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Abstract 
With the rapid development of digital computing capabilities, the emergence 
of Internet of Things (IoT), cloud and big data analytics, Artificial Intelli-
gence (AI) has become an important innovative tool for digital transforma-
tion and technological upgrading of global manufacturing. In this paper, us-
ing dynamic Computable General Equilibrium (CGE) model of MONASH-type 
and Taiwan’s input-output tables to capture the supply-chain interdepen-
dence and resource constraints, we present the economy-wide assessment of 
government policies and private companies’ investment in smart manufac-
turing, as well as the impact on the output and employment of Taiwan semi-
conductor and ICT industry. Simulation results show that, under increasing 
AI investment, semiconductor output will be 10.34% higher than the baseline, 
and employment demand will be 24.61% lower than the baseline in 2025. The 
result is similar on the ICT industry as well. The development of smart man-
ufacturing is an adaptation strategy for private enterprises to cope with de-
clining birthrate, labor shortage, and improving production yield and effi-
ciency. At the same time, the unemployment and the uneven income distri-
bution may be the side effect while developing the AI on manufacturing. It is 
suggested that in addition to focusing on AI talent cultivation and the estab-
lishment of the infrastructures, the government may also adopt fiscal and tax 
policies to improve the income distribution and strengthen the labor transfer.  
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1. Introduction 

With the rapid development of digital computing capabilities, the emergence of 
Internet of Things (IoT), cloud and big data analytics, Artificial Intelligence (AI) 
has become an important innovative tool for digital transformation and tech-
nological upgrading of global manufacturing. At the same time, the advent of the 
fifth generation (5G) of mobile communication technology accelerates the pro-
motion and development of AI. AI’s major economic effect is the automation of 
tasks that could not be automated before (e.g., optimizing production processes 
or decision making through big data analysis and machine learning). Like past 
waves of innovation, AI will create both benefits (e.g., productivity growth) and 
costs (e.g., job losses, income inequality). Governments and private sectors 
should understand its potential impacts so that policies and operations can be 
put in place to scale up the benefits of AI, while mitigating the costs. 

Although AI has a wide range of applications in industries, most of the eco-
nomic research on AI focused on its impacts on employment, wages, and prod-
uctivity. Graetz and Michaels (2018) used robot shipment data from the Interna-
tional Federation of Robotics (IFR) from 17 countries and found that robots ac-
counted for one-tenth of GDP growth in these countries where productivity 
growth increased by more than 15% from 1993 to 2007. The study also found 
that average wages increased with the use of robots, but lower working hours for 
low- and intermediate-skilled workers. Dauth et al. (2017) integrated labor mar-
ket data of Germany and the use of robots in manufacturing and service indus-
tries surveyed by the IFR from 1994 to 2014. They found that each additional 
industrial robot would result in the loss of two manufacturing jobs. However, 
the service industry has created enough new jobs to offset or compensate more 
employment in some cases. 

In the United States, Frey and Osborne (2017) combined machine learning 
methods and the Standard Occupational Classification established by the U.S. 
Bureau of Labor Statistics to build a computerized probability prediction model 
for non-repetitive jobs to determine which jobs were easily replaced by robots. 
The study found that 47% of jobs were at high risk of automation, and suggested 
that different labor markets may be at high, medium, or low risk of automation. 
However, they did not analyze possible labor savings and potential productivity 
growth. Acemoglu and Restrepo (2019) studied the regional labor market from 
1990 to 2007 and found that the adoption of industrial robots was negatively 
correlated with employment and wages in the U.S. They estimated that each ad-
ditional robot would reduce the employment of 6 workers, and reduce wages by 
0.5% for an additional robot per 1000 workers. Their study also found the effect 
was most obvious in manufacturing sector especially in traditional craftsman-
ship and blue-collar workers without university degree. 

However, so far there was almost no economy-wide assessment on the eco-
system of AI to enhance our capacity to understand the forces transforming our 
industries and society. In Asia, Taiwan has rapidly been catching up to the global 
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AI wave. The government has rolled out the AI Taiwan Action Plan in 2018, a 
comprehensive industrial plan to accelerate innovation and development. Dur-
ing the same time Taiwan’s Asia Silicon Valley Development Plan was also 
launched in order to incorporate AI into areas like transportation, healthcare, 
telecommunications, logistics, and other smart city initiatives. Compared with 
other Asian countries, Chinese Taipei has two advantages, industrial environ-
ment and AI talent1, leaving ample opportunities for manufacturing companies 
to capitalize on the growing integration of hardware and software. Therefore, 
this study intends to focus on Taiwan’s manufacturing supply chain by using a 
dynamic CGE model of MONASH-type and Input-Output (IO) database to 
evaluate the economic impacts of the AI development plans in Taiwan. 

Moreover, because Taiwan has the relatively matured semiconductor and In-
formation and Communication Technology (ICT) industry supply chain, this 
study will also explore how the increasing use of AI will affect the upstream, 
middle-stream and down-stream networks and impact the whole economy. Over 
the past sixty years, semiconductors have led to the rapid development of global 
technology in electronics, computers, and ICT such as smartphones which has 
greatly changed human life2. Today, most of technology devices are based on 
semiconductor and controlled by programming applications to perform differ-
ent functions. The demand for the development of key semiconductor technolo-
gies and the supply of components is increasing. With vertical specialization and 
industrial clustering, Taiwan’s semiconductor and ICT industries have become 
major partners of international brand manufacturers and highly competitive 
globally. With efficient and flexible production, Taiwan’s production value of 
semiconductor ranks second in the world, of which the wafer foundry produc-
tion value ranks first in the world (market share 72.2%), IC design production 
value ranked second in the world (market share 17.2%), packaging and testing 
output value globally ranked first (market share 55.9%) (Smart Electronics In-
dustry Project Promotion Office, 2019). 

Besides the introductory remarks provided in Section 1, Section 2 will explain 
the CGE methodology used in this study and three scenario designs for policy 
simulations. Section 3 demonstrates and discusses simulation results. The final 
section concludes our research results and provides some policy suggestions for 
AI development policy in Taiwan. 

2. Methodology 

Although AI has a wide range of applications, it is not only a key component of 
future smart technologies but also a new opportunity for the next generation of 
semiconductor and the ICT industries. However, there is no systematic impact 

 

 

1In terms of AI talent pool, Taiwan produces every year sizable graduates of computer-science de-
grees and electrical engineers that, if properly up skilled, can provide incredible value to the AI 
community. 
2The applications of semiconductor include smart phones, automobiles, networks, cloud data, in-
dustrial automation, smart homes and various consumer electronics products. 
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assessment on the AI ecosystem using Input-Output (IO) models or Computable 
General Equilibrium (CGE) analyses. 

There are two main reasons to use CGE models for policy simulation and 
economic impact assessment in this study. One is the consideration of the 
economy-wide impact assessment should use the supply chain or systemic anal-
ysis method. Secondly, in order to yield realistic simulation results and to cap-
ture the opportunity costs of limited resources (such as lack of labor, water, land, 
etc.), the prices should be endogenously determined. The main difference be-
tween the CGE models and the IO models is that the former is based on the 
general equilibrium theory of the neoclassical school and integrates all sectors or 
stakeholders in the economy (such as industry, households, government, import 
and export, etc.). The IO relationships are embedded in the CGE model, cover-
ing various economic activities such as production, demand, trade, employment, 
and income in an economy, and fully reflected through the price endogenization 
mechanism. The opportunity cost of limited resources, such as labor, land, and 
water, are determined by the demand and supply. 

The General Equilibrium Model for Taiwanese Economy and Environment 
(GEMTEE) model used in this study was jointly developed by the Center for 
Sustainability Science of the Academia Sinica and the Australian Bureau of 
Agriculture, Resources and Economics (ABARES) (Chang et al., 2018). It is 
based on the Monash dynamic computable general equilibrium model, and ex-
panded through investment and population dynamics mechanisms (Dixon & 
Parmenter, 1996; Dixon & Rimmer, 2002). Based on the IO database and ma-
croeconomic projections from the expert forecasting organizations, long-term 
baseline forecasting can be performed (Dixon & Rimmer, 2009). The basic structure 
is illustrated in Figure 1 (Chang et al., 2018). The main sub-modules include taxa-
tion, economy, population, society, environment, and energy. GEMTEE can 
 

 
Figure 1. The basic structure of GEMTEE. Source: Chang et al. (2018). 
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be used to provide an assessment of the impact of the government’s expansion of 
public investment expenditure on Taiwan’s macro-economy, finance and income 
distribution (Liou et al., 2018). It can also be used to provide the trend analysis 
of population growth and long-term care demand in Taiwan (Chen et al., 2020). 

The two main dynamic mechanisms in GEMTEE are population growth and 
investment. The dynamic investment adjustment mechanism is an endogenous 
adjustment mechanism. The net capital stock and the new investment accumu-
lated in one period will become the capital stock available for industrial produc-
tion in the next period (Hsu et al., 2006). The population module mainly de-
scribes the component of population changes by gender and age groups that oc-
cur over time through the interplay of three demographic processes: fertility, 
mortality, and migration (Lin et al., 2015; Chen et al., 2015).  

For the design of simulation scenarios, this study follows the “Taiwan AI Ac-
tion Plan (Year 2018 to 2021)” prepared by the government and focuses on Tai-
wan’s semiconductors and ICT industries. Secondly, many private companies 
also invest in smart manufacturing based on their needs. In order to design more 
reasonable scenarios, we also interviewed a number of industry experts to pro-
vide their companies’ experience and suggestions when investing in smart man-
ufacturing. Therefore, three scenarios are summarized in Table 1 based on the 
official data and industry experts’ projections.  

Before the assessment, this study used GEMTEE to predict Taiwan ma-
cro-economy and individual industries from 2015 to 2025 as the baseline projec-
tion. In addition, this study also uses historical simulation from 2011 to 2015 to 
calibrate the rate of technological progress and then this technological growth 
rate is treated exogenously in the 2016 to 2025 baseline projection. The results of 
policy impacts are illustrated by the differences of the policy simulation results 
from the baseline projection. The relationship between historical simulations, 
baseline projection, and policy simulations is shown as Figure 2. 

In this study, GEMPACK (General Equilibrium Modeling PACK age) software 
is used to solve the GEMTEE. GEMPACK has been designed to automate the 
solution of large-scale economic models and contains the capacities for solving 
 

Table 1. The baseline and scenario setting. 

Scenario Content Demand-side Setting 
Supply-side Setting 

(In some industries, by 2025) 

Baseline 
 To observe the rate of technical progress through the historical data from 2011 to 2015. 
 To use this rate to carry out economic simulation estimates for 2016-2025. 

Scenario 1 The effect of government policies only. Investment of USD 600 million in 4 to 5 years 
 +30% labor efficiency 
 +3% technical efficiency 

Scenario 2 The effect of private investment only. Investment of USD 300 million in 2 to 3 years 
 +40% labor efficiency 
 +4% technical efficiency 

Scenario 3 
The effect of public and 

private investment together. 
Investment of USD 900 million in 4 to 5 years 

 +50% labor efficiency 
 +5% technical efficiency 

Source: This study. 
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Figure 2. The relationship between historical simulations, baseline projection, and policy 
simulations in this study. 
 
recursive-dynamic and fully inter-temporal CGE models (Harrison & Pearson, 
1996). It provides a computer-assisted method of converting GEMTEE equations 
into a tailor-made computer program and then produces accurate solutions. 

3. Research Results and Discussion 

Taiwan’s semiconductor and ICT industry has an irreplaceable position in the 
world. In the process of industrial upgrading and transformation, AI will bring 
revolutionary innovations into the industry. The “Taiwan AI Action Plan” fo-
cused on injecting greater momentum to the industry and helping private com-
panies invest in AI technology to improve production efficiency, reduce operat-
ing costs and induce domestic industry growth. Therefore, this study targets 170 
industrial sectors in the input-output table compiled by the Directorate General 
of Budget, Accounting and Statistics (DGBAS) for an economy-wide assessment 
(Directorate-General of Budget, Accounting and Statistics, 2014a, 2014b, 2014c). 
However, we focus on the AI impact on production value and employment of 
the semiconductor and ICT industry that are more related to the Taiwan AI Ac-
tion Plan. Table 2 and Table 3 show the simulation results.  

The simulation results in Table 2 show that in the production value, without 
considering government and private investment in AI (baseline scenario), it is 
expected to grow by 0.5% to 1.1% every year from 2020 to 2025. Under private 
investment (Scenario 3), the semiconductor production value is expected to ex-
ceed USD 100 billion by 2025, which is 10.34 percentage points higher than the 
baseline. The impact of the production value of Scenario 1 will be greater than 
that of Scenario 2 due to the cultivation of AI talents and the deployment of AI 
infrastructure from government policies in Scenario 1. On the other hand, the 
investment by individual companies is short-term and most of them are the 
construction of production line automation or smart storage and logistics. 
Therefore, its impact is not so big as that in Scenario 1. 

In Table 3, it can be seen that Taiwan’s semiconductor industry employs 
more than 132,000 people. Without considering government and private in-
vestment in AI (baseline), it is expected that the annual employment will de-
crease, a reduction of 0.32% - 1.57%. So the baseline result implies that the in-
dustry employment will be reduced to 127,500 in 2025. In recent years the semi-
conductor industry has actively promoted smart factories. Simulation results of 
Scenario 3 show that under the promotion of government policies and private 
investment, it is estimated that the employment in the semiconductor industry 
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Table 2. The production value impacts of smart manufacturing on Taiwan’s semiconductor and ICT industry. 

Sector Scenario 

Year 
2015 

Year 
2019 

Year 
2020 

Year 
2021 

Year 
2022 

Year 
2023 

Year 
2024 

Year 
2025 

Base 
Year 
(USD 

million) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

Se
m

ic
on

du
ct

or
 

Baseline 64,636 1.46 0.00 1.10 0.00 0.97 0.00 0.73 0.00 0.66 0.00 0.64 0.00 0.51 0.00 

Scenario 
1 

64,629 1.46 0.00 1.10 0.00 2.47 1.50 3.79 3.06 5.19 4.53 6.45 5.81 7.37 6.86 

Scenario 
2 

64,629 1.44 −0.02 1.09 −0.01 0.87 −0.10 0.54 −0.19 0.35 −0.31 0.19 −0.45 −0.15 −0.66 

Scenario 
3 

64,629 1.44 −0.02 1.09 −0.01 3.52 2.55 5.90 5.17 8.13 7.47 9.83 9.19 10.85 10.34 

O
th

er
 e

le
ct

ro
ni

cs
 

sp
ar

e 
pa

rt
s 

Baseline 9063 1.45 0.00 0.72 0.00 0.70 0.00 −0.24 0.00 −0.35 0.00 −0.29 0.00 −0.93 0.00 

Scenario 
1 

9062 1.45 0.00 0.72 0.00 5.99 5.29 10.55 10.79 15.88 16.23 20.83 21.12 24.07 25.00 

Scenario 
2 

9062 1.36 −0.09 0.65 −0.07 7.59 6.89 13.97 14.21 20.94 21.29 27.04 27.33 30.80 31.73 

Scenario 
3 

9062 1.35 −0.10 0.62 −0.10 9.66 8.96 18.36 18.60 27.55 27.90 34.85 35.14 38.53 39.46 

C
om

pu
te

r 
pr

od
uc

ts
 

Baseline 1672 2.83 0.00 1.44 0.00 1.23 0.00 −0.64 0.00 −0.94 0.00 −0.87 0.00 −1.79 0.00 

Scenario 
1 

1671 2.83 0.00 1.44 0.00 6.83 5.60 10.46 11.10 15.16 16.10 19.13 20.00 20.65 22.44 

Scenario 
2 

1671 2.60 −0.23 1.31 −0.13 8.75 7.52 14.34 14.98 20.33 21.27 24.72 25.59 26.27 28.06 

Scenario 
3 

1671 2.59 −0.24 1.27 −0.17 10.86 9.63 18.56 19.20 25.96 26.90 30.60 31.47 31.67 33.46 

C
om

pu
te

r 
Pe

ri
ph

er
al

s 
de

vi
ce

 

Baseline 3844 1.40 0.00 1.09 0.00 1.10 0.00 0.66 0.00 0.61 0.00 0.63 0.00 0.32 0.00 

Scenario 
1 

3844 1.40 0.00 1.09 0.00 3.99 2.89 6.47 5.81 9.09 8.48 11.26 10.63 12.46 12.14 

Scenario 
2 

3844 1.36 −0.04 1.06 −0.03 4.97 3.87 8.45 7.79 11.82 11.21 14.26 13.63 15.29 14.97 

Scenario 
3 

3844 1.36 −0.04 1.05 −0.04 6.00 4.90 10.47 9.81 14.48 13.87 16.91 16.28 17.43 17.11 

C
om

m
un

ic
at

io
n 

eq
ui

pm
en

t 

Baseline 16,744 1.61 0.00 1.09 0.00 0.91 0.00 0.53 0.00 0.42 0.00 0.39 0.00 0.18 0.00 

Scenario 
1 

16,744 1.61 0.00 1.09 0.00 2.92 2.01 4.60 4.07 6.40 5.98 7.97 7.58 8.98 8.80 

Scenario 
2 

16,744 1.58 −0.03 1.06 −0.03 0.74 −0.17 0.21 −0.32 −0.10 −0.52 −0.41 −0.80 −1.04 −1.22 

Scenario 
3 

16,744 1.58 −0.03 1.05 −0.04 0.71 −0.20 0.16 −0.37 −0.14 −0.56 −0.53 −0.92 −1.33 −1.51 

Note: YoY refers to the percentage change from last year, and ppt refers to the percentage point. 
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Table 3. The employment impacts of smart manufacturing on Taiwan’s semiconductor and ICT industry. 

Sector Scenario 

Year 
2015 

Year 
2019 

Year 
2020 

Year 
2021 

Year 
2022 

Year 
2023 

Year 
2024 

Year 
2025 

Bas 
Year 
(USD 

million) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

YOY 
(%) 

Diff. 
from 

baseline 
(ppt) 

Se
m

ic
on

du
ct

or
 

Baseline 132,369 0.31 0.00 −0.32 0.00 −0.34 0.00 −1.09 0.00 −1.16 0.00 −1.09 0.00 −1.57 0.00 

Scenario 
1 

132,355 0.31 0.00 −0.32 0.00 −2.39 −2.05 −5.29 −4.20 −7.79 −6.63 −10.53 −9.44 −14.18 −12.61 

Scenario 
2 

132,355 0.22 −0.09 −0.35 −0.03 −0.77 −0.43 −1.88 −0.79 −2.41 −1.25 −2.88 −1.79 −4.06 −2.49 

Scenario 
3 

132,355 0.21 −0.10 −0.37 −0.05 −3.74 −3.40 −8.27 −7.18 −13.06 −11.90 −18.81 −17.72 −26.18 −24.61 

O
th

er
 e

le
ct

ro
ni

cs
 

sp
ar

e 
pa

rt
s 

Baseline 40,545 0.34 0.00 −0.56 0.00 −0.55 0.00 −1.70 0.00 −1.80 0.00 −1.69 0.00 −2.44 0.00 

Scenario 
1 

40,541 0.34 0.00 −0.56 0.00 −0.98 −0.43 −2.81 −1.11 −4.13 −2.33 −5.99 −4.30 −9.49 −7.05 

Scenario 
2 

40,541 0.22 −0.12 −0.65 −0.09 −1.46 −0.91 −3.91 −2.21 −6.34 −4.54 −9.87 −8.18 −15.31 −12.87 

Scenario 
3 

40,541 0.21 −0.13 −0.68 −0.12 −1.47 −0.92 −4.21 −2.51 −7.38 −5.58 −12.46 −10.77 −19.81 −17.37 

C
om

pu
te

r 
pr

od
uc

ts
 

Baseline 3001 1.39 0.00 0.23 0.00 0.06 0.00 −1.49 0.00 −1.73 0.00 −1.67 0.00 −2.43 0.00 

Scenario 
1 

3001 1.40 0.01 0.23 0.00 −2.12 −2.18 −6.35 −4.86 −10.32 −8.59 −15.26 −13.59 −21.80 −19.37 

Scenario 
2 

3001 1.20 −0.19 0.13 −0.10 −2.95 −3.01 −8.38 −6.89 −14.42 −12.69 −22.08 −20.41 −31.30 −28.87 

Scenario 
3 

3001 1.19 −0.20 0.09 −0.14 −3.69 −3.75 −10.47 −8.98 −18.79 −17.06 −29.39 −27.72 −41.44 −39.01 

C
om

pu
te

r 
Pe

ri
ph

er
al

s 
de

vi
ce

 

Baseline 14,202 0.32 0.00 −0.35 0.00 −0.30 0.00 −1.24 0.00 −1.31 0.00 −1.21 0.00 −1.82 0.00 

Scenario 
1 

14,201 0.32 0.00 −0.35 0.00 −1.40 −1.10 −3.63 −2.39 −5.39 −4.08 −7.58 −6.37 −11.11 −9.29 

Scenario 
2 

14,201 0.23 −0.09 −0.42 −0.07 −1.84 −1.54 −4.60 −3.36 −7.26 −5.95 −10.83 −9.62 −16.10 −14.28 

Scenario 
3 

14,201 0.22 −0.10 −0.44 −0.09 −2.21 −1.91 −5.60 −4.36 −9.34 −8.03 −14.77 −13.56 −22.49 −20.67 

C
om

m
un

ic
at

io
n 

eq
ui

pm
en

t 

Baseline 37,974 0.51 0.00 −0.36 0.00 −0.43 0.00 −1.39 0.00 −1.49 0.00 −1.42 0.00 −2.01 0.00 

Scenario 
1 

37,970 0.51 0.00 −0.36 0.00 −1.92 −1.49 −4.51 −3.12 −6.59 −5.10 −8.99 −7.57 −12.57 −10.56 

Scenario 
2 

37,970 0.42 −0.09 −0.44 −0.08 −0.96 −0.53 −2.37 −0.98 −3.05 −1.56 −3.74 −2.32 −5.35 −3.34 

Scenario 
3 

37,970 0.41 −0.10 −0.46 −0.10 −1.06 −0.63 −2.55 −1.16 −3.27 −1.78 −4.24 −2.82 −6.26 −4.25 

Note: YoY refers to the percentage change from last year, and ppt refers to the percentage point. 
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will be reduced to 62,000 in 2025, which is 24.61 percentage points lower than 
the baseline. The Scenarios 1 and 2 are 12.61 and 2.49 percentage points lower 
than the baseline, respectively, and the employment reduce to 88,000 and 
119,000 respectively. Due to the shorter and smaller injections of private invest-
ment in Scenario 2, the manpower saving is not as much as in Scenario 1. Com-
pared with the growth contribution of the semiconductor industry production 
value in Table 2, the per capita output value in the three scenarios is still signifi-
cantly higher than that without the smart manufacturing. 

In the computer and related electronic component sector, information elec-
tronics account for nearly 47% of Taiwan’s total exports (Bureau of Foreign 
Trade, 2020). From the baseline results in Table 2, this sector will grow by 1.79% 
to 1.44% annually from 2020 to 2025. It is expected that by 2025, Scenarios 1, 2, 
and 3 will be 22.44, 28.06, and 33.46 percentage points higher than the baseline, 
respectively. It implies that the smart manufacturing brings a significant contri-
bution to the production value of the ICT and computer industry. 

In terms of the baseline forecast of the computer peripheral equipment sector, 
it is expected to grow 0.32% to 1.09% annually from 2020 to 2025. By 2025, Sce-
narios 1, 2, and 3 will be 12.14, 14.97, and 17.11 percentage points higher than 
the baseline, respectively. The results presented are similar to the computer 
product sector. It is clear that under the maturity of products, both the public 
and private investment in smart manufacturing can improve the production 
value of the computer peripheral equipment industry, and the investment bene-
fit of the private sector is slightly greater than that of the public sector. 

The production value of the communications equipment sector will grow by 
0.18% to 1.09% per year from 2020 to 2025. It is expected that by 2025, Scenario 
1 will be 8.8 percentage points higher than the baseline, and Scenarios 2 and 3 
will be 1.22 and 1.51 percentage points lower than the baseline, respectively. The 
communication equipment mainly includes telephone exchange equipment, fax 
machine equipment, pagers, network bridges, routers, gateways, radio and tele-
vision transmission equipment, local and wide area network communication 
equipment, modems, etc. The application of smart manufacturing is not critical, 
and private enterprises invest in Scenario 2 is mostly concentrated on their pro-
duction automation and capacity enhancement. In comparison to Scenario 1 
which is mostly investment on AI research platforms or innovation research 
centers, the benefits and rate of return will be lower in Scenarios 2 and 3. 

The production value of other electronic components sector will grow by 
−0.93% to 0.72% annually from 2020 to 2025. It is expected that by 2025, Scena-
rios 1, 2, and 3 will be 25, 31.73, and 39.46 percentage points higher than the 
baseline, respectively. The simulation results are similar to those of the computer 
product sector. It is obvious that the introduction of smart manufacturing brings 
a healthy contribution to the production value of the industry as their products 
are getting matured. With regard to the public or private investment, results 
shows that the output efficiency increase dramatically as well.  

In terms of the impact of employment on the ICT industry, as shown in Table 
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3, the baseline results suggest that total employment will decrease by 2.43% to 
0.23% per year from 2020 to 2025. The growth rate is getting smaller every year, 
and becomes negative after 2022. It is expected that by 2025, Scenarios 1, 2, and 
3 will be 19.37, 28.87, and 39.01 percentage points lower than the baseline, re-
spectively. Thus, the introduction of smart manufacturing reduces the labor de-
mand of the industry significantly and its manpower savings are obvious. In 
terms of the baseline forecast of the computer peripheral equipment sector, it is 
expected that the annual employment will also decline by −0.3% to −1.82% from 
2020 to 2025. It is expected that by 2025, Scenarios 1, 2, and 3 will be 9.29, 14.28, 
20.67 percentage points lower than the baseline, respectively. Similar results can 
be found in the computer product sector. Obviously, as the computer products 
enter maturity, the employment of computer and peripheral equipment industry 
will decline which can be quite a challenge for manufacturing workers. 

In terms of employment for the communications equipment sector, it will de-
cline by 0.36% to 2.01% per year from 2020 to 2025. It is expected that by 2025, 
Scenario 1 will be 10.56 percentage points lower than the baseline, and Scenarios 
2 and 3 will be 3.34 and 4.25 percentage points less than the baseline, respective-
ly. It is obvious that the manpower saving is the public investment scheme will 
be greater than the saving led by private investment. It is estimated that by 2025, 
employment reduction will be 36,000 people in the baseline and 27,000 in Scena-
rio 1. The employment of other electronic component sectors will decrease by 
0.55% to 2.44% each year from 2020 to 2025. It is expected that by 2025, Scena-
rios 1, 2, and 3 will be 7.05, 12.87, and 17.37 percentage points lower than the 
baseline, respectively. The results are similar to those of other ICT industries. It 
is clear that the introduction of smart manufacturing will bring in a significant 
change in employment structure and labor saving effect in the industry, no mat-
ter the investment comes from the public or private sector. Moreover, compared 
with the production value in Table 2, the per capita production value of the in-
dustry has increased significantly. It shows that smart manufacturing delivers 
benefits to the ICT industries though labor saving and productivity enhance-
ment. 

Our findings are in accordance with the previous empirical studies which in-
dicate that the emergence of smart technologies will most likely cause considera-
ble shifts in the structure of the economy and employment. While manufactur-
ing using more of AI will have a positive impact on production values, however 
it has a negative impact on employment with potential risks from structural la-
bor market problems. 

4. Conclusions and Suggestions 

In this paper, using dynamic CGE model of MONASH-type and Taiwan’s in-
put-output tables to capture the supply-chain interdependence and resource 
constraints, we present the economy-wide assessment of government policies 
and private companies’ investment in smart manufacturing, as well as the im-
pact on the output and employment of Taiwan semiconductor and ICT industry. 
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These findings are in line with previous studies in general. 
The simulation results show that under the government’s policies and pri-

vate companies’ investment in the development of artificial intelligence, the 
output growth of the semiconductor and ICT industry has increased signifi-
cantly, and employment demand has significant benefits in labor-saving. 
Smart manufacturing is the effective adaptation strategy for declining birthrate 
and labor shortage in Taiwan. However, establishing smart manufacturing is not 
a short-term task. In addition to the investment of capital and the accumulation 
of time, it is also necessary to establish a complete industrial supply chain for 
industrial upstream suppliers and downstream customers, and develop a con-
sensus on smart manufacturing. 

4.1. Suggestions 

In order to scale-up the benefits of smart manufacturing to industries, this study 
proposes three suggestions as follows. 

First, the government and enterprises need to cooperate and play their roles, 
respectively. Artificial intelligence contains too many aspects, and individual 
companies cannot build up all of the smart manufacturing. Therefore, the gov-
ernment should focus on the cultivation of AI talents and establish infrastruc-
ture. In terms of talent development, the industry, schools, and academia must 
actively develop talents and abilities which include software programming, algo-
rithms, programming the machine control software, and hardware mechanical 
design. This can be trained through government incentives, and combined with 
the practical needs of private enterprises, so that the production and education 
can be fully combined to reduce the gap between education and industry. 

Second, smart manufacturing is broad and deep, so companies need to plan 
from a macro perspective, but before implementation, companies should review 
the resources owned by the enterprise, then start from a small area. It means that 
starting from the automation of machine equipment, then the automation of the 
production line, the intelligence of the entire production field, and finally inte-
grated with the supplier’s material situation and the client’s market information. 
That is, before reaching Industry 4.0, it can reach Industry 3.5 for transition. 

Third, excellent AI talents and multinational manufacturers are the objects of 
international competition, all countries try to recruit talents or manufacturers 
with preferential incentives and excellent technical talents also need to be able to 
practice. Therefore, the government should construct a robust and open devel-
opment environment, attract international technical talents and establish tax in-
centives and other mechanisms to allow enterprises to design a suitable smart 
manufacturing model. At the same time, it also allows excellent talents to find a 
stage to play. 

4.2. Research Limitations 

Our findings provide solid and supporting evidence to the investment policies 
on AI in manufacturing sectors. The question is how to address the challenge of 
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unemployment arising from AI investment. In order to tackle the earning losses 
from unemployment persistence, linking the changes of labor productivity with 
trends in income inequality among different sector, occupations and age/gender 
cohorts should be an important avenue for future research. Although, our mod-
eling effort and scenario settings yield predictions that are supported by experts 
across the private sectors, detailed industry-wide survey data should also be in-
troduced to verify these scenario settings. Moreover, the database used in this 
study is the Input-Output Tables compiled by the government on a 5-year in-
terval. In the future, it should be updated to capture the fast-changing industrial 
structure. 
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