
economic prominence in recent decades. Economic crisises, such as the 2008 global financial crisis, have
highlighted the importance of international cooperation and regulation in maintaining Global economic

stability.

Task two Please fill in the table below Slovakia’s seasonally adjusted unemployment rate by year.
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Figure B.5: Distribution of participants across NBS’ hierarchy
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Notes: This figure displays the distribution

of study participants across the organizational hierarchy at NBS.



Year | Unemployment rate
2000
2005
2010
2015
2020

Table B.3: Unemployment Rates Over Time

B.2.2 Nonroutine-cognitive tasks

Task one You wake up one morning and discover you can talk to animals. What happens next?
Write a narrative demonstrating your ability to think creatively and generate novel ideas. Please paste

your submission in the following space.

Task two Paperclips are usually used to hold paper today. List as many creative and innovative
uses for a paperclip at the bank that you can think of. These should be alternative uses, beyond its

intended purpose of holding papers together. Please paste your submission in the following table.

B.2.3 Routine-manual tasks

Task one You are a clerk at the bank responsible for entering user information into an electronic

records system. In the next 5 minutes, accurately input the following details for 10 new users.

Access Code

User | ID

1 'DP AWTLES -
TIPS e
P X4IPISMNL  m !
4 |\ FPSM38 12358
s |bsh327? =
6 wonb sy823
E lj)i,fﬁ;‘_j’gj? ‘.;;'!nya'
° 4CDsTbIZ 154
o [$Buisle? | 135977
o [kAGLEWr ppoz

52



Task two In the image below, you will find a picture of various shapes. Please fill in the total
number of shapes, plus the total number of rectangles, circles/ovals, and triangles. Please paste your

submission in the following table.

B.2.4 Nonroutine-manual tasks

Task one The printer at the bank is jammed, and you need to fix it. Please walk through the steps

you would take to troubleshoot the issue and repair it.

Task two You need to give an improvised presentation, but don’t have any visual aids prepared.
How would you use typical office supplies (paper, markers, sticky notes, etc.) to create a simple
but effective visual aid or model to support your presentation? Please paste your submission in the

following space.

B.2.5 Analytical tasks

Task one The attached table contains daily sales data for FirmCo. Please analyze the data. On
average, which day of the week does FirmCo have the largest sales? Enter your submission in the table

below.

53



Monday | Tuesday | Wednesday | Thursday | Friday
Week 1 85 75 92 83 90
Week 2 87 92 86 93 83
Week 3 83 92 82 95 87
Week 4 90 85 89 98 94

Task two A bank is considering requiring all employees to work from the office at least three days

a week. The bank’s management team has provided the following statements and information:

policy.

What percentage of employees will be required to follow the new policy and work from the office at

least three days a week? If the company has a total of 500 employees, how many employees will be

exempt from the new policy?

B.2.6 Leadership tasks

Task one As a project manager, you have the following tasks and initiatives that need to be

prioritized:

Launching a new product feature

Updating the company’s website

Conducting team training on a new software tool

e Preparing quarterly reports for stakeholders
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40% of the company’s employees live within 30 km of the office.

Employees who live more than 30 kilometers away from the office will be exempt from the new

Employees with children under the age of 5 will also be exempt from the new policy.

25% of the company’s employees have at least one child under the age of 5.

There are no employees who both live more than 30 km away and have a child under 5.




e Hiring and onboarding new team members

Rank these items in order of priority and provide a justification for your ranking.

Task two You are the team lead for a group of IT employees at the bank. One of your team members,
who was previously a strong performer, has been consistently submitting work with errors and missing
deadlines over the past month. Prepare a script for how you would approach a one-on-one feedback

conversation with this team member to address their performance issues

B.2.7 Communication tasks

Task one You've recently completed a project with your colleague, Alex. Alex played a crucial role
in the project’s success, going above and beyond to ensure everything was completed on time and to a
high standard. Your manager has praised the project’s outcome and has asked you to inform the rest

of the team about the project’s success.

Draft an email to Alex with the following objectives:

Express your gratitude for their hard work and dedication to the project.

Highlight that Alex’s contributions were instrumental to the project’s success.

Inform Alex about the positive feedback received from your manager.

Suggest celebrating the project’s success together, either in-person or virtually.

Please paste your submission in the following table.

Task two You have been outperforming at work and would like to ask your manager for a raise.

Draft an email to your manager with the following objectives:

e (learly explain the work that you have been doing and how you have been outperforming
e Ask for a pay raise of 5%

e Explain why you deserve the raise
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e Request a follow-up meeting with your manager to further discuss

Please enter your submission in the following space.

B.3 Specialized workplace tasks

B.3.1 Economist tasks

Task one Welcome to the Econoland Monetary Policy Report exercise. As part of this case study,
you will be tasked with creating a Monetary Policy Report for the fictitious country, Econoland. This
report is crucial for the Monetary Policy Council (MPC) in setting and guiding monetary policies of
the country.

Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic stability of the country. Quarterly
data for GDP and Inflation for the last 15 years are in the excel you received with this document,
including GDP, Consumption, Investment, Unemployment, Inflation and Central bank interest rates.

1. Part 1

(a)

Use the provided data to generate basic descriptive statistics for each variable (mean,
median, standard deviation). If any variable needs to be adjusted do so. What other
statistics could be beneficial for the MPC meeting? Create simple graphs (line charts)
showing the trends of GDP, unemployment, and inflation over the 15 years.

To work out the report you must schedule a series of meetings with the Team. Using
a calendar application schedule necessary meetings with innovatewithai@nbs.sk for the
following two weeks. Steps: i) Identify potential meeting dates and times, i) send out
meeting invitations using the calendar application. i) Ensure there are no scheduling
conflicts

During the compilation of the final report, there is a miscommunication within the team
regarding the latest inflation data, leading to inconsistencies in the initial summary statistics
and charts. Email 1:

From: Economic Analyst

Subject: Discrepancy in Inflation Data

Body: "Hi Team, I've noticed that the inflation data for the past 5 years in our summary
report doesn’t match the raw data provided. Can someone double-check the entries? I believe
there might be a mistake. Thanks, [Analyst 1]"

Email 2:

From: Team Leader

Subject: Urgent: Inflation Data Correction Needed

Body: "Hello Team, Weve identified a potential error in the inflation data entries for the
past 5 years. This needs immediate correction as it impacts our summary statistics and
charts. Please review and correct the data at your earliest convenience. Once corrected,
ensure that all charts and statistics are updated accordingly. Best, [Team Leader|

As part of the team, you need to formulate a response to address the discrepancy and outline
steps for correction.
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Steps: Read the Emails and formulate response email to the team acknowledging the error.
Outline the steps to correct the data calculated in (a).

2. Part 2
e On the data set from 2010 till 2024 find the cyclical and trend component of GDP using
HP filter (two sided or one sided, comment on your decision).
e Fit the ARIMA model to the HP trend.
e Use the fitted model to forecast the trend component beyond the sample period.
e Develop a strategic plan for monetary policy adjustments over the next year based on
projected economic trends.
3. Part 3
e Perform a regression analysis to explore the relationship between inflation and unemployment
rates (Phillips curve) using the provided data.

e Write up a paragraph about what your estimates imply for the current monetary policy.
4. Part 4

e Write up summary report based on your Monetary Policy Report which should targeted to
the general public.

Task two Background: You work as a researchers in the Monetary Policy Department of Econobank,
your insights and analyses play a crucial role in shaping our country’s economic policies. At Econobank,
we are committed to staying at the forefront of economic research and policy development. To maintain
this commitment, we continuously explore new innovative ideas and technologies that can support our
applied work. Your expertise and dedication are vital to the success of Econobank.

Objective: This case study consists of two main tasks structured to simulate real-world scenarios
where you will:
1. Summarize a provided research article and answer specific questions related to the paper.

2. Write a short literature review on a given topic related to monetary policy.

1. Article Summary and Specific Questions

e Task

(a) Read the article you received together with this task sheet: Why Do We Dislike
Inflation by Stefanie Stantcheva. Your task is to summarize the key points, findings,
and implications of the article concisely and accurately.

e Task

(a) How does the paper defines "shrinkflation" ?

(b) How do individuals adapt their purchasing behaviors in response to escalating prices?
Specifically, do they preemptively increase their purchases of durable goods to avoid
future even higher prices, or do they reduce their expenditure on such items due to
diminished disposable income after covering essential nondurables?
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(¢) Onme result of Calvo style sticky price model is that in times of increased inflation
firms’ costs are growing faster than firms’ revenue. Does this finding align with the
perspectives of the respondents?

(d) Does the Phillips curve - suggesting an inverse relationship between unemployment and
inflation - reflect the beliefs of the respondents?

2. Literature Review

e Conduct a search for relevant academic papers, reports, and articles on the people believes
about what drives cost of inflation.

e Write short literature review summarizing the key findings, debates, and gaps in the existing
literature.

B.3.2 Finance tasks

Task one Welcome to the Econoland Finance exercise. As part of this exercise, you will be working
for the fictitious central bank in the country Econoland.

Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic and financial stability of the country.

e Task: Verify the banking transactions you received together with this task document.

1. Verify the banking transactions you received together with this task document.
2. Check for any discrepancies between the document details and the entries.
3. Report any discrepancies you find
e Task: Suppose that you are considering investing in two stocks. After analyzing the two stocks
you think that the are two possible states for the economy over the next year: Good and Bad.

Each state is equally likely (probability of 0.5). The returns of the two securities in each state
are as follows.

State | return to stock 1 return to stock 2
Good 30% 5%
Bad 10% 10%

1. What is the expected return and standard deviation of each stock return?
2. What is the covariance and the correlation between the two stock returns?

3. Draw a picture to illustrate the tradeoff between risk and return that is available by investing
in these two stocks

4. Suppose that a risk-free investment of 5% is also available. Does this present a profit
opportunity to you? Why or why not?

o Task

1. Read through the attached case study
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2. Develop a robust response strategy for potential financial crises, drawing lessons from Bear
Stearns’ collapse.

3. Instructions:

Case Study Review: Analyze the case study to understand the key factors leading to
Bear Stearns’ failure, focusing on leverage, liquidity, and trust.

Simulation Development: Create a simulation scenario where similar crisis factors begin
to affect the market. Use historical data and hypothetical stressors (e.g., sudden liquidity
dry-up, rapid decline in asset values).

Strategy Formulation: Formulate a crisis response strategy that includes immediate
actions, communication plans, and longer-term measures to restore stability and confidence.
Presentation: Present the crisis simulation and response strategy to the trading department,
highlighting potential warning signs and action steps.

Deliverables: A detailed description of the crisis simulation scenario. A crisis response
strategy document. A report outlining the scenario, potential impacts, and response strategy.
Evaluation Criteria:

— Relevance and realism of the crisis simulation.
— Effectiveness and comprehensiveness of the crisis response strategy.
— Clarity and persuasiveness of the presentation.

Task two Background: Econoland is a small country with a diverse economy. Over the past 15
years, it has experienced various economic cycles, including a significant recession. The central bank
of Econoland, Econobank, has played a critical role in managing the economic and financial stability
of the country.

e Task
Table B.4: SEPA Transaction Documents

Document ID Transaction Date Counterparty Name Transaction Amount Reference Number

001 2023-06-15 Alpha Corp €5,000 RF783456
002 2023-06-17 Beta Ltd €20,000 RF783457
003 2023-05-30 Gamma Inc €9,500 RF783458
004 2023-06-20 Alpha Corp €15,000 RF783459
005 2023-05-25 Delta PLC €8,000 RF783460
006 2023-06-18 Beta Ltd €3,000 RF783461
007 2023-05-28 Gamma Inc €12,000 RE783462
008 2023-06-15 Alpha Corp €7,000 RE783463
009 2023-05-22 Delta PLC €6,500 RE783464

1. Create a spreadsheet entering the data from the table.

2. Include filters in the spreadsheet to sort by date and counterparty. Check for any discrepancies
between the document details and the entries.

3. paste the table into the text editor of your choice to be included in the final pdf you submit
o Task

1. You are at lunch one day with your friend and the conversation turns to investment in
stocks and bonds. Your friend has little experience with investment in stocks. You start
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by explaining the benefits of diversification. Your friend then says, "This is great!" That
means if I invest in 1,000 stocks I will be able to avoid risk altogether. Why have I been
keeping my money in the bank all this time?" Under what situation would your friend be
correct? Do you think that this situation is realistic? What further "instruction" would
you give your friend?

o Task

1. Read through the case study and provide short summary

2. What ideas from the case study could be implemented at NBS to manage its portfolio of
assets. How does the case relates to the portfolio management at the Central Bank?

B.3.3 1IT tasks

Task one Welcome to the IT exercise. Imagine you are working at fictitious central bank in the
country Econoland. As part of this case study, you will be tasked with several tasks you might
encounter as an IT expert.

Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic and financial stability of the country.

e Task: You can use any programming language you want. In the PDF you submit please present
the code and name of the programming language it can be verified that the code is running
correctly. You should also show in the PDF (as a table) the first 10 rows and 10 columns of the
resulting matrix

1. create a 5000 times 5000 matrix with random numbers from the standard normal distribution,
time your code using relevant timing instruction at the stat and end of our code. Next,
write a loop filling the 5000 by 5000 matrix

— the first option has an outer loop over rows and an inner loop over columns
— the second has an outer loop over columns, and an inner over rows
— which one is faster? Why?

o Task

1. Please comment on the steps and actions you would prefer in the below scenario. Please
provide as much detail as possible.

A system for recording company expenses was developed internally in your organization
many years ago. The system is hosted on premise. It has considerable technology debt
associated with security gaps. The company is not investing in the resolution of the debt,
since the replacement is on the go. However due to major delay on the new technology
implementation the legacy system needs to be prolonged. The legacy system cannot be
upgraded due availability of resources. What would you need to consider on tech debt,
security gaps, risks and stakeholders‘s agreements. What would be your course of action as
system owner to prolong the lifecycle of the application.

o Task
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1. The system from previous example is heavily integrated with other applications on your
company‘s landscape. The system needs to be decommissioned. What would such decommissioning
plans document contain. Please be specific on all the action items you would need to take
for the decommissioning.

Task two Welcome to the IT exercise. Imagine you are working at fictitious central bank in the
country Econoland. As part of this case study, you will be tasked with several tasks you might
encounter as an IT expert.

Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic and financial stability of the country.

e Task: You can use any programming language you want. In the PDF you submit please present
the code and name of the programming language it can be verified that the code is running
correctly. You should also show in the PDF (as a table) the first 10 rows and 10 columns of the
resulting matrix

1. Write a loop to create a matrix A where A = 1/(row + column — 1)

e Task: The internal customer has reached out to the IT department with a request to replace a
finance system. You are in the middle of a major upgrade for that system. The finance colleagues
have already mapped systems on the market which would replace this system.

1. Please write a detailed plan on the selection of such system. What would be the technology
criteria and questions to assess such selection. Who would be the people involved into the
process and what aspects of technology they should assess.

2. Once the system is selected, assume a cost is provided by the vendor. How would you assess
the total cost.

e Task: Continue with the example above.

1. You have completed the assessment of several proposed solutions on the market. Some came
with different strength and gaps. Assume the integration capabilities of that system is not
up to the standards of your organisation however you believe that the system is scoring best
among others and that the risk associated with lacking integration capabilities could be
mitigated by using older standards. At the same time, given that the upgrade on the legacy
system is in progress and the new system needs to be implemented asap due to compliance
functional needs, assess the clash of new implementation and the upgrade. Please produce
a business case and include all relevant aspects of decision making process. Include the
findings of the selections criteria. Your output should be a formal business case document
requesting endorsement form the leadership , covering the proposed solutions, costs, risks,
assessment alternatives , clash with the upgrade and potential change in upgrade approach
, resourcing needs and more.

B.3.4 Payments tasks

Task one Welcome to the Econoland Payment System Report exercise. As part of this case study,
you will be tasked with creating a Payment System Report for the fictitious central bank in the country
Econoland.
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Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic and financial stability of the country.

o Task

Document
001
002
003
004
005
006
007
008
009

3.
o Task
1.

Table B.5: SEPA Transaction Documents

ID Transaction Date Counterparty Name Transaction Amount Reference Number
2023-06-15 Alpha Corp €5,000 RF783456
2023-06-17 Beta Ltd €20,000 RE783457
2023-05-30 Gamma Inc €9,500 RF783458
2023-06-20 Alpha Corp €15,000 RF783459
2023-05-25 Delta PLC €8,000 RF783460
2023-06-18 Beta Ltd €3,000 RF783461
2023-05-28 Gamma Inc 12,000 RF783462
2023-06-15 Alpha Corp €7,000 RF783463
2023-05-22 Delta PLC €6,500 RF783464

. Create a spreadsheet entering the data from the table.

Include filters in the spreadsheet to sort by date and counterparty. Check for any discrepancies
between the document details and the entries.

paste the table into the text editor of your choice to be included in the final pdf you submit

In this task you should write a comprehensive report detailing each step of a SEPA transaction,
including diagrams or flowcharts that illustrate the transaction process. More specifically,

— Understanding and Describing SEPA Transactions. This task is designed for
employees within the Payments System Department at a central bank, focusing on
understanding and detailing the Single Euro Payments Area (SEPA) transaction processes.
SEPA aims to simplify and streamline bank transfers denominated in euro, ensuring that
cross-border payments are as straightforward as domestic payments. The objective of
this task is to deepen the employees’ understanding of the SEPA transaction framework
and the bank’s role in ensuring immediate settlement of payments by examining the
SEPA rule book. In the first step you should describe the technical and regulatory
processes involved in SEPA transactions, highlighting the bank’s responsibilities. Reveiw
SEPA rule book relevant to SEPA Credit Transfers and SEPA Instant Credit Transfers.
Focus should be on the rules and guidelines that govern transaction processing and
settlement mechanisms.

— In the Step 2 describe SEPA Transaction Processes. This should include: how a SEPA
transaction is initiated by the payer, including the information required to process the
payment. Processing: The steps taken by the bank to verify and forward the transaction
details to the payee’s bank. Settlement: How the funds are settled between banks to
ensure that the payee receives the payment within the specified time frame.

— Step 3 relates to behind the Scenes of SEPA Transactions: Explain the technical backend
processes that support SEPA transactions, such as: the role of interbank systems
in facilitating transactions. How banks ensure compliance with SEPA requirements,
including data security and anti-fraud measures. The impact of real-time processing in
SEPA Instant Credit Transfers and the technologies that support it.
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— In step 4 explain Bank’s Role in Immediate Settlement, detail the specific actions
and systems a bank must have in place to ensure the immediate settlement of SEPA
payments, such as: Liquidity management to guarantee funds availability for immediate
transfer. Participation in the pan-European automated clearing house (ACH) systems
and Ensuring 24/7 availability of systems to process instant payments.

o Task

1. Develop a strategic plan detailing the phased adoption of the digital euro within national
banks and propose integration strategies with existing financial infrastructures.

2. Engage in a simulation exercise to address a hypothetical cybersecurity breach affecting the
digital euro transactions. Describe the potential breach and possible measures which should
be taken.

Task two Welcome to the Econoland Payment System Report exercise. As part of this case study,
you will be tasked with creating a Payment System Report for the fictitious central bank in the country
Econoland.

Background: Econoland is a small country with a diverse economy. Over the past 15 years, it has
experienced various economic cycles, including a significant recession. The central bank of Econoland,
Econobank, has played a critical role in managing the economic and financial stability of the country.

e Task: Verify the banking transactions you received together with this task document.

1. Verify the banking transactions you received together with this task document.
2. Check for any discrepancies between the document details and the entries.

3. report discrepancies if any

o Task

1. describe the difference between standard payment settlement and immediate settlement in
terms of processes and impact on banking system

o Task

1. Imagine that an unidentified threat actor has gained unauthorized access to the TARGET2
system, potentially compromising transaction integrity and confidentiality. The breach
was detected by anomaly detection systems that noticed unusual transaction patterns
and unauthorized access attempts to the system database. Create Incident Report: A
comprehensive report detailing the breach, investigation findings, impact assessment, and
recommended corrective actions. Include the questions below.

Task

(a) Outline the immediate steps to be taken following the detection of the breach. This
includes isolating affected systems, notifying relevant stakeholders, and initiating a
preliminary investigation.

(b) Conduct a detailed investigation to determine the source and extent of the breach. You
need to work with cybersecurity teams to analyze logs, transaction records, and system
access patterns.
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(¢) Communication: Develop a communication strategy for internal stakeholders, regulatory
bodies, and the public to explain what happened, what is being done, and how such
incidents will be mitigated in the future.

(d) Recovery and Strengthening: Propose measures to recover any compromised data
and secure the system against future attacks. This might involve updating security
protocols, enhancing monitoring systems, and conducting regular security audits.

(e) Policy Update: Review and update the existing cybersecurity policies based on the
lessons learned from the incident. Include recommendations for preventing similar
breaches, focusing on both technological upgrades and training for relevant personnel.
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