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Motivation

➢ Frey and Osbourne (2013) : 47% of US employment 
at risk.

➢ Arntz, Gregory and Zierahn (2016): 9% of OECD 
country employment are automatable

→The effect of AI deployment on future employment 
is predicted. No consensus on the effect.

➢ Impact of AI deployment on wages and income 
inequality is unclear.
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Preceding Paper 1

Acemoglu et al (2021): 

A regression analysis about AI-related vacancies over 
2010-2018.

No detectable aggregate labor market consequences.

AI is currently substituting for humans in a subset of 
tasks but it is not yet having detectable aggregate labor 
market consequences.
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Preceding Paper 2

Watanabe et al (2021): 

Micro level analysis about the role of AI on worker’s 
productivity in the same occupation.

AI is complementary to human labor and will raise 
productivity.

AI improves driver’s productivity by 5% on average and its 
gain is concentrated on low-skilled drivers while almost 
zero on high-skilled drivers.
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Preceding Paper 3

Grenan and Michaely (2020): 

Analysts with portfolios that are more exposed to AI are 
more likely to reallocate efforts to soft skills, shift coverage 
towards low AI stocks, and even leave the profession. 

Analyst departures disproportionately occur among 
highly accurate analysts, leaving for non-research jobs. 

Reallocating efforts toward tasks that rely on social skills 
improve consensus forecasts. However, increased 
exposure to AI reduces the novelty in analysts’ research 
which reduces compensation.



6

Preceding Paper 4

Webb (2020): 

Develop a method to predict the impacts of any 
technology of occupations by using the overlap between 
the text of job task descriptions and the text of patents to 
construct a measure of the exposure of tasks to 
automation.

AI is directed at high-skilled tasks. 

AI will reduce 90:10 wage inequality but not affect 1%.
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Webb(2020)’s AI exposure rate
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Webb(2020)’s AI exposure rate
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Webb(2020)’s AI exposure rate

Rf (=Relative Frequency), of aggregated verb-noun pair 
c in technology t patent title is 

For each occupation i, Webb (2020) then take a weighted 
average of these task-level scores to produce an overall 
technology t exposure score for the occupation,

: the set of tasks in occupation i.

: the set of verb-noun pairs extracted from task k∈Ki.
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Webb(2020)’s AI exposure rate
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Webb(2020)’s AI exposure rate
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Webb(2020)’s AI exposure rate
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JIP（2013）’s Occupational enrollment ratio

JIPcode year tech manage office sales service prod

0 合計 2010 0.144 0.024 0.182 0.136 0.112 0.252

1 米麦生産業 2010 0.001 0.002 0.006 0.004 0.000 0.012

2 その他の耕種農業 2010 0.001 0.002 0.006 0.004 0.000 0.012

3 畜産・養蚕業 2010 0.001 0.002 0.006 0.004 0.000 0.012

4 農業サービス 2010 0.091 0.014 0.102 0.010 0.094 0.158

5 林業 2010 0.017 0.027 0.175 0.011 0.001 0.051

6 漁業 2010 0.001 0.013 0.022 0.006 0.005 0.036

7 鉱業 2010 0.035 0.064 0.236 0.038 0.002 0.495

8 畜産食料品 2010 0.016 0.017 0.124 0.050 0.002 0.781

9 水産食料品 2010 0.006 0.032 0.096 0.052 0.001 0.804

10 精穀・製粉 2010 0.029 0.042 0.179 0.095 0.003 0.624

11 その他の食料品 2010 0.015 0.022 0.109 0.048 0.002 0.797

12 飼料・有機質肥料 2010 0.016 0.047 0.178 0.076 0.000 0.626

13 飲料 2010 0.024 0.040 0.203 0.099 0.005 0.611

14 たばこ 2010 0.107 0.026 0.333 0.026 0.000 0.493

15 繊維製品 2010 0.020 0.036 0.118 0.052 0.001 0.770

16 製材・木製品 2010 0.009 0.048 0.137 0.043 0.001 0.730

17 家具・装備品 2010 0.028 0.028 0.144 0.050 0.001 0.745

18 パルプ・紙・板紙・加工紙 2010 0.030 0.020 0.157 0.030 0.001 0.735

19 紙加工品 2010 0.017 0.039 0.146 0.064 0.001 0.715

20 印刷・製版・製本 2010 0.034 0.037 0.171 0.137 0.001 0.615

21 皮革・皮革製品・毛皮 2010 0.010 0.032 0.115 0.072 0.000 0.767

22 ゴム製品 2010 0.058 0.021 0.148 0.035 0.001 0.727

23 化学肥料 2010 0.054 0.042 0.174 0.090 0.000 0.618

24 無機化学基礎製品 2010 0.122 0.028 0.219 0.052 0.001 0.566

25 有機化学基礎製品 2010 0.122 0.028 0.219 0.052 0.001 0.566

108 industries.
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Webb’s AI Exposure Rate Conversion 1

Group-to-one

Group-to-group

One-to-one
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Webb’s AI Exposure Rate Conversion 2: one-to-one

One-to-one
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Webb’s AI Exposure Rate Conversion 3: group-to-one 
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Webb’s AI Exposure Rate Conversion 4: group-to-group
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Webb’s AI Exposure Rate Conversion 5: Total by occupation
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Webb’s AI Exposure Rate Conversion 5: Result

Agriculture

Petroleum and coal, Utility, Public
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CGE Model
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Simulation Scenario

Case 1: Elasticity of substitution between AI and AI-exposed labor = 5

Case 2: Elasticity of substitution between AI and AI-exposed labor = 0.8

Case 3: Top 5 industries, elasticity of substitution between AI and AI-
exposed labor = 5

Bottom 5 industries, elasticity of substitution between AI and 
AI-exposed labor = 0.8

Medium-income industries, elasticity of substitution between 
AI and AI-exposed labor = 3
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Simulation premise

➢AI capital endowment
3% of physical capital, but 1 % for real estate ,and 

petroleum and coal products industry.

➢AI capital increased by 10 percentage point to 6% 
of physical capital.

➢Outflow of wage of AI capital: No outflow. 

➢CGE model follows Saito et al (2017).
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Simulation Result: Case1, Change in wages and average wage by industry
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Simulation Result: Case1, Change in wages and change in number of employees
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Simulation Result: Case1, Change in wages and AI exposure rate
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Simulation Result: Case2, Change in wages and average wage by industry
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Simulation Result: Case2, Change in wages and change in number of employees
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Simulation Result: Case 2, Change in wages and AI exposure rate
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Simulation Result: Inequality in wage, ratio of top 5 and bottom 5
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Simulation Result: Inequality in wage, Gini coefficient
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Sensitivity Analysis
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Conclusion 1

(Main findings)

1. Wage inequality decreases with an increase of AI capital 
if substitution of AI and AI exposed labor is not so 
complementary.

2. Wage inequality in top 5 and bottom 5 industry’s 
average wage decreases most in Case 3.

3. Wage inequality in the Gini coefficient decreases most 
in Case 1.
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Conclusion 2

(Limitation)
1. Accuracy of conversion from Webb’s AI exposure rate to 

JIP.
2. Analysis made by average wage by industry.
3. AI deployment can be done disproportionately by 

industry.

(Future research)
1.  Comparison of simulation result by Webb’s IT and robot 
exposure rate.
2. AI exposure rate other than Webb (2020).


