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@ As generative Al diffuses rapidly across the economy, expectations of a productivity
revolution are rising. Yet aggregate productivity indicators have so far shown little evidence
of a corresponding improvement. Using nationally representative household survey data, this
paper examines whether Al adoption generates potential productivity gains through reductions
in work time and whether these gains are ultimately translated into realized productivity.

@ The analysis shows that Al adoption reduces average work time by 3.8 percent, equivalent
to approximately 1.5 hours per week. The effect is particularly pronounced among lower-
skilled workers and intensive Al users. Assuming that all time savings are reallocated to
productive activities, the implied potential productivity gain is estimated at approximately 1.0
percent.

(® However, these time savings do not translate into realized productivity: the relationship
between time savings and actual output growth is essentially zero. While Al has improved
efficiency at the level of individual tasks, these gains have not yet extended to workflow
redesign, organizational transformation, or labor reallocation, giving rise to a productivity
disconnect. An important exception is found among the self-employed, professionals, and
intensive Al users—groups characterized by greater job autonomy and stronger performance
incentives—suggesting that organizational structure and incentive systems play a critical role
in determining whether Al-generated efficiency gains are converted into higher productivity.

@ Overall, Al appears to have entered an efficiency stage but has not yet progressed to a
productivity stage. This pattern is consistent with the transitional dynamics commonly
associated with general-purpose technologies, including the Solow Paradox and J-curve effects.
Whether Al ultimately delivers sustained productivity growth will depend on firms' ability to
redesign work processes and organizational structures, reallocate tasks across workers and Al,
and strengthen performance-based incentive systems. At the same time, policymakers should
closely monitor how Al reshapes skill formation and career pathways, particularly for younger
workers.

= Disclaimer: The views expressed herein are those of the authors, and do not necessarily
reflect the official views of the Bank of Korea. When reporting or citing this paper, @ BANK OF KOREA
the authors' names should always be explicitly stated.



I. Introduction

Since the introduction of large language model-based generative Al services (ChatGPT, Gemini,
Claude, etc.) in the second half of 2022, AT has rapidly spread through workplaces and is driving
fundamental changes in production methods. In particular, usage has surged for cognitive tasks
such as document writing, data analysis, and programming, with Al capabilities advancing at an
accelerating pace. According to the household survey conducted last year, more than half of
domestic workers (51.8% as of 2025) use generative Al for work purposes — a rate of diffusion
approximately eight times faster than the spread of the internet in its day [Figure 1].

This rapid diffusion has fueled optimistic expectations that Al will drive a productivity revolution.
Indeed, recent studies' show that generative Al improves productivity across a range of individual
tasks, with particularly large effects observed among lower-skilled workers. As a general-purpose
technology, Al has the potential to induce broad-based productivity improvements across industries
and could raise the economy’s potential growth rate over the medium to long term.

At the same time, a more cautious view has emerged regarding AI’s productivity effects. Given the
nature of general-purpose technologies, the initial phase of adoption typically requires
complementary innovations — organizational restructuring, task redesign, and labor reallocation
— before productivity gains materialize, and these effects may be delayed during the transition.
Indeed, no clear improvement has yet been observed in macroeconomic productivity indicators in
major advanced economies. [Figure 2] shows the trend in Korea’s hourly productivity since 2010,
and no meaningful change in the productivity growth trend has appeared over the past three years.
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T Brynjolfsson et al. (2025) report that generative Al adoption increases the productivity of call center workers by an

average of 14—15%. Peng et al. (2023) show that Al coding assistance tools substantially improve task completion
speed, and Noy & Zhang (2023) confirm that generative Al simultaneously improves both the speed and quality of
writing tasks.



This ‘gap between technology diffusion and productivity’ raises an important question for
understanding AI’s economic effects. Building on this motivation, the present study uses household
survey data to empirically analyze the impact of generative Al adoption on workers’ work time and
output. In particular, by separately estimating (i) whether AI adoption generates potential
productivity gains through time savings, and (ii) whether these gains translate into actual output
growth, the study identifies the gap between ‘potential productivity’ and ‘realized productivity’
from Al use.

The results indicate that Al adoption leads to a significant reduction in work time (3.8%, or 1.5
hours per week), and the resulting potential productivity gain is estimated at 1.0%. However, these
time savings do not translate into actual output growth. The correlation coefficient between
individual-level reductions in work time and increases in output is estimated at zero, suggesting
that time freed up by Al use is not being reallocated to more productive activities. As an exception,
among the self-employed, professionals, and intensive Al users — groups where performance is
directly tied to compensation and who enjoy high job autonomy — time savings do translate into
actual output increases.

These results mean that while Al is improving efficiency at the individual task level, a ‘productivity
disconnect’ is emerging because those improvements have not diffused to changes in workflows or
organizational structures. Production bottlenecks and distorted incentive structures are also
identified as contributing factors. Nevertheless, the productivity disconnect currently observed can
be viewed as a typical lag phenomenon (J-curve, Solow Paradox) in the early phase of general-
purpose technology adoption. Going forward, policy must focus not on Al adoption itself, but on
converting AI’s potential into actual productivity gains.

The remainder of this paper is organized as follows. Section II estimates the productivity effects of
Al adoption, including reductions in work time and increases in output. Section III examines the
causes of the productivity disconnect observed in the early stages of Al diffusion. Section IV
summarizes the main findings and derives policy implications.

I1. Does AI Improve Productivity?
1. Data

This analysis uses a household survey conducted by the Research Department of the Bank of Korea
during May—June 2025, to provide basic data needed for Al policy discussions. The survey covered
5,512 employed persons aged 15-64 nationwide. The sample design used the raw data from the
Statistics Korea Regional Employment Survey, with occupation (medium classification), age group,
and gender as stratification variables, and achieved sample representativeness through a multi-stage
quota sampling approach. Post-stratification weighting was applied to improve alignment with the
population, with weights adjusted to reflect the actual population composition by major occupation,
age group, and gender’.

2 For details on the sample design, see “Rapid Adoption of Artificial Intelligence and Its Productivity Effects: The Case
of Korea (BOK Issue Note No. 2025-22).”



2. Al Reduces Work Time

The most direct indicator of productivity improvement is performing the same tasks in less time.
Quantitative estimation of work time changes following generative Al adoption reveals that the
average work time of workers using generative Al decreased by 3.8% — equivalent to
approximately 1.5 hours of savings per week based on a 40-hour workweek.

If these time savings were fully converted into output growth, the estimated potential productivity
gain would be approximately 1.0%?>. This is a meaningful magnitude compared with existing
estimates related to AI’s productivity effects (Bick et al., 2026; Acemoglu, 2025), and demonstrates
that even current Al technologies are capable of generating substantial productivity improvements.

However, these effects are heterogeneous across workers. [Figure 3] shows the distribution of time
savings rates following Al adoption. While the center of the distribution is near 0%, indicating that
many workers experienced little change in work time, the long right tail confirms that some workers
achieved very large time savings.

Figure 3. Time Savings Across Workers
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The time savings effect also varies by occupation and task type, as shown in [Figures 4] and [Figure 5].
By occupation, professionals and office workers experienced the largest time savings, while service
workers, skilled workers, and elementary occupations saw relatively limited effects. By task type, time
savings were prominent in cognitive and non-routine tasks such as developing educational materials,
statistical analysis, model design, and software development. By contrast, tasks requiring high-context
judgment or physical coordination — such as work coordination and equipment operation — showed
limited effects.

3 Estimated using a production function approach. This is based on the strong assumption that all saved time is
reinvested into production activities and should be interpreted as an upper bound on the actual productivity gain. For
example, GDP grew 3.9% from Q4 2022 (ChatGPT launch) to Q2 2025, of which the estimated potential contribution
from generative Al use would be 1.0 percentage points. For further details on the estimates, see “Rapid Adoption of
Artificial Intelligence and Its Productivity Effects: The Case of Korea (BOK Issue Note No. 2025-22).”



Figure 4. Time Saving by Occupation?
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In terms of individual worker characteristics, Al usage hours and job tenure emerged as key explanatory
variables. According to the regression results in [Figure 6], workers in the top 50% of Al usage hours
and the bottom 50% of job tenure showed relatively pronounced time savings from Al adoption. This
suggests that higher Al proficiency increases marginal efficiency from technology adoption, while Al
also plays an equalizing role by compensating for the experience deficit of lower-skilled workers,

narrowing productivity gaps across skill levels®.
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Note: 1) Red lines indicate 90% confidence intervals; *, **, *** denote statistical significance at the 10%, 5%, and 1%

levels, respectively

2) The reference characteristics are female, wage worker, age 50—64, high school graduate, office worker, and
manufacturing industry. Coefficients represent the average difference in work time savings rate for each

characteristic relative to the reference

3) Residential area, income, assets, and working hours are controlled for

4 This is consistent with existing research showing that generative Al narrows productivity gaps across workers by

experience level (Brynjolfsson et al., 2025; Dell’Acqua et al., 2026; Cui et al., 2024; Hoffmann et al., 2024).



3. Time Savings Do Not Translate into Productivity Gains

Do these time savings actually translate into productivity growth? To examine this, the survey also
collected data on changes in workers’ output. Specifically, responses on task-level changes in output
due to Al use were collected and averaged at the worker level to serve as a proxy for productivity
changes®.

[Figure 7] shows the relationship between the work time savings rate (X-axis) and the output increase
rate (Y-axis) at the worker level, and the correlation coefficient® between the two variables is just 0.
This result is also consistently confirmed in regressions controlling for individual characteristics and
fixed effects. This indicates the existence of an ‘Al productivity disconnect’ — a phenomenon where
time savings from Al use do not translate into increased output. The interpretation is that saved time
is not being reallocated to higher value-added tasks, or that insufficient changes in work processes
and organizational structures are accompanying Al use.

Figure 7. Time—Output Disconnect"?
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To identify the specific context of this ‘productivity disconnect,” a regression analysis’ was
conducted including interaction terms between the work time savings rate and worker characteristic
variables. Additionally, to ensure sample representativeness and minimize estimation bias, a weighted
least squares approach using post-stratification population weights was employed.

[Figure 8] summarizes the regression results for key variables. First, for the self-employed, a 1.0
percentage point reduction in work time from Al adoption corresponds to an additional 1.0 percentage
point increase in output compared to wage workers. This is interpreted as an incentive structure in

5 Note, however, that throughput is a self-reported measure, so measurement error and perception bias may exist and
results should be interpreted with caution.

6 No clear positive correlation was found when comparing Al adoption rates by industry with labor productivity growth
rates. For details, see “Box 1: Al Use and Labor Productivity by Industry.”

7 The regression model and results table can be found in “Box 2: Regression Results for Output Growth Rate.”



which performance directly links to income, motivating workers to reinvest time savings from Al use
into productive activities.

Second, by age group, the youth cohort (ages 15-39) shows an additional approximately 0.6
percentage point increase in output compared to the 50-64 age group. This indicates that young
workers with higher adaptability to digital technology are more effectively channeling Al use into
productive activities.

Third, by occupation, professionals show an additional 0.7 percentage point increase in output
compared to office workers. Professionals have high job autonomy and output visibility, which
creates a greater likelihood that time saved through Al is converted into additional task performance
or task upgrading.

Fourth, the top 50% of Al usage hours show an additional 0.5 percentage point increase in output
compared to the bottom 50%. This suggests that higher Al use intensity helps workers overcome
initial friction costs such as learning costs and output verification burdens, leading to tangible
productivity improvements.

On the other hand, the additional effects of gender, educational attainment, and job tenure were not
statistically significant. This indicates that productivity effects from Al use are more strongly
determined by employment status, job characteristics, technology use intensity, and incentive
structures than by demographic characteristics.

Figure 8. Regression Results for Output Change!)??
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Note: 1) Red lines indicate 90% confidence intervals; *, **, *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.

2) The reference characteristics are female, wage worker, age 50—64, high school graduate, office worker, and
manufacturing industry. Coefficients represent the marginal effect of each characteristic on the dependent variable
relative to the reference.

3) Residential area, income, assets, and working hours are controlled for.



II1. Why Productivity Gains Take Time?

The previous section confirmed the existence of a ‘productivity disconnect’ in which time savings from
generative Al use do not translate into actual increases in output. This gap does not mean that Al fails
to create economic value; rather, it suggests that converting that value into increased output from the
production process requires several complementary conditions. Pereira et al. (2026), who analyzed
actual corporate Al adoption cases, also emphasize that even with the same technology and similar use
cases, outcome differences are determined by organizational readiness, processes, and leadership.

This section examines Al’s productivity effects through the stages of task—workflow—output, and
analyzes the causes of the productivity disconnect by focusing on the binding constraints at each
stage. Particular attention is paid to complementary investments, workflow integration, the gap
between usage quantity and quality, and measurement challenges raised by recent research.

1. Al Diffusion Remains at the Task Level

Currently, Al use tends to be applied selectively to specific tasks rather than to entire workflows. Even
within the same job, some tasks are automated or made more efficient through Al, while others continue
to be performed using conventional methods. This reflects the fact that while Al diffuses quickly as an
assistive tool for individual tasks, significant limitations remain in terms of cost, quality, and verification
uncertainty when it comes to performing complete end-to-end workflows connecting multiple tasks.

This partial diffusion is consistent with the heterogeneity in per-worker time savings confirmed in
the previous section. That is, time savings from Al use are concentrated in specific occupations and
tasks, and have not yet reached the level of transforming overall work structures. As shown in [Figure 9],
tasks with time savings exceeding 20% still account for only 4.4% of the total.

The reason Al diffusion remains at the task level is that both technical and organizational constraints
exist simultaneously. Technically, while Al performs highly on specific tasks, problems of rising costs
and quality instability remain at the workflow level involving continuous execution of multiple tasks
(Bai et al., 2026). Organizationally, Al use requires complementary investments such as data
standardization, work process refinement, and production process management, making diffusion
difficult through technology adoption alone (McElheran et al., 2026). Ultimately, Al is currently
being used primarily to improve efficiency at the individual task level rather than across entire
workflows, which is likely why productivity effects also remain at the task level.

Figure 9. Time Savings Across Tasks
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2. Rigidity of Workflows

More fundamentally, Al adoption has not been accompanied by changes in work processes and
organizational structures. Productivity is determined not only by the efficiency of individual tasks
but also by how tasks are interconnected — i.e., by the workflow (Demirer et al., 2026). However,
current Al use often takes the form of supplementing only some tasks while maintaining existing
work processes. In such cases, the sequential order and dependencies between tasks remain
unchanged, making it difficult for improvements in the efficiency of individual tasks to diffuse into
overall productivity gains. Pereira et al. (2026), analyzing 51 actual corporate Al adoption cases,
report that the most difficult challenges for Al adoption arise from invisible costs such as managing
organizational culture and behavioral changes of employees within the firm, data quality, and
workflow adjustments, and that many successful cases reached value creation only after previous
failures and iterative adjustments.

The empirical finding from the previous section — that only groups with high job autonomy, such as
the self-employed and professionals, show time savings converting into output growth — supports
this interpretation. This means that Al adoption translates into actual output growth only in
environments where workers can independently restructure their own work. Conversely, in
organizations where roles, approval authority, and collaboration methods are fixed, time saved by
individuals may not be absorbed into the redesign of overall workflows, and improvements may
remain localized.

3. Bottlenecks in the Production Process

Productivity may also be determined not by the average efficiency of individual tasks, but by the
most constraining stage in the production process — i.e., the bottleneck (Agrawal et al., 2026). Thus,
even if efficiency improves in some tasks, if a bottleneck exists at another stage, overall output may
not increase significantly. For example, even if some tasks such as document writing or data analysis
are accelerated through Al if other stages such as decision-making processes, collaboration, or
approval procedures remain unchanged, the saved time may manifest not as increased total output
but as increased waiting time or idle time.

4. Incentive Misalignment

The compensation structure of individual workers is also judged to have played an important role in
the gap between work time and productivity. For example, if rewards for additional performance are
weak, workers who reduce work time through generative Al use have little incentive to invest the
remaining time in productive activities. In such cases, workers may take additional leisure time at
work, or stop working at a level of ‘good enough.” Chen et al. (2025) found in an experiment with
professional illustrators that generative Al raised quality for a given amount of time but quickly
lowered the marginal return to additional effort, causing most participants to reduce work time and
some to let final quality decline as well®. This implies that AI’s productivity effects are determined

8 Gong et al. (2026) also show that while Al usage targets can promote adoption, mechanically setting high usage
targets leads to behaviors such as workers making queries unrelated to their work.



not by simple Al use but by how compensation, evaluation, and Al use methods are optimized. The
observation that productivity effects are higher among professionals and the self-employed suggests
that, in the short term, AI’s productivity effects may be determined by reward structures as well as
technology levels.

Taking these arguments together, after technology adoption, potential effects such as time savings
may accumulate for some period, but may not translate into actual productivity growth unless
organizational and institutional changes follow. The large gap between enterprise Al adoption rates
(9.6%)° and worker Al adoption rates (51.8%) indicates that current Al diffusion is occurring at the
individual worker level rather than being accompanied by systematic workflow changes at the
enterprise level.

IV. Overall Assessment and Policy Implications

This study confirmed that although generative Al use is reducing workers’ work time, a ‘productivity
disconnect’ exists in which these time savings do not translate into actual output growth. This
indicates that while Al is currently improving efficiency at the individual task level, it has not yet
fully transitioned to the productivity stage that involves increases in total output.

However, the productivity disconnect currently observed can be interpreted as part of the typical
transitional process (J-curve, Solow Paradox) that appears in the early phase of general-purpose
technology adoption. The future economic effects of Al will depend not only on the level of the
technology itself, but on how it is used and how organizational structures are transformed.

Accordingly, policy focus should extend beyond simple technology diffusion to supporting the
‘transition process’ through which Al use translates into genuine productivity improvements.

1. Distinguishing Standardized Tasks from Open Tasks

Because Al, as a general-purpose technology, can be applied across all types of work, realizing its
productivity effects requires not just technology adoption per se but changes in internal work
structures and organizational operating methods within firms. This organizational restructuring can
begin by distinguishing work into ‘Standardized Tasks’ and ‘Open Tasks.”!!!

Standardized tasks are work for which outputs and evaluation criteria are relatively clearly defined
— for example, summarizing reports, bookkeeping, reviewing regulations, writing standardized
reports, and organizing data. The variation in results across performers is small, and work procedures
can be standardized to some extent. Open tasks, on the other hand, are work where the form and level
of the final output are not predetermined and where the experience, judgment, and creativity of the

9 Based on the Survey of Business Activities (2024).

10 Similar distinctions in the existing economics literature separate routine from non-routine tasks.

" The distinction between standardized and open tasks is a useful starting point for organizational redesign, but in
practice most work exists in hybrid forms. The reorganization process therefore needs to take into account
additional correction variables such as error costs, verification requirements, and the degree of data
standardization.
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performer are critical. New business planning, strategy development, policy design, R&D, and
complex problem-solving are representative examples.

This distinction is important because the role of Al and the productivity improvement pathways are
fundamentally different between the two task types. Currently, many firms remain at the level of
using Al as an auxiliary tool for some tasks while maintaining existing workflows. However,
introducing Al in the same way without distinguishing between standardized and open tasks is likely
to result only in accumulated efficiency improvements at the individual task level, without
fundamental changes in workflow.

2. Standardized Tasks: Redesigning Workflows Around Al

Standardized tasks are the domain where Al can handle a substantial part of the work process.
Therefore, rather than using Al merely as a supplementary tool, it is necessary to redesign workflows
themselves so that Al plays a central role in executing the work.

This requires simultaneous efforts in input data standardization, task unit modularization,
clarification of result verification procedures, and pre-definition of exception-handling rules. When
such an environment is established, the human role can be reorganized toward goal-setting, result
verification, and exception handling, rather than direct task execution.

Critically, organizations must establish reallocation mechanisms so that time saved through Al can
translate into actual output growth. As confirmed by this study’s findings, simple time savings do not
in themselves mean productivity improvement. Only when saved time is connected to high value-
added activities — such as responding to new clients, additional analysis, or new business
development — can productivity growth be realized.

3. Open Tasks: Augmenting Capability through Human-AI Collaboration

In open tasks, collaboration between humans and Al is more important than full automation. Open
tasks are characterized by outputs whose form is not predefined, and the same problem may yield
different results depending on the performer’s experience and value judgments. Therefore, in this
domain, Al is best used not as a substitute for human judgment, but as an augmentation tool that
supports human thinking and decision-making. Al excels at idea exploration, drafting, information
gathering, and generating alternatives, while humans interpret and evaluate these outputs and make
the final decisions.

Ultimately, in open tasks, the key to productivity improvement lies not in Al itself but in the human
capacity to select from among the possibilities Al has expanded and integrate them effectively.
Therefore, the more an organization’s work is weighted toward open tasks, the more important it
becomes to continuously accumulate the judgment, problem-solving ability, and domain knowledge
of core personnel alongside Al adoption.
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4. Redesigning Learning Opportunities: Accumulating Human Capital through
Open Tasks

When organizations shift standardized tasks to an Al-centric approach, there is an additional
important issue to consider. Traditionally, standardized tasks have functioned as the learning pathway
through which junior and early-career workers accumulate domain knowledge and work intuition.
Tasks such as data organization, basic analysis, and standardized report writing were simultaneously
production activities and skill formation processes. Firms have used relatively low-risk standardized
tasks to provide experience to new employees, enabling them to gradually take on more complex
work.

However, if standardized tasks are replaced by Al, this traditional skill formation pathway may be
weakened. In the short term, productivity may improve, but in the long term there is a risk that the
supply base of human resources capable of performing open tasks may itself be undermined. This
raises a new policy balance problem between short-term productivity gains and long-term human
capital accumulation.

Therefore, firms must intentionally create environments that provide learning opportunities centered
on open tasks. First, they should design pathways for junior and early-career workers to participate
in open tasks at an early stage — through a progressive participation structure of observe—assist—lead
— enabling accumulation of judgment and domain intuition without going through standardized
tasks. Second, time saved by senior workers through Al use should be reinvested in mentoring,
coaching, and pair work to ensure continued knowledge transfer within the organization. Third, even
for tasks automated by Al, structures for learning ‘why such results emerge’ should be established,
so that result verification and exception-handling capabilities are accumulated from the junior stage.

5. Future Agenda: Continuous Monitoring of the Productivity Transition

Going forward, what matters is not Al adoption itself, but continuously monitoring how Al use
connects to actual productivity change. In particular, it is necessary to systematically monitor how
the linkages between time savings, task reallocation, and output growth vary by industry, occupation,
and firm characteristics.

To this end, leading indicators explaining the productivity transition — including Al use intensity,
task restructuring, and job switching — should be continuously tracked and analyzed at the micro
level of workers and firms, and a framework for incorporating this into policy design should be built.
This data-driven monitoring will play a central role in checking the pathway through which Al
diffusion leads to actual economic growth and adjusting policy responses in a timely manner.
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m Al Use and Labor Productivity by Industry

Drawing on Bick et al. (2026)'%, an empirical examination of the impact of Al adoption on
industry-level productivity found it difficult to detect a clear correlation between Al adoption rates
and labor productivity growth rates. This is consistent with the findings from the main text based
on microdata (household survey). In particular, in the period following the ChatGPT launch, a
slightly negative correlation was even observed, suggesting that domestic industry conditions
remain in the early phase of technology adoption, or that structural constraints exist that prevent Al
use from directly translating into productivity improvements.

Figure 10. AI Adoption Rate and Labor Productivity)?
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2 According to Bick et al. (2026), in the United States, industries with higher Al adoption rates tend to show higher
productivity growth.
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Regression Results for Output Growth Rate

To ensure the robustness of the analysis, two regression analyses were conducted as described
below. In both models, the coefficient on the work time savings rate was not statistically significant.
[Table 1] provides the coefficients (B) on the work time savings rate and the coefficients (3) on the
interaction terms.

Y=o+ BXi+Z{y +F{0 +¢ (Baseline Model)
Y=o+ BXi+Zy+ (X; XZ)'8§+F0+¢ (Interaction Model)

Y;: Output Increase (%), X;j: Time Savings (%)
Z;: Characteristic vector (gender, wage worker, age group, education, occupation, labor supply elasticity, Al usage, tenure, industry)
Fj: Control variable vector (residential area, income, assets, work hours)

Table 1. Regression Results)??3)

Baseline Model Interaction Model

Age 15~29 0.584* (0.354)
Age 30~39 0.564* (0.312)
Age 40~49 -0.111 (0.270)
College 0.350 (0.290)
Graduate 0.357 (0.505)
Self-Employed 1.048** (0.445)
Managers 0.076 (0.401)
Professionals 0.675** (0.305)
Service -0.251 (0.415)
Sales -0.899 (0.660)
Crafts -0.082 (0.536)
Machine Ops. -0.632 (0.435)
Elementary -0.439 (0.568)

Electricity, Gas, Steam & Air Conditioning Supply 0.903** (0.445)
Construction 0.662 (0.411)
Wholesale & Retail Trade 0.705 (0.592)
Transportation & Storage 0.402 (0.817)
Accommodation & Food Service 0.147 (0.445)
Information & Communication 0.612 (0.382)
Finance & Insurance 0.710 (0.812)
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Real Estate

Professional, Scientific & Technical Services
Business Facilities Management & Rental Services
Public Administration, Defense & Social Security
Education

Health & Social Work

Arts, Sports & Recreation

Associations, Repair & Other Personal Services

(Ref: Bottom 50%)

-0.252 (0.804)
-0.543 (0.358)
0.252 (0.617)
0.003 (0.265)
0.276 (0.475)
0.440 (1.088)
0.405 (0.770)
-0.136 (0.520)

Labor Supply Elasticity -0.767** (0.348)
Al Usage 0.492* (0.282)
Tenure -0.440 (0.321)
Observations 1,801 1,801
Adjusted R? 0.033 0.193

Notes: 1) Parentheses contain robust standard errors

2) *, *¥* *** denote statistical significance at 10%, 5%, and 1% levels, respectively

3) Residential area, income, assets, and work hours are controlled for
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