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ABSTRACT: We employ the WTO Global Trade Model (GTM) to generate quantitative
projections on the expected long-run impact of digitalization on global trade patterns. Five
trends are modelled: (i) adoption of artificial intelligence which raises productivity growth;
(ii) digitalization reducing trade costs, (iii) the shift to online sales (e-commerce), (iv) the
reduced need for physical face-to-face interaction leading to lower trade costs; and (v) changes
in data policies in response to these technologies which also impacts trade costs. We distinguish
between a convergence scenario with larger productivity growth and trade cost reductions for
low-income economies and a core scenario with uniform changes. The simulations generate
three main sets of findings. First, digitalization is expected to provide a strong boost to global
trade growth and a shift from merchandise trade towards services, and in particular, digitally
deliverable services (DDS). With digitalization, global trade growth rises from 2.3% in the
baseline to 4.2% annually between 2018-2040. The share of services trade will rise to 37.2% by
2040 with digitalization compared to 27% in the baseline, while the share of DDS in total trade
rises to 17.4% by 2040 (compared to 12.4% in the baseline). Second, digitalization can be a
force for inclusion, enabling low-income and lower-middle-income economies to raise their share
in global trade and income. Trade growth in DDS is projected to be highest in low-income
and lower-middle-income economies in the convergence scenario and the share of low-income
and lower-middle-income economies in total trade would increase to 10.6% (compared to 8.2%
in the baseline). Third, digitalization is projected to change the organization of production
and patterns of revealed comparative advantage (RCA). The share of imported intermediates
in exports rises in services but falls in manufacturing. In the convergence scenario, low-income
economies will expand their RCA in DDS, although high-income economies will continue to
retain a strong RCA in this sector.
Keywords: Dynamic CGE-Modelling, Structural Change, Digitalization

JEL codes: F14, F43, I25
Disclaimer: The opinions expressed in this article should be attributed to its authors. They

are not meant to represent the positions or opinions of the WTO and its Members and are
without prejudice to Members’ rights and obligations under the WTO.

1 Introduction

In the last 35 years, technological advancements in information and telecommunication
technologies (ICT), including internet access, have significantly impacted the way in which
goods, services, and information are bought, sold, and exchanged by bringing electronic or
digital markets and platforms into being. More and more cross-border trade is now digital in
nature, a trend likely to continue in the future. We have also seen a significant increase in the



use of robots in industry across many parts of the globe. More recently, the dramatic interest
spawned by large language models like ChatGPT may augur a new stage in society’s deployment
and use of artificial intelligence (AI), an important component of digitalization.

Qualitative analysis can be useful in identifying the ways in which new technologies and
digitalization could affect international trade. In this paper, we complement this qualitative
analysis with quantitative projections on changes in the size and patterns of international
trade using the WTO Global Trade Model (GTM), a recursive dynamic computable general
equilibrium (CGE) model with multiple sectors and production factors, intermediate linkages,
non-homothetic preferences, and investment linkages between economies. Such a quantitative
exercise serves three important goals. First, it disciplines qualitative predictions, as it forces to
translate narratives into quantitative shocks in a micro-founded economic model. Second, the
use of a consistent general equilibrium model implies that the indirect effects of shocks are all
taken into account. Third, the fact that the model is computable makes it possible to go beyond
qualitative predictions and provide quantitative projections on the magnitude of the effects of
new technologies on international trade.

The GTM is used to explore the impact of five trends related to digitalization. First, we
consider the productivity effects of AI based on projections in the literature. AI is projected
to affect the organization of production in three main ways: (i) the replacement of labor by
(broad) capital; (ii) increased productivity of labor and capital; (iii) the creation of new tasks
(Briggs and Kodnani 2023; Acemoglu 2024). We follow the projections in Briggs and Kodnani
(2023) who focus on the productivity effects of the first two channels.

Second, we examine the impact of digitalization on trade costs. Digital technologies
are expected to reduce trade costs along various channels. In particular, we focus on the
improvement of customs procedures, rising the efficiency of logistics, falling communication
costs because of AI, and falling contract enforcement costs because of new technologies such as
blockchain and improved broadband and bandwidth. We regress inferred trade costs based on
trade and production data used for the simulations on variables capturing the different channels
described, as well as control variables such as distance.

Third, we consider the impact of the growth of e-commerce on trade costs based on studies
showing that trade costs are lower for online trade than for offline trade (Lendle et al. (2016)).
We use these estimates on the differences in trade costs together with scenarios for the rise of
e-commerce (domestic and international) to project reductions in trade costs as a result of the
rising importance of e-commerce.

Fourth, we analyze the impact of digitalization through tools like tele- and video conferencing
to increasingly substitute for and reduce the need for physical or face-to-face interactions
(Baldwin, 2017). This can reduce trade costs in sectors with a need for physical face-to-face
interaction. Inferred trade costs are regressed on face-to-face intensity. The impact of face-to-
face intensity on trade costs is assumed to fall as a result of digitalization.

Fifth, digitalization and the expanded use of AI will make data policies even more relevant.
Economies could either choose to agree on data policies based on safeguards that would reduce
trade costs in economies that currently have more restrictive policies or decide to introduce more
restrictive data policies based on ad hoc authorization because of security concerns. Projected
trade cost changes are based on gravity estimation with the digital services trade restrictiveness
index (DSTRI) combined with insights from business questionnaires (WTO-OECD, 2024).

In the simulations, we distinguish between a convergence scenario with larger productivity
growth and trade cost reductions for low-income economies and a core scenario with uniform
changes across regions. This enables us to determine the importance of policies promoting the
catching up of low-income economies.

We first construct a baseline scenario for the world economy as a benchmark. We combine
baseline data on the world economy from the GTAP 11 database with the base year 2017
(Aguiar, Chepeliev, et al. 2022) with projections of growth in different variables, such as GDP
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per capita, population and labor force and skill levels from various sources (IMF, OECD, UN,
IIASA). Furthermore, we add variation in productivity growth across sectors to capture the
phenomenon of structural change. We also include baseline trade cost changes related to several
trade policy developments that occurred after 2017, such as the US-China trade conflict, Brexit,
and implementation of the WTO Trade Facilitation Agreement.1 Finally, savings rates change
based on empirical projections based on demographic developments (Fouré, Bénassy-Quéré, and
Fontagné 2013).

With these ingredients, the value share of services in output is projected to rise in the
baseline, whereas the shares of manufacturing and agriculture are projected to fall. The sectoral
distribution of trade follows a structural change in production. Hence, the share of services trade
is projected to rise at the expense of manufacturing trade. Finally, the geographic distribution of
trade changes, with the share of high-income economies falling. Low-income and lower-middle-
income economies are projected to increase their share of global trade to 10.4% – more than
doubling their share compared to the initial share (5.1%). However, more than half of global
exports is still projected to come from high-income economies in the baseline.

The simulations generate three main sets of findings. First, digitalization is expected to
provide a strong boost to global trade growth and shift from merchandise trade towards services
and in particular digitally deliverable services (DDS). With AI and digitalization, global trade
growth rises from 2.3% in the baseline to 4.2% annually between 2018-2040. The share of
services trade will rise to 37.2% by 2040 with digitalization compared to 27% in the baseline,
whereas the share of DDS in total trade rises to 17.4% by 2040 (compared to 12.4% in the
baseline). Second, digitalization can be a force for inclusion, enabling low-income and lower-
middle-income economies to raise their share in global trade and income. In the convergence
scenario, the highest DDS trade growth is projected for low-income and lower-middle-income
economies. Furthermore, the income of low- and lower-middle-income regions grows faster
than high-income economies. Third, digitalization is projected to change the organization of
production and patterns of revealed comparative advantage (RCA). The share of imported
intermediates in exports rises in services but falls in manufacturing. In the convergence scenario,
low-income economies will expand their RCA in DDS, although high-income economies will
maintain a strong RCA in this sector.

This paper makes an important contribution to the literature on the long-run outlook
for global trade patterns by carefully modeling five changes associated with one of the main
trends in the global economy (besides geopolitical tensions and climate change): digitalization.
Part of this exercise is the development of empirical estimates of trade costs changes - and
the correspondent ad valorem equivalents (AVEs) - as a result of digitalization, e-commerce,
and diminishing face-to-face intensity. Second, we shed light on the important policy-relevant
question to what extent digitalization can contribute to the convergence of incomes between
economies. Third, we provide insights into the expected shift from merchandise to services trade
and the expected rise of digitally deliverable services.

The paper is structured as follows. Section 2 describes the WTO GTM that is used to project
the future impacts of these technologies on global trade. It also presents our baseline scenario
for the world economy. In Section 3, we describe how the five trends related to digitalization
are modeled. Section 4 presents the simulation results. Section 5 concludes.

1We do not incorporate potential across-the-board trade cost increases as a result of geoeconomic
fragmentation unrelated to data policies. Such a worsening trade policy environment is discussed, for example,
in Góes and Bekkers (2022) who conclude that the welfare losses for the global economy of decoupling are huge,
particularly for low-income economies, as they would lose out from technology spillovers from richer economies.
Hence, such a scenario would slow down the catch-up of low-income economies. However, it is not expected that
the comparison of the core and convergence scenario interact with geoeconomic fragmentation.
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2 Model and baseline construction

2.1 WTO Global Trade Model

We use the WTO Global Trade Model (GTM) for the baseline projections and experiments.
The GTM is a recursive dynamic CGE model containing multiple sectors, multiple factors
of production, and four types of demand (private demand, government demand, investment
demand, and intermediate demand by firms), intermediate linkages, non-homothetic preferences
for private households, a host of taxes, and a global transport sector (see for the model
documentation Aguiar, Erwin, et al. (2019) and for a formal description of the model Bekkers,
Jhunjhunwala, et al. (forthcoming)). Each region features a representative agent earning factor
income and collecting tax revenues who maximizes utility by spending income plus tax revenues
on private consumption, government consumption, as well as savings. These savings are
collected by a hypothetical global trust, which invests these across different regions. In the
simulations the allocation of foreign investment responds to differences in rates of return.

Firms are profit-maximizing and choose the optimal mix of factor inputs and intermediate
inputs. There are five production factors: high-skilled and low-skilled labor, capital, sector-
specific natural resources, and land.2 Capital accumulation is a recursive dynamic. Hence,
the current period capital stock is equal to the capital stock in the previous period minus
depreciation plus investment. As stated earlier, investment flows to regions with higher rates
of return. Capturing many features of the global economy in a detailed way requires us to
abstract from one important feature: agents are not forward-looking, and different periods are
only connected in a recursive dynamic way through the adjustment of the stock of capital.

The model is calibrated to the GTAP database, Version 11, which has 160 regions and
65 sectors. Baseline shares in the base year, 2017, are equal to actual shares. 3 We use an
aggregation with 27 sectors and 24 regions, as displayed in Table 1.4 We report simulation results
for aggregate regions by income level: low-income (LI), lower middle-income (LMI), upper-
middle-income (UMI), and high-income economies (HI). The sectoral aggregation includes the
sectors of interest related to the digitalization of the economy, such as telecommunications,
business services, and electronic equipment. We report simulations results for digitally-
deliverable services (DDS) and other services based on the list of DDS in IMF et al. (2023). 5

Because of the broad definition employed, the reported value of DDS can be considered as an
upper-bound estimate of DDS.

2.2 Construction of the baseline

Before exploring the impact of AI and digitalization, we first construct a baseline scenario
for the world economy. This is done by starting with data in 2017, introducing trade policy
changes that have taken place since then, and using projections on GDP per capita growth,
population, labor force, and skills to determine the trajectory of the world economy until 2040.
The growth in GDP per capita, population, labor force, and skills are imposed on the projections
by endogenizing labor productivity growth and allowing for endogenous capital accumulation
based on recursive dynamics.

GDP per capita growth is based on actual IMF data until 2022 and IMF World Economic
Outlook (April 2023) until 2027.6 From 2028 onwards, we use the OECD Shared Socioeconomic

2Since we have only one agricultural sector, land is immobile. In the basic model, land is imperfectly mobile
across different agricultural sectors.

3Although GTAP11 contains 160 regions and 65 sectors, we use data aggregated to 141 regions and 65 sectors
for regressions and AVE calculations.

4To better capture the impact of digitalization, we include ICT services as a separate sector in the simulations
employing Splitcom. See Appendix A.2 for more details.

5Definitions of groups of economies by income level and aggregate sectors are in Appendix A.2.
6We use yearly averages for this period to avoid spikes or plunges.
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Table 1: Overview of regions and sectors

Regions Sectors

AUS Australia AGR Agriculture

OAS Other Asian economies OIL Oil

CHN China ONR Other natural resources

JPN Japan PRF Processed Food

KOR Korea TWL Textiles, wearing apparel and leather

SEA ASEAN P C Petroleum, coal products

ASL Asian LDCs CHE Chemicals and Petrochemicals

IND India PRP Pharmaceuticals, rubber and plastic products

IDN Indonesia OTG Other Goods

CAN Canada MET Metals

USA USA EEQ Electronic Equipment

MEX Mexico ELE Computer, electronic and optical products

BRA Brazil OME Other Machinery

LAC Latin America MVH Motorvehicles

E27 EU-27 OTN Transport equipment nec

GBR United Kingdom UTC Utilities and Construction

EFT EFTA economies TRD Trade

ROW Rest of World TRP Transport

RUS Russian Federation AFS Accommodation, Food and service activities

MIN Middle East and North Africa WHS Warehousing and support activities

TUR Turkiye CMN Communication

SSA Sub-Saharan Africa OBS Business Services

SSL Sub-Saharan LDCs FIN Financial Services

ZAF South Africa INS Insurance

OTS Other Services

EDH Education and human health

ROS Recreational and other services

Pathways projections of GDP per capita, SSP2 (Dellink et al. 2017). Population and labor force
growth come from the UN population projections, medium variant for 2015 (UN 2015). Changes
in the number of skilled and unskilled workers are inferred from projections on education levels
by IIASA (Kc and Lutz 2017). In particular, we use changes in the share of tertiary educated as
a proxy for changes in the share of skilled workers. Table 2 contains the average yearly growth
rates of GDP per capita, population, and labor force by skill category.

The table shows that projected GDP per capita growth in the baseline varies considerably
from an average of 4% in Asian LDCs to 0.74% in Canada. Population growth is low across
many regions and turns negative in some notable parts of the world, e.g. in East Asia. Based on
the skill data from IIASA, the number of unskilled workers falls in many regions, whereas the
number of skilled workers grows strongly in most regions. To allow for changes in the amount
of land and natural resources employed, we introduce isoelastic supply functions for these two
production factors with supply elasticities equal to 1. We also increase the parameter of the
flexibility of the expected net rate of return on the capital stock with respect to investment
(from 10 to 50 percent). We do that to reduce the tendency of international investment flows to
respond to changes in expected rates of return to achieve smoother simulations. All the other
parameters are set at standard values provided by the GTAP11 database.7

Besides the standard features described, we model two types of structural change in the
economy. First, we allow for differential productivity growth across sectors based on historical
data to model classical structural change in the economy (a rising share of services output in
total output and falling shares of agriculture and manufacturing). In our baseline, productivity

7The details can be verified from the replication files, which are available upon request.
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Table 2: Average annual growth rate of main macroeconomic variables from 2017 to 2040, and
gross savings rates in 2017 and 2040

Region GDP per Population Unskilled Skilled Savings rate

capita labor force labor force 2017 2040

ASL 4.00 0.71 0.96 2.41 0.22 0.21

AUS 1.03 1.04 0.70 1.69 0.25 0.27

BRA 1.35 0.55 0.27 1.36 0.16 0.17

CAN 0.74 0.97 0.31 1.05 0.20 0.20

CHN 3.68 -0.13 -0.53 1.27 0.44 0.39

E27 1.42 0.09 -0.51 0.74 0.24 0.24

EFT 0.86 0.64 0.02 1.10 0.30 0.32

GBR 0.91 0.45 -0.08 1.06 0.13 0.12

IDN 3.56 0.59 1.12 2.77 0.34 0.29

IND 3.85 0.81 0.75 2.21 0.26 0.28

JPN 0.89 -0.41 -1.16 0.29 0.25 0.26

KOR 2.07 -0.09 -1.23 0.77 0.39 0.33

LAC 1.75 0.81 0.79 2.04 0.18 0.19

MEX 1.26 0.68 0.79 2.20 0.23 0.22

MIN 1.78 1.25 1.10 2.64 0.26 0.24

OAS 1.87 0.89 1.21 1.90 0.19 0.19

ROW 2.59 -0.71 0.37 1.35 0.22 0.23

RUS 1.93 -0.22 -0.37 0.47 0.29 0.29

SEA 2.85 0.69 0.51 2.00 0.29 0.26

SSL 2.69 2.13 2.89 4.39 0.18 0.22

SSO 2.52 2.00 2.52 4.20 0.19 0.23

TUR 2.27 0.77 0.63 2.11 0.26 0.20

USA 1.07 0.58 0.17 0.96 0.18 0.17

ZAF 1.19 0.84 0.87 1.93 0.23 0.26

growth in primary and secondary sectors is, on average, larger than in services. However,
in contrast to previous work, which differentiates only between these three broad categories
(see, for example Mensbrugghe (2005)), we differentiate between different services sectors since
historical data show that there has been considerable heterogeneity in productivity growth
between services sectors. A detailed description of the estimations based on historical data is
presented in Bekkers, Corong, et al. (2023). Table 3 displays the assumptions on differential
total factor productivity (TFP) growth imposed on the model.

Second, gross savings rates change over time based on an empirical life-cycle framework. In
particular, we follow the approach in Fouré, Bénassy-Quéré, and Fontagné (2013) and model
the gross savings rate as a function of GDP, demographic variables, GDP per capita relative to
the US, and GDP per capita growth. Without this additional feature, savings rates would stay
virtually constant with savings a Cobb-Douglas share of income of the representative agent.
Further details are in Bekkers, Corong, et al. (2023). 8 Table 2 also displays the savings rates in
2017 and 2040 in the model, showing that in most regions the savings rate decreases from 2017
to 2040. However, some developing economies such as India and South Africa are projected to
see an increase in their savings rates.

Finally, we incorporate trade policy changes since 2017. First, we introduce iceberg trade
cost reductions due to the implementation of the Trade Facilitation Agreement (TFA), based on
WTO’s calculations of AVEs of the OECD Trade Facilitation Indicators by Möısé and Sorescu

8Targeting the savings rates to the projections from a macroeconomic model makes the model more realistic
and also helps the model to get closer to a steady state with converging rates of return, given that the base year
(2017) savings rates are too large for a steady-state with constant rates of return, especially in economies like
China.
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Table 3: Difference between sectoral and average total factor productivity growth

Sector Differential TFP

Agriculture 2.49

Mining and extraction 0.00

Manufacturing 1.51

Construction -1.40

Utilities -1.10

Trade 0.77

Transport 0.00

Accommodation -1.40

Communication 1.30

Financial services and insurance 1.02

Real estate 0.78

Other business services -1.44

Public services -0.55

(2013).9 Second, we increase tariff rates between China and the US as a reflection of increasing
trade tensions. Third, we increase iceberg trade costs between EU-27 and the UK due to Brexit.
Fourth, we introduce a reduction in tariffs and NTMs because of preferential trade agreements
signed until 2019. The tariff part is based on the ITC database of forward-looking bilateral and
sector-specific ad valorem tariffs (ITC 2024), while the NTMs part is estimated by using the
DESTA depth indexes database (Dür, Baccini, and Elsig 2014). For Brexit and NTM effects
from new PTAs, we calculate ad valorem equivalents based on Egger et al. (2015)’s gravity-
based coefficient estimates of the impact of the depth of FTAs on trade costs. Beyond these
developments, we assume that geopolitical conflicts and trade fragmentation do not worsen
further in the baseline. Scenario analysis on future trade policy cooperation can be found in
Métivier et al. (2023).

3 Modelling the impact of digitalization: five trends

We model five trends related to digitalization: (i) the adoption of AI fostering productivity;
(ii) digitalization lowering trade costs; (iii) rising shares of e-commerce reducing trade costs;
(iv) reduced need for physical face-to-face interaction in economic transactions reducing trade
costs; (v) digitalization and AI leading to an increased importance of data policies impacting
trade costs. For each of the five trends, we develop a core scenario and a convergence scenario.
The core scenario contains lower productivity growth related to AI in economies with a lower
AI readiness, identical trade cost reductions related to digitalization, and rising trade costs
as a result of more restrictive data policies associated with geopolitical tensions. Under the
convergence scenario, sectoral AI productivity shocks are identical, there is an acceleration of
trade cost reductions related to digitalization in laggard economies and a convergence of data
policies towards an approach based on safeguards and trust leading to lower trade costs.10 For
each of the trends, we first describe the economic rationale behind its inclusion, and then turn
to the design of the shock (theoretical framework and calibration). A summary of the scenarios
can be found in Table 10 below.

9Möısé and Sorescu (2013) provide data for primary, secondary, and tertiary sectors. We scale them down
based on rates of TFA implementation by members from WTO (2020).

10Shocks associated with the introduction of e-commerce and the reduced importance of physical face-to-face
intensity are the same in the core and convergence scenarios.
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3.1 The adoption of AI fostering productivity

Artificial intelligence (AI) refers to the ability of a digital computer or computer-controlled
robot to perform tasks commonly associated with humans, such as the ability to reason, discover
meaning, generalize, or learn from past experience (Britannica 2024). It can be seen as a form
of automation in which the computing ability of machines is substituted for human intelligence
and expertise (Aghion, B. F. Jones, and C. I. Jones 2017).

3.1.1 Design of the shock

AI is projected to affect the organization of production in three main ways: (i) the replacement
of labor by (broad) capital; (ii) increased productivity of labor and capital; (iii) the creation of
new tasks (Briggs and Kodnani 2023; Acemoglu 2024). We follow the projections in Briggs and
Kodnani (2023) who focus on the productivity effects of the first two channels. They employ the
United States Department of Labor’s O*NET tasks database to study the extent of AI exposure
by occupation in the United States and the possible productivity effects of AI adoption.11 They
estimate that roughly two-thirds of US occupations are exposed to some degree to AI. They
project that widespread adoption of generative AI could reduce the employment of some workers
who will be replaced by such applications but will also raise the productivity of those workers
who remain in their jobs. Their calculations suggest that about 7% of the United States workers
could be replaced by AI. But those workers who remain in their jobs and work with AI tools
could see their productivity rise by as much as 3.1% (average over different studies). Adding
up the various effects, AI adoption is projected to increase the United States labor productivity
growth by 1.5% per year over a 10-year horizon (Briggs and Kodnani 2023).

In our simulations, we introduce the AI shock in 2027.12 In the convergence scenario we
assume that sectoral productivity growth is identical across economies based on the productivity
shocks for the US generating an average productivity growth of 1.5% per year for this
economy.13. The projected productivity growth varies across sectors based on the calculated
AI exposure of occupations mapped to sectors using employment data. The same sectoral
productivity growth data are also applied to other economies. However, since other economies
do not have the same sectoral or industrial structure as the United States, productivity gains
will differ across economies. For example, since productivity growth is projected to be larger
in business services, most economies will have a lower average productivity growth than the
United States, which has a high share of business services.

It is worth noticing that a similar approach is used in WTO (2024) with one main difference
in the sectoral variation in AI productivity shocks derived from the occupational variation in
AI exposure. In WTO (2024), the authors use variation based on occupation tasks exposure in
Eloundou et al. (2023). In this paper, we do not employ this additional complication and follow
the variation in productivity shocks in Briggs and Kodnani (2023) based on occupational group
level variation.

In the core scenario, we allow for variation in the ability of economies to harness AI adoption
benefits based on the replicated AI Preparedness Index (AIPI) proposed in Cazzaniga et al.
(2024). This index ranges from 0 to 1 and captures various determinants of AI adoption: digital
infrastructure, human capital, technological innovation and legal frameworks.14 We normalize

11The database offers comprehensive information on both worker attributes and job characteristics across the
United States occupations. See O*Net (2024).

12We use 2027 as a starting year for AI shock for two reasons. First, we use conservative predictions by Bughin
et al. (2018) that the net impact of AI will take off after ten years. According to Waters (2017), 2016-2017 are
the years when AI started to conspicuously transform the technology industry. Therefore, we use it as a starting
point for the 10-year cooling-off period. Second, Bughin et al. (2018) mention that ”absorption of AI might reach
today’s s level of digital absorption by 2027.”

13This shock is phased in over 14 years, which corresponds with an annual growth rate of 1.06% per year
14As this index was not publicly available when the simulations were prepared, we replicated it using the
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economies’ AIPI values relative to the US value and multiply our economy-sector AI shocks by
the normalized index. Hence, the less an economy is prepared for AI adoption, the smaller the
projected productivity increase.

In contrast to the estimate from Briggs and Kodnani (2023), Acemoglu (2024) calculates
the increase in total factor productivity from AI adoption to be no more than 0.71% over ten
years. This is less than half the projected TFP gain from Briggs and Kodnani (2023). The
main reason for this lower productivity effect is that Acemoglu (2024) estimates that only about
19.9% of tasks in the United States would be exposed to AI competition based on Eloundou
(2023). Furthermore, Acemoglu (2024) scales projected productivity gains down assuming that
less than 25% of the potential productivity gains coming from Eloundou’s AI exposure would be
profitable, based on Svansberg (2024). For comparison, Briggs and Kodnani (2023) estimates
that roughly two-thirds of the United States occupations will be exposed to some degree to AI,
and that a significant share of the workload can be replaced of the occupations exposed. Even
further, Acemoglu (2024) argues that TFP gains may even be as low as 0.55% over ten years
because some future returns will have to come from hard-to-learn tasks and may require new
institutions, policies, and regulations to fully harness the benefits. Given these differences in
estimates of TFP gains, our calculations should be seen as an upper bound of the productivity
gains from AI.

3.1.2 Projected productivity changes

The last column of Table 4 displays the productivity shocks in the different sectors, which
is identical across all regions. The table makes clear that the largest productivity increases
are expected for the business services sectors such as finance (OFI), insurance (INS),
communications (CMN) and other business services (OBS), whereas the smallest productivity
gains are projected to occur for sectors such as motor vehicles (MVH) and processed food (PRF).
Column 2 shows the AI Preparedness Index across regions. The United States of America
scores highest in terms of AI preparedness and low-income Sub-Saharan Africa scores (SSL)
lowest. Combining these data implies average productivity growth in the convergence scenario
(not considering AI preparedness) and the divergence scenario (considering AI preparedness).
Differences in the convergence scenario are driven by sectoral output shares across economies
with regions with a larger share of business services in output projected to incur larger
productivity gains. In the divergence scenario, differences are more pronounced because of
differences in AI preparedness.

Allowing for variation in the AI productivity shock by the economy will lead to divergence
since low-income economies have the lowest AI preparedness. More generally, this means that
the convergence scenario should be understood as implying more convergence or less divergence
compared to the core scenario, not necessarily as generating convergence by itself.

3.2 Digitalization lowering trade costs

Digital technologies have the potential to reduce trade costs in multiple ways. They can
help improve customs procedures, raise the efficiency of logistics, reduce communication costs
between people speaking different languages, reduce contract enforcement costs, and reduce
communication costs in general if broadband coverage is improved and internet speed is raised.

3.2.1 Design of the shock

To determine the potential for trade cost reductions because of digital technologies, we proceed
in two steps. First, we regress inferred trade costs on a set of determinants which are projected
to change because of digitalization. Inferred trade costs are calculated based on the approach

methodology implemented by Cazzaniga et al. (2024). See Appendix A.6 for more details.
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Table 4: Various characteristics of the implemented AI productivity shock

# Region AI Preparedness
Index

Average
(production
weighted)

productivity shock
(convergence)

# Sector AI productivity
shock

(convergence)

1 ASL 0.44 0.88 1 AGR 0.85

2 AUS 0.90 1.01 2 OIL 0.76

3 BRA 0.54 0.99 3 ONR 0.66

4 CAN 0.92 1.01 4 PRF 0.69

5 CHN 0.76 0.96 5 P C 0.81

6 E27 0.82 1.00 6 CHM 0.86

7 EFT 0.95 1.02 7 PRP 0.88

8 GBR 0.96 1.05 8 TWL 0.68

9 IDN 0.62 0.92 9 OTG 0.79

10 IND 0.59 0.95 10 MET 0.70

11 JPN 0.92 1.01 11 EEQ 0.86

12 KOR 0.93 1.01 12 ELE 1.10

13 LAC 0.53 0.97 13 OME 0.94

14 MEX 0.64 0.95 14 MVH 0.63

15 MIN 0.63 0.91 15 OTN 0.93

16 OAS 0.68 0.99 16 UTC 0.71

17 ROW 0.60 0.93 17 TRD 1.08

18 RUS 0.65 0.94 18 AFS 0.62

19 SEA 0.73 0.98 19 TRP 0.79

20 SSL 0.39 0.91 20 WHS 0.72

21 SSO 0.51 0.91 21 CMN 1.31

22 TUR 0.63 0.92 22 OFI 1.64

23 USA 1.00 1.06 23 INS 1.60

24 ZAF 0.55 1.01 24 OBS 1.35

25 ROS 0.98

26 OTS 0.86

27 EDH 1.28

Source: Own calculations based on the approach by Cazzaniga et al. (2024)
Notes: The table presents the summary characteristics of the applied AI productivity shock. The first
column shows the values of the AI preparedness index, calculated based on Cazzaniga et al. (2024) approach.
The values are normalized with respect to the US index. The second column shows the values for average
production-weighted AI productivity shock in the convergence scenario, i.e., without the impact of the AI
Preparedness Index, on a regional level. The third column represents the average AI productivity shock in
the convergence scenario on a sectoral level. For mapping to region and sector names, see Table 1.

originally proposed by Head and Ries (2001) as well as Chen and Novy (2011) and applied by
Novy (2013), among others. Hence, iceberg trade costs between the economy i and j in sector
s, τijs, can be expressed as the ratio of international relative to intra-national trade flows in
trade models with CES-preferences such as the Armington model used in the simulations:

τijs =

(
XijsXjis

XiisXjjs

) 1
2(σs−1)

(1)

Xijs is the value of sales from economy i to j in sector s and σs the substitution elasticity
between goods of different origin in sector s. We refer to this measure of trade costs as the
Head and Ries (HR) Index.

We regress the HR Index in equation (1) on seven variables related to digitalization for
the three aggregate sectors primary (agriculture and extraction), secondary (manufacturing),
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and tertiary (services):15 (i) lead time to import as a measure of customs procedures
(LEAD TIME); (ii) the liner shipping connectivity index as a measure of logistics efficiency
(LSCI); (iii) the depth of credit information index (CREDIT ) and an enforcing contracts
indicator (CONTRACT ) as a measure of the quality of the credit and contract environment;
(iv) the existence of a common language (LANG) as a measure of the importance of
language differences, (v) one principal component of log-linearised fixed and mobile broadband
subscriptions per capita (COMP BROAD), (vi) bandwidth speed per user (BAND) and (vii)
importer-specific WB-WTO Services Trade Restrictiveness Index 16 (STRI):

ln τij = α+ βl lnLSCIij + βt lnLEAD TIMEij + βe lnCONTRACTij + βc lnCREDITij

+ βbCOMP BROADij + βbBANDij + βbSTRIj + γLANGij +X ′θ + ϵij
(2)

The dependent variable is calculated based on GTAP Data for 2017. The explanatory
variables are based on data from the WTO, the World Bank, CEPII and the International
Telecommunication Union (ITU). We also include gravity variables from CEPII as control
variables, such as distance, the existence of an FTA, and colonial linkages. The estimation
results are in Appendix A.3. 17

As a second step, we develop a scenario for trade cost reductions based on projected
changes in the determinants of trade costs as a result of digitalization. More specifically, in
the convergence scenario, we assume that economies with lower scores of the determinants of
digitalization converge partially to the level of the economy with the 75% best performance. We
assume that laggard economies close half of the gap with the 75% best-performing economies.18

In line with this approach, the negative impact of common language on trade costs is assumed
to fall by half. 19

The size of the shocks in the core scenario is based on the size of the shocks in the convergence
scenario. In particular, in the core scenario, trade cost reductions are identical across regions
for the different sectors, such that the global trade-weighted average reduction in trade costs is
identical to the global reduction in the convergence scenario.

3.2.2 Projected trade cost changes

The ad valorem equivalent trade cost reductions are mapped to yearly changes such that trade
costs fall as projected by the empirical estimates over the course of 23 years. Appendix A.4
provides the details. Tables 5 and 6 display the trade-weighted annual reductions in trade costs
for importing regions and sectors. Analyzing the variation across sectors, the average yearly
reduction in trade costs varies between 0.09% for computer, electronic and optical equipment
(ELE) and 1.28% for warehousing (WHS). This variation is driven by the fact the tertiary sector
is estimated to have the largest trade cost reductions and the fact that the largest trade cost
reductions across regions occur in lower income regions covering a small share of global exports
of sectors like ELE. Comparing the shocks across regions shows that the largest reductions
are projected in the convergence scenario are projected for the least-developed regions such as
SSL (1.58%), whereas the smallest reduction is projected for high and middle-income economies.

15We estimate for the three broad sectors, because we do not have sufficient information at the detailed sectoral
level.

16We adjust WB-WTO values for intra-EEA pairs using the ratio of OECD intra-EEA STRI related to OECD
STRI.

17More details on the measurement of the different variables are also in Appendix A.3.
18For economies already above 75% best performance, no trade costs changes are projected in the convergence

scenario.
19We calculate the ad valorem equivalents of these changes for all the economies available in the databases

used and aggregate them up to the level of our 24 aggregate regions using bilateral trade-weighted averages per
sector.
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Mexico (MEX) has the lowest projected reduction in trade costs, which can be explained by
the fact that this the economy already scores above the 75% quartile for most indicators.

Table 5: Annual ad valorem equivalent trade cost reductions as a result of technological change
in convergence scenario. Averages across importers

Region Total Common Lead LSCI STRI Contract Broadband

Language and Credit and Bandwidth

ASL -0.95 -0.19 -0.06 -0.11 0.00 -0.42 -0.18

AUS -0.22 -0.15 0.00 -0.02 0.00 -0.04 -0.02

BRA -0.57 -0.35 -0.10 -0.03 -0.01 -0.06 -0.03

CAN -0.21 -0.06 -0.08 -0.01 0.00 -0.05 -0.01

CHN -0.37 -0.21 -0.10 0.00 -0.01 -0.02 -0.03

E27 -0.43 -0.27 -0.03 -0.02 0.00 -0.10 -0.01

EFT -0.48 -0.30 -0.01 -0.05 -0.01 -0.10 -0.02

GBR -0.36 -0.25 -0.04 -0.01 0.00 -0.04 -0.02

IDN -0.38 -0.21 -0.07 -0.01 -0.01 -0.01 -0.07

IND -0.56 -0.13 -0.04 -0.01 -0.01 -0.07 -0.30

JPN -0.39 -0.27 -0.04 0.00 0.00 -0.07 -0.01

KOR -0.20 -0.13 -0.04 0.00 0.00 -0.01 -0.01

LAC -0.49 -0.16 -0.08 -0.09 0.00 -0.12 -0.05

MEX -0.14 -0.07 -0.05 0.00 0.00 -0.01 -0.01

MIN -0.48 -0.22 -0.07 -0.03 0.00 -0.10 -0.05

OAS -0.33 -0.15 -0.07 -0.02 0.00 -0.05 -0.05

ROW -0.55 -0.26 -0.06 -0.10 0.00 -0.05 -0.07

RUS -0.51 -0.30 -0.11 -0.03 -0.01 -0.04 -0.02

SEA -0.26 -0.16 -0.03 -0.01 0.00 -0.03 -0.04

SSL -1.58 -0.25 -0.19 -0.09 -0.02 -0.50 -0.56

SSO -0.83 -0.17 -0.04 -0.06 -0.01 -0.10 -0.45

TUR -0.30 -0.19 -0.03 -0.01 0.00 -0.03 -0.03

USA -0.21 -0.13 -0.02 -0.01 0.00 -0.03 -0.02

ZAF -0.41 -0.15 -0.04 -0.02 0.00 -0.05 -0.15

Source: Own calculations
Notes: The table shows the projected annual (phased-in for 23 years) AVE trade cost reductions from
digitalization in a convergence scenario, i.e. when lagging economies close their gap to the 75th percentile by
half. For mapping to region names, see Table 1.

3.3 E-commerce

More and more consumers and firms are turning to online markets and platforms to make
their purchases. It is estimated that global e-commerce transactions in 2016 amounted to
about $28 trillion, up 44 percent from 2012 (USITC 2017). Online shopping became a lifeline
for hundreds of millions during the COVID-19 pandemic. E-commerce transactions between
businesses (B2B) are estimated to be six times larger than e-commerce purchases of consumers
from businesses (B2C). While cross-border e-commerce transactions were only about 15% of
the total e-commerce market (Express 2017), it is estimated to be around 22% in 2022 (Statista
2022), reaching 33% by 2028 (Juniper 2023).

By reducing search costs, the internet and e-commerce platforms can facilitate market
transactions, including cross-border trade (see, e.g. Cairncross (2001), Borenstein and Saloner
(2001)). This is borne out by the empirical literature, which finds that e-commerce reduces
distance-related trade costs (Freund and Weinhold 2004; Clarke 2008; Hortaçsu, Mart́ınez-
Jerez, and Douglas 2009; Ahn, Khandelwal, and Wei 2011; Lendle et al. 2016). E-commerce
shrinks the distance between buyer and seller by nearly a third according to Lendle et al. (2016),
thereby facilitating more exchange.
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Table 6: Annual ad valorem equivalent trade cost reductions as a result of technological change
in convergence scenario. Averages across sectors

Sector Total Common Lead LSCI STRI Contract Broadband

Language and Credit and Bandwidth

AFS -1.18 -0.64 -0.19 -0.04 -0.01 -0.17 -0.15

AGR -0.31 -0.13 -0.06 -0.02 0.00 -0.05 -0.05

CHM -0.16 -0.09 -0.02 -0.01 0.00 -0.03 -0.01

CMN -1.15 -0.66 -0.12 -0.04 -0.01 -0.19 -0.14

EDH -1.19 -0.65 -0.20 -0.03 -0.03 -0.13 -0.17

EEQ -0.11 -0.07 -0.01 -0.01 0.00 -0.02 0.00

ELE -0.09 -0.06 -0.02 0.00 0.00 -0.01 0.00

INS -1.08 -0.62 -0.10 -0.12 -0.01 -0.14 -0.10

MET -0.16 -0.08 -0.02 -0.01 0.00 -0.03 -0.01

MVH -0.17 -0.11 -0.02 -0.01 0.00 -0.03 0.00

OBS -1.04 -0.63 -0.11 -0.03 -0.01 -0.16 -0.11

OFI -1.14 -0.62 -0.09 -0.04 0.00 -0.34 -0.06

OIL -0.13 -0.04 -0.02 0.00 0.00 -0.03 -0.02

OME -0.12 -0.07 -0.01 -0.01 0.00 -0.02 0.00

ONR -0.50 -0.24 -0.10 -0.01 0.00 -0.06 -0.09

OTG -0.16 -0.09 -0.02 -0.01 0.00 -0.03 -0.01

OTN -0.14 -0.07 -0.01 -0.02 0.00 -0.04 -0.01

OTS -1.25 -0.69 -0.16 -0.05 -0.01 -0.19 -0.16

P C -0.35 -0.14 -0.03 -0.05 0.00 -0.08 -0.05

PRF -0.35 -0.16 -0.03 -0.05 0.00 -0.08 -0.04

PRP -0.16 -0.09 -0.01 -0.01 0.00 -0.03 -0.01

ROS -1.27 -0.67 -0.20 -0.04 -0.02 -0.19 -0.16

TRD -1.12 -0.64 -0.13 -0.04 0.00 -0.22 -0.10

TRP -1.24 -0.68 -0.18 -0.04 -0.01 -0.19 -0.15

TWL -0.18 -0.09 -0.02 -0.01 0.00 -0.04 -0.02

UTC -1.25 -0.59 -0.19 -0.05 -0.02 -0.21 -0.20

WHS -1.28 -0.70 -0.17 -0.05 -0.01 -0.22 -0.15

Source: Own calculations
Notes: The table shows the projected annual (phased-in for 23 years) AVE trade cost reductions from
digitalization in a convergence scenario, i.e. when lagging economies close their gap to the 75th percentile by
half. For mapping to sector names, see Table 1.

3.3.1 Design of the shock

Our database does not distinguish between goods traded online and offline. With such a
distinction we could employ projections about the changing share of online traded goods to
project the impact of the rising importance of e-commerce in the global economy. Therefore,
we follow an indirect approach combining projections on the total share of goods and services
sold online (both domestic and international) with data on the difference in online and offline
trade costs. Through a composition effect, a rising share of online goods and services will reduce
the trade costs on all goods and services (online and offline) traded. Appendix A.5 contains
a formal description of the projected AVE trade cost reduction describing how projections for
the rising online share in goods and services are obtained and how the difference in trade costs
between online and offline is estimated.

3.3.2 Projected trade costs changes

Table 8 displays the average yearly reduction in trade costs for the different sectors. Differences
between economies and sectors are driven by differences in GDP per capita growth, which
determines the predicted increase in the share of online trade, and by differences in the estimated
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impact of GDP per capita on the share of online trade. Two scenarios are implemented, with
and without a decreasing role for a common language. In the former scenario, it is assumed
that the impact of having no common language on the difference in trade costs between online
and offline trade falls by 50%, in line with the convergence scenario for the fall in trade costs.

3.4 Reduced need for physical face-to-face interactions

Face-to-face interactions represent an important way in which economic agents can work on
tasks together, negotiate and settle disputes, or conduct market transactions. However, it is
possible that technological developments will allow such interactions or transactions to occur
without the need for physical or face-to-face encounters. There are those who have predicted a
new wave of globalization that will enable workers from one economy to perform service tasks in
another without the need to be physically present there (Baldwin 2016). The work-from-home
phenomenon we experienced during the pandemic provides evidence that the future alluded to
by Baldwin (2016) is probably closer than we think.

3.4.1 Design of shock

For the purpose of our simulation, we assume that the need for face-to-face task interaction
increases the costs of conducting transactions. The development of new technologies that does
away with the need for face-to-face interaction will, therefore, reduce trade costs.

As in Section 3.2, trade costs are represented by the HR Index. To calculate this index, we
employ data from the most recent GTAP 11 database for the year 2017. Furthermore, for easier
comparability, we set the substitution elasticity equal across all sectors.20

We further calculate the intensity of face-to-face interactions for different sectors using
the United States Department of Labor’s O*NET database. This dataset contains measures
indicating the importance of certain tasks for different occupations on a scale from 0 –100.
Following Blinder (2009), we use four task indicators, which are likely to capture the importance
of face-to-face interactions. These are ”Establishing and maintaining personal relationships”,
”Assisting and caring for others”, ”Performing for or working directly with the public,” as
well as ”Selling or influencing others.” These variables are available at the occupational level
and therefore must be mapped to the industry level. In doing so, we follow the methodology
in Oldenski (2012) by using data on the shares of occupations used in each industry from
the United States Bureau of Labor Statistics Occupational Employment Statistics (2007, 2010).
Unfortunately, it was impossible to match the task-based occupation data to certain agricultural
and natural resource sectors, which fall out of the sample. However, we omit all natural resource
sectors, as face-to-face interactions are unlikely to play a role in their context. Lastly, we
construct a composite measure, referred to as the Face-to-face Index, by taking the average
of the four task-related variables at the sectoral level. A larger value of the index indicates a
stronger intensity of face-to-face interactions in a certain sector.

The first insights can already be inferred from Figure 1, which plots our measure of trade
costs, the HR Index, against the intensity of face-to-face interactions. We see that a stronger
intensity of face-to-face meetings is associated with larger trade costs in general. Furthermore,
compared to goods sectors, the Face-to-face Index seems to be larger for service sectors (rhomb
markers), which tend to appear on the right part of the figure. The sector with the lowest trade
cost is non-ferrous metals (NFM) while the sector with the highest trade cost is accommodation,
food, and service activities (AFS).

To further explore this relationship, we also estimate OLS regressions with three
specifications, displayed in Table 7. As our Face-to-face Index varies only at the sectoral

20In calculating the AVEs associated with a reduced need for physical face-to-face interaction, we correct the
variation in substitution elasticities to ensure that the AVEs are consistent with the elasticities employed in the
simulations.
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Figure 1: The intensity of face-to-face interactions and trade costs

Source: Own calculations
Note: The figure shows the relationship between the calculated face-to-face intensity in the X axis and the log
of the HRM index representing trade costs in the Y axis. The circle markers represent aggregated commodity
sectors, and the rhomb markers - represent services sectors. For mapping to sector names, see Table 1.

level, we conduct the analysis with data averaged across economy pairs (i.e., it only contains
sectoral variation) and importer and exporter fixed effects that absorb other unobserved
characteristics.

Table 7: Face-to-face Interactions and Trade Costs

(1) (2) (3)

log hrm log hrm log hrm

Services 0.317*** 0.160***

(262.13) (81.89)

Face raw av 1.188*** 0.723***

(270.23) (101.21)

cons 0.578*** -0.217*** 0.0845***

(1005.85) (-66.43) (17.24)

Importer and Yes Yes Yes

exporter fixed effects

N 275533 275533 275533

t statistics in parentheses

* p < 0.05, ** p < 0.01, *** p < 0.001

On their own, both the services variable as well as the Face-to-face Index are highly
significant and associated with larger trade costs in all samples. Nevertheless, as specification 3
shows, once both variables are included in the regressions, the effect of being in a service sector
is strongly reduced by approximately half. The same effect is observed for the Face-to-face
Index. Therefore, these results indicate that face-to-face interactions are strong drivers of trade
costs and that the channel driving the higher trade costs for service sectors seems to be the
importance of face-to-face meetings.
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3.4.2 Projected trade costs changes

In the simulations, we project that face-to-face intensity will fall in laggard sectors by reaching
the sector with the lowest score for face-to-face intensity, non-ferrous metals (NFM). As a result,
there is no economy-specific heterogeneity in the shock and, thus also no difference in the shocks
between the core and convergence scenarios. The projected average yearly reduction in trade
costs from diminished face-to-face intensity is presented for the different sectors in Table 8.

Table 8: Projected average yearly ad valorem equivalent trade cost reduction from E-commerce,
diminished face-to-face intensity and data policies in convergence scenario by sector

Sector
E-commerce

Face-to-face Data Policies
With language No language

AFS -0.12 -0.09 -4.61 -0.15

AGR -0.19 -0.12 0.00 -0.04

CHM -0.09 -0.06 -0.22 -0.07

CMN -0.15 -0.10 -2.75 -0.13

EDH -0.08 -0.05 -3.22 -0.13

EEQ -0.08 -0.05 -0.16 -0.03

ELE -0.09 -0.05 -0.27 -0.02

INS -0.06 -0.04 -2.72 -0.08

MET -0.09 -0.06 -0.07 -0.07

MVH -0.11 -0.06 -0.66 -0.03

OBS -0.06 -0.04 -2.75 -0.15

OFI -0.05 -0.03 -3.46 -0.07

OIL 0.00 0.00 0.00 -0.16

OME -0.08 -0.05 -0.13 -0.05

ONR 0.00 0.00 -0.12 -0.08

OTG -0.11 -0.07 -0.90 -0.09

OTN -0.07 -0.05 -0.07 -0.04

OTS -0.08 -0.05 -1.26 -0.15

P C -0.17 -0.11 -0.42 -0.14

PRF -0.18 -0.12 -0.29 -0.10

PRP -0.09 -0.06 -0.26 -0.05

ROS -0.11 -0.08 -3.26 -0.11

TRD -0.15 -0.10 -4.77 -0.07

TRP -0.28 -0.18 -2.43 -0.10

TWL -0.13 -0.07 -0.58 -0.10

UTC -0.06 -0.03 -1.37 -0.28

WHS -0.28 -0.18 -2.44 -0.09

Source: Own calculations
Notes: The table shows the projected annual AVE trade cost reductions from E-commerce, diminished face-
to-face intensity, and ”moving-to-the-middle” evolution of data policies. For mapping to sector names, see
Table 1.

3.5 Data policies

Digitalization has led to the introduction of data policies in most economies. Such data
policies consist, on the one hand, of regulations on the cross-border movement of data and,
on the other hand, of regulations on the localization of data. Future data policies can take
different directions. Following the stylized scenarios in OECD/WTO (2024), we distinguish
between a Moving-to-the-Middle Scenario characterized by convergence to data policies based on
safeguards that are incorporated in the convergence scenario and a Geoeconomic Fragmentation
Scenario characterized by restrictive data policies for trade between economies in different
geopolitical blocks which is incorporated in the core scenario.
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3.5.1 Design of shock

The shocks associated with data policies are designed based on OECD/WTO (2024). We only
consider the shocks related to data flow regulations, since the impact of data localization policies
is small. In the Geoeconomic Fragmentation Scenario (included in the core scenario), there are
three geopolitical blocks (Eastern, Western, and Neutral) and economies in the Eastern and
Western Geopolitical Blocks apply restrictive cross-border data policies based on an ad hoc
authorization approach to data flows from the opposite block. The shocks between the blocks
are asymmetric because they are based on the economies’ current data transfer regimes. Iceberg
trade costs increase because companies need to employ additional resources to comply with these
policies.

In the Moving-to-the-Middle Scenario, regions with cross-border data policies based on
ad hoc authorization would benefit from reductions in trade costs associated with moving
to a safeguards approach. The size of the trade cost changes in both scenarios is based on
gravity estimation regressing trade flows on OECD’s Digital Services Trade Restrictiveness
Index (DSTRI) combined with information about cross-border data policies in place in the
DSTRI.

3.5.2 Projected trade costs changes

Table 8) shows that reductions in trade costs related to data policy reforms are largest in
services sectors such as utilities (UTC), accommodation, food and services activities (AFS),
and communications (CMN). Table 9 displays the average trade cost reduction per importer
under the core and convergence scenarios related to data policies.

In the convergence scenario, trade cost changes tend to fall for a small number of economies
with stringent data policies. At the same time, the majority of the other regions experience
trade cost increases in the core scenario as a result of a shift to more stringent data policies. 21

3.6 Overview of shocks

Table 10 provides an overview of the five trends modeled. Two trends are identical in the
core and convergence scenario: E-commerce and Face-to-Face. These trends are modeled as
sector-specific without variation between economies. The other trends vary between the two
scenarios. The sectoral AI shocks are the same in all economies in the convergence scenario,
whereas they vary by AI preparedness in the core scenario. In terms of trade cost reductions
related to digitalization, convergence corresponds with a larger drop in trade costs for lagging
(lower-income) economies. For changes in data policies the distinction between the core and
convergence scenario is more subtle again. Under the convergence scenario, larger reductions in
trade costs are expected in low-income economies because these economies tend to have either
no data policies or restrictive policies.22

Figures 2 and 3 illustrate the cumulative AVE trade cost reductions among sectors and
importers, respectively, in the convergence scenario. Comparing the drivers of trade cost
changes, the reduced importance of face-to-face intensity is projected to generate the largest
trade cost reduction, followed by the reduced impact of common language on trade costs.
Comparing trade cost changes across sectors indicates that the largest trade cost reductions
are projected to occur in the services sectors. Finally, the comparison across regions shows

21For two regions (ASL and ZAF) trade costs are not projected to change, because information is not available
about their data policies in the indicator employed, the OECD DSTRI.

22The trends modeled are sometimes interconnected. For example, broadband is physical infrastructure whose
impact will cut across many of the technological trends we consider, from logistics to e-commerce, and face-
to-face interaction. Improvements in customs and trade procedures from digitalization will positively impact
international e-commerce. In the analysis, we abstract from these interactions, which could both increase or
decrease projected trade cost changes.
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Table 9: Projected average yearly ad valorem equivalent trade cost reduction from data policies
by importer

Importer Core Convergence

ASL 0.00 0.00

AUS 0.13 0.00

BRA 0.05 0.00

CAN 0.05 0.00

CHN 0.00 -0.34

E27 0.04 0.00

EFT 0.04 0.00

GBR 0.04 0.00

IDN 0.00 -0.38

IND 0.00 -0.36

JPN 0.09 0.00

KOR 0.09 0.00

LAC 0.08 0.00

MEX 0.05 0.00

MIN 0.02 -0.35

OAS 0.23 0.00

ROW 0.00 -0.42

RUS 0.00 -0.45

SEA 0.02 0.00

SSL 0.01 0.00

SSO 0.01 -0.24

TUR 0.00 -0.33

USA 0.12 0.00

ZAF 0.00 0.00

Source: Own calculations
Notes: The table shows the projected annual AVE trade cost reductions from data policies in core and
convergence scenarios. For mapping to region names, see Table 1.

Table 10: Overview of trends modeled in the two scenarios

Scenarios

Trends Core Convergence

The adoption of Different productivity growth Different productivity growth

AI fostering productivity by sector and region as a function by sector and region as a function

of sectoral composition of economy of sectoral composition of an economy

and the AI preparedness index.

Digitalization Reductions in iceberg trade costs Reductions in iceberg trade costs

reducing trade costs as a result of new technologies. as a result of new technologies.

Identical reductions across different Trade costs in lagging pairs catch up

regions by half to 25% best performing pairs

Rising E-commerce shares Reductions in iceberg trade costs due Reductions in iceberg trade costs due

reducing trade costs to the expansion of online sales. to the expansion of online sales.

Reduced need for physical Lower iceberg trade costs due Lower iceberg trade costs due

face-to-face interactions to reduced need for physical face-to-face interactions to reduced need for physical face-to-face interactions

Changes in data policies Rising trade costs because Falling trade costs because

modifying trade costs of the introduction of ad hoc authorization policies of convergence to safeguard based data policies

related to geopolitical tensions reflecting convergence of policies

that Sub-Saharan Africa and Asian LDCs (SSL and ASL) are projected to see the largest trade
cost reductions in the convergence scenario, explained by the scope to catch up and raise, for
example, logistics performance more than other regions. However, also the sectoral structure
matters. For example, the EFTA economies (EFT) are projected to benefit substantially from

18



trade cost reductions because of their sectoral specialization in services.
Figure 4 displays these insights more concisely, comparing the contribution of Digitalization,

E-commerce, Face-to-Face and Digital Policies to changes in trade costs across four main sectors
and four groups of economies by income group. The largest contribution comes from Digital
Policies and Face-to-Face, while the impact of e-commerce on trade costs is relatively small.23

The projected changes are the largest in digitally deliverable services and other services sectors,
while the main beneficiaries are low-income economies.

Figure 2: Cumulative AVE trade cost reductions in 2018-40 among sectors

Source: own calculations.
Notes: the figure depicts the relative sizes of the cumulative AVE trade cost reductions in the observing
period at the sectoral level. The percentage changes are not additive. For mapping to sector names, see
Table 1.

4 Simulation results

4.1 Baseline projections results

The baseline projections generate three main insights. First, the value share of services in output
rises in the baseline, whereas the share of manufacturing falls across all regions (Figure 6). This
is a result of both shifting preferences as economies grow richer and the higher productivity
growth in the manufacturing sector relative to the rest of the economy, making services relatively
more expensive and raising its value share because of the limited scope for substitution.24

Second and related, the share of services in total trade rises between 2018 and 2040, although
the manufacturing sector remains dominant in global trade (Figure 7).

Third, the export-to-GDP ratio is projected to fall slightly in the baseline between 2018 and
2040 (Figure 8). This reflects the falling share of manufacturing and rising share of services
in total output combined with a smaller initial share of services exports in trade. The shift
towards services in the economy, a sector that is less tradable than manufacturing, leads to a

23Note that AI is assumed to only affect productivity in the scenarios and does not affect trade costs.
24This reflects the Baumol effect in which a sector whose productivity growth lags that of another sector

ultimately hoovers up more resources, thus taking up a larger share of the economy at the expense of the more
productive sector.
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Figure 3: Cumulative AVE trade cost reductions in 2018-40 among importers

Source: Calculated based on own simulations.
Notes: the figure depicts the relative sizes of the cumulative AVE trade cost reductions in the observing
period at the regional level. The percentage changes are not additive. For mapping to region names, see
Table 1.

Figure 4: Iceberg trade cost reduction in main sectors across regional groups in four convergence
scenarios

Source: own calculations.
Notes: the figure demonstrates the difference in projected iceberg trade costs reduction in four convergence
scenarios among sectors and regional groups. For mapping to aggregate sectors and regional groups, see
Tables A.1 and A.2, respectively.

fall in exports relative to GDP as a result. At the same time, it is notable that in the baseline,
the trend is projected to be the opposite for some high-income (EFTA and Australia) and
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Figure 5: Iceberg trade cost reduction in main sectors across regional groups

Source: own calculations.
Notes: the figure demonstrates the difference in projected iceberg trade costs reduction in core and
convergence scenarios among sectors and regional groups. For mapping to aggregate sectors and regional
groups, see Tables A.1 and A.2, respectively.

Figure 6: The value added share of manufacturing (upper panel) and services (lower panel) in
2018 and 2040 in the baseline

Source: simulations’ results.
Notes: the figure demonstrates the change in value added in manufacturing and services sectors in aggregated
regions between 2018 and 2040 in the baseline scenario, i.e., without the impact of digitalization developments.
For mapping to region names, see Table 1.

low-income (Sub-Saharan Africa and LAC) regions.

4.2 The impact of digitalization

In this section, we analyze the impact of digitalization on (i) global trade growth; (ii) the
importance of total services and DDS trade globally and for different regions; (iii) the share of
different regions in total trade, services trade and DDS; (iv) changes in revealed comparative
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Figure 7: Export shares of aggregate sectors in 2018 and 2040 in different regions on baseline
scenario

Source: simulations’ results.
Notes: the figure demonstrates the development of export shares of primary and secondary industries, as well
as digitally-deliverable and other services of the aggregated regions between 2018 and 2040 in the baseline
scenario, i.e., without the impact of digitalization. For mapping to region names, see Table 1. For mapping
to aggregate sectors see Table A.1

Figure 8: The ratio of exports to GDP in 2018 and 2040 in different regions in the baseline
scenario

Source: simulations’ results.
Notes: the figure demonstrates the change in exports to GDP ratios among the aggregated regions between
2018 and 2040 in the baseline scenario, i.e., without the impact of digitalization. For mapping to region
names, see Table 1.

advantage; (v) the scope for income convergence between economies; (vi) the organization of
value chain production. For both the core and convergence scenarios, we analyze the effect of
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each trend related individually as well as their cumulative effects.25

4.2.1 Global trade growth

Figure 9 shows the global average annual trade growth in the baseline and convergence scenarios
from 2018 until 2040, adding the different trends related to digitalization cumulatively. In the
baseline global trade is projected to rise by an annual average of 2.3% until 2040. The AI-
related productivity increase will enhance trade growth to an annual average of 2.9% until
2040. Adding the remaining trends, trade growth will reach an annual average of 4.2%. The
two main contributors to global trade growth are increased productivity through AI and the
diminishing role of face-to-face interaction. The other drivers are less important.

Figure 9: Global average annual trade growth (%)

Source: Own simulations.
Note: the figure demonstrates the global annual trade growth in p.p. between 2018 and 2040 in the baseline
and convergence scenarios.

4.2.2 Trade in services and digitally-deliverable services

Figure 10 shows that in the baseline, the shares of DDS and total services are projected to
increase from respectively 11.5% in 2022 to 12.4% in 2040 and from 24.3% to 26.9%. All
digitalization trends would increase the share of DDS further to 17.4% by 2040 and the share
of services in trade to 37.2%. The reduction of trade costs related to digitalization (Dig costs)
and the diminishing need for face-to-face interaction (F2F) are the main drivers of the increase
in the share of both DDS and all services trade with face-to-face playing the most important
role. The other trends hardly affect the share of services and DDS trade. AI adoption is even
projected to slightly reduce the value share of digitally-deliverable services in total trade. The
reason is that AI will raise productivity more in digitally-deliverable services than in other
sectors. With limited scope for substitution between sectors, this will reduce the value share of
digitally-deliverable services in output (Baumol effect).26

Figure 11 provides further details on the projected change in the global share of the different
DDS sectors in all trade. First, the shares of all DDS sectors rise with digitalization, despite

25This means we add up the effects of the trends introduced: the reduction in face-to-face intensity,
digitalization of logistics and customs procedures, shift to e-commerce, AI-related increases in productivity,
and changes in data policies.

26Measured in quantities, the changes in shares would most likely be different, and the share of DDS would
rise with the AI productivity shock, but this is not displayed.
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Figure 10: Global shares of services sectors in exports

Source: Calculated based on own simulations.
Notes: the figure demonstrates the dynamics of increased shares of digitally deliverable and total services in
global exports over 2018-2040 in the baseline and convergence scenarios.

the fact that the value share of sectors with high productivity growth is projected to fall in
the baseline (for example, in communication (CMN), ICT and other financial services (OFI)).
Second, the largest increases in value shares are projected to occur in education and health
care (EDH) and other business services (OBS). Other business services is currently the largest
services sector and is projected to remain the largest by 2040.

Figure 11: Global shares of digitally deliverable services in total exports

Source: Calculated based on own simulations.
Notes: the figure demonstrates the share of various digitally-deliverable services in global exports in the
baseline scenario in 2018, as well as baseline and convergence scenarios in 2040. For mapping to sector
names, see Table 1.
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4.2.3 Shifts in the sectoral composition of exports by income group

Figure 12 explores the shifts in the sectoral composition of exports by economy groups. Across
all income groups, digitalization results in an increase in the value share of services in exports.
Further, across all income groups, this shift comes mostly at the expense of the secondary
rather than the primary sector. Interestingly, the largest change occurs in low-income regions.
In the baseline scenario, digitally-deliverable and other services make up less than 22.3% of their
exports by 2040, whereas in the core scenario services reach around 30% of their exports and in
the convergence scenario services are projected to make up almost half of the total exports of low
income regions (43.9%). In particular, the share of other services rises strongly for low-income
economies (mostly transport and accommodation, food and services activities)

Figure 12: Shares of main sectors in exports of regional groups

Source: Calculated based on own simulations.
Notes: The figure demonstrates the sectoral structure of regional groups’ exports in the baseline scenario
in 2018, as well as baseline, core and convergence scenarios in 2040. For mapping to aggregate sectors and
regional groups, see Tables A.1 and A.2, respectively.

4.2.4 Trade growth in DDS by income group

Figure 13 displays the annual growth of real exports of DDS by income groups. Both in the
baseline and with the different digitalization trends, DDS trade of low-income economies grows
fastest and of high-income economies slowest. In the core scenario, growth rates rise similarly
for all income groups, whereas in the convergence scenario, growth rates increase most for
lower-income regions.

4.2.5 The share of different income groups in DDS trade

Figure 14 shows the implications for the shares of the different income groups in global exports
of DDS. The figure reflects the differences in growth rates in Figure 13. The share of high-income
regions falls substantially from 74.9% to 63.7%. This reduction is driven by baseline trends,
falling trade costs related to digitalization, face-to-face, and the convergence of data policies. In
the upper-middle-income regions, all trends contribute to rising shares, whereas in lower-middle-
income economies, it is the opposite in the case of the diminishing role of face-to-face interaction
and liberalization in data policies. The reason lies in the response of other services sectors to
these shocks. Also, for the low-income regions, the entire increase comes from falling trade costs
related to digitalization. This illustrates the importance of trade-related digitalization policies,
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Figure 13: Average annual trade growth (%) of digitally-deliverable services in income groups
in core and convergence scenarios

Source: Calculated based on own simulations.
Notes: the figure demonstrates the average annual trade growth in p.p. of digitally deliverable services in
regional groups between 2018 and 2040 in various core and convergence scenarios. For mapping to aggregate
sectors and regional groups, see Tables A.1 and A.2, respectively.

such as improved internet access for the participation of low-income regions in the global market
for digitally deliverable services.27

Figure 14: Share of regional groups in exports of digitally deliverable services

Source: Calculated based on own simulations.
Notes: the figure demonstrates the share of regional groups in global exports of digitally deliverable services
in the baseline scenario in 2018, as well as baseline and convergence scenarios in 2040. For mapping to
regional groups, see Table A.2.

4.2.6 The share of different income groups in total trade

Before turning to changes in specialization patterns and revealed comparative advantage (RCA),
we analyze changes in the contribution of different regions to total trade in Figure 15.

27Figure A.2 in the annex confirms that low-income economies’ share of the exports of digitally deliverable
services expands much more in the convergence than in the core scenario, mostly because of the reduction in
digitalization-related trade costs.
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Figure 15: Share of regional groups in total exports

Source: Own simulations.
Notes: the figure demonstrates the regional structure of global exports in the baseline scenario 2018, as well
as baseline and convergence scenarios in 2040. For mapping to aggregate regional groups, see Table A.2.

Low-income, lower-middle-income, and upper-middle-income economies are all projected
to increase their share of trade relative to the baseline because of digitalization. However,
the trends do not have a uniform impact on the shares. For instance, trade cost reductions
related to digitalization and e-commerce expansion are projected to raise the share of low-
income and lower-middle-income economies in global trade. However, the reduced need for
face-to-face interaction decreases their share of global trade. This is because high-income and
upper-middle-income economies benefit more from the reduced need for face-to-face interaction,
thereby increasing their share in global exports. While high-income economies preserve their
leading role in global exports, digitalization decreases this share. In the baseline scenario, their
share of global trade falls from 58.4% in 2018 to 53% in 2040. In the convergence scenario,
digitalization decreases this share further to less than half at 49.4% by 2040.28

4.2.7 Digitalization, specialization patterns and revealed comparative advantage

To analyze changes in specialization patterns, Figure 16 displays the revealed comparative
advantage (RCA) by income groups in the baseline, core and convergence scenarios, generating
two main findings. First, the RCA in DDS increases substantially in the low and upper-middle-
income economies in the convergence scenario. Second, despite the shifts in specialization, the
patterns of comparative advantage display a large degree of inertia with high income economies
maintaining a revealed comparative advantage in DDS and low and middle-income economies
maintaining their RCA in primary goods.

More into detail, low-income economies start with a comparative disadvantage in the
secondary and DDS sectors and a strong comparative advantage in the primary sector and,
to a lesser extent, in other services. In the baseline, little changes to this specialization pattern.
In the convergence scenario, low-income economies expand their RCA in DDS, other services,
and also primary at the expense of the secondary sector, whereas in the core scenario, low-
income economies expand their RCA in manufacturing (the secondary sector) at the expense
of the other sectors.

28Figure A.3 shows that low-income and lower-middle-income economies are projected to have the highest rate
of trade growth in all sectors in the convergence scenario. Instead, high-income economies have a higher trade
growth rate for DDS in the core scenario compared to the convergence. However, it is still less than in low-income
and lower-middle-income economies.
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In the middle income economies, projected changes in RCAs are limited. In the lower-middle-
income economies, the fall in RCA in DDS from 1.2 to 0.9 is barely affected in the convergence
scenario, whereas in the upper-middle-income economies, the increase in RCA in DDS from 0.5
to 0.6 rises further to 0.7 in the convergence scenario. Finally, among the high-income regions,
RCA is projected to increase in the services sectors at the expense of the primary sector in the
baseline scenario. The convergence scenario brings a correction to this trend, with the RCA in
DDS dropping a bit.

Figure 16: Revealed comparative advantage of regional groups in main sectors

Source: Calculated based on own simulations.
Notes: The figure shows the revealed comparative advantage of regional groups in main sectors in the baseline
scenario in 2018, as well as baseline, core and convergence scenarios in 2040. Every graph has its own axis to
detect differences. For mapping to aggregate sectors and regional groups, see Tables A.1 and A.2, respectively.

4.2.8 The potential of digitalization to contribute to income convergence

The question is what these changes in trade and specialization patterns imply for income
convergence between economies? Figure 17 displays the average share of GDP per capita in low-
income (LI), lower-middle-income (LMI), and upper-middle-income (UMI) economies relative to
high-income economies in the initial situation, the baseline in 2040, and the core and convergence
scenarios. The figure makes clear that in the baseline, low- and middle-income economies are
projected to reduce the income gap with high-income economies. However, in the convergence
scenario, low-income economies would even catch up more than in the baseline, whereas in the
core scenario, low-income economies would get further away from the high-income economies
compared to the baseline. For upper-middle-income economies the picture is somewhat different.
They would catch up less with the high-income economies in both the core and convergence
scenarios than in the baseline. The reason is that the impact of diverging forces in the core
scenario (and convergence scenario for middle-income economies) dominates the converging
forces. The diverging forces in the simulations consist of high-income economies benefiting more
from AI-related productivity growth and face-to-face related trade cost reductions due to their
larger production shares in sectors where AI and face-to-face presence are most prominent.29

29One caveat is that the simulations do not consider potential dynamic productivity effects from specialization,
which could foster the scope for catch-up of low-income economies in the convergence scenario if specialization
in DDS would entail dynamic productivity effects.
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Figure 17: Share of GDP per capita in different income groups relative to high-income regions
in the baseline and the core and convergence scenario

Source: Calculated based on own simulations.
Note: this figure demonstrates the ratio of GDP per capita of income groups relative to GDP per capita in
high-income regions.

4.2.9 Value chain organization: imported intermediate inputs in output

Figure 18 shows the development of the share of imported intermediates in gross output for the
different trends. In the baseline, the imported intermediate shares fall for all aggregate sectors
except for the secondary sector (manufacturing).

Figure 18: Share of imported intermediates in global gross output of main sectors

Source: Calculated based on own simulations.
Notes: the figure demonstrates the dynamics of shares of imported intermediates in the global gross output
of main sectors over 2018-2040 in the baseline and convergence scenarios. Every graph has its own axis to
detect changes. For mapping to aggregate sectors, see Table A.1.

However, the digitalization trends boost the intermediate import shares. In the secondary
sector, all the digitalization trends tend to increase the share of imported intermediate inputs
in gross output.30 Hence, digitalization comes with more openness in the production process.
AI-related productivity reduces intermediate import shares in all sectors except for digitally

30Figure A.4 displays the share of imported services in manufacturing gross output for the four income groups.
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deliverable services. The reason is that higher productivity expands gross output more than
intermediate inputs.

5 Concluding remarks

In this paper, we examined the expected impact of new digital technologies on international
trade until 2040. We employed a dynamic recursive CGE model to generate a baseline trajectory
of the world economy based on GDP, population, labor force, and skill projections from different
international agencies. We complemented this with our own empirically underpinned predictions
on differential productivity changes by sector (structural change), changes in preferences, and
the evolution of trade relative to output as well as trade policy developments after 2017. The
baseline simulation involved projecting the evolution of the global economy up to 2040 and
showed significant structural change occurring with a rising share of services in production and
a falling share of manufacturing and agriculture.

We identified and modeled five technological trends that we believe are likely to affect the
size and pattern of international trade: the adoption of AI fostering productivity; the fall in
trade costs due to the impact of digitalization on logistics and customs procedures; the increase
in e-commerce and the reduced intensity of face-to-face interactions, which both reduce trade
costs; and changes in trade costs related to the increased importance of data policies. We
constructed a core and a convergence scenario of these trends, where in the latter scenario, we
assumed lagging regions catching up with the top one-fourth of economies in digitalization.

The simulations produce the following findings. First, digitalization and AI are expected
to provide a strong boost to global trade growth, which would rise from an annual average of
2.3% between 2018-2040 in the baseline scenario to 4.2%. Second, low-income and lower-middle-
income economies are projected to increase their share of global trade to 10.6% compared to their
share of 8.2% in the baseline scenario. This is a result of both falling trade costs and the more
intensive use of digitally-deliverable services as well as more digital-friendly policies. Third, the
share of services trade will rise to 37% by 2040, while the share of digitally deliverable services
in total trade is expected to rise from 11.2% to 17.4% by 2040, significantly higher than the
projected 12.4% share in the baseline. Fourth, the highest growth of trade in digitally-deliverable
services is projected to occur in low-income and lower-middle-income economies. This outcome
shows that digitalization can be a force for trade inclusion, enabling low-income and lower-
middle-income regions to capture a larger share of trade growth. Still, high-income economies
will continue to have a strong comparative advantage in digitally-deliverable services. Fifth,
using the share of imported intermediates in global exports as a measure of global value chains
or offshoring, digitalization appears to have differing effects on the role of GVCs, depending on
the sector concerned.

Our findings about how digitalization can be a force for trade inclusion suggest the
importance of promoting the adoption of digital technologies in low-income and middle-income
economies through a combination of infrastructure provision (e.g., in telecommunications and
power), the establishment of a predictable regulatory environment and investments in education
and training to create a digitally-ready workforce.

As we noted in the paper, one assumption we make is that geopolitical tensions do not lead
to a worsening of trade relations among major economies. This, of course, cannot be guaranteed.
Furthermore, we did not explicitly model how AI adoption could reduce trade costs, an issue
that has not been seriously considered in the trade literature.

Finally, we think that considering how future trade and industrial policy scenarios could
unfold, as well as explicitly modeling and quantifying how AI adoption could affect trade costs
offer fruitful areas for future research.

In line with the results for total gross output, the share of imported services rises in all regions, and all drivers
contribute to this rising share, except for AI adoption.
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ü
rk
iy
e

L
at
in

A
m
er
ic
a

R
es
t
of

N
or
th

A
m
er
ic
a,

A
rg
en
ti
n
a,

B
ol
iv
ia

(P
lu
ri
n
at
io
n
al

S
ta
te

o
f)
,

C
h
il
e,

P
ar
ag

u
ay
,
P
er
u
,
U
ru
gu

ay
,
V
en

ez
u
el
a

(B
ol
iv
ar
ia
n

R
ep

u
b
li
c
of
),

R
es
t
of

S
ou

th
A
m
er
ic
a,

C
os
ta

R
ic
a,

G
u
at
em

al
a,

H
on

d
u
ra
s,

N
ic
ar
ag

u
a,

P
an

am
a,

E
l
S
al
va
d
or
,
R
es
t
of

C
en
tr
al

A
m
er
ic
a,

D
om

in
ic
an

R
ep

u
b
li
c,

H
ai
ti
,
J
am

ai
ca
,
P
u
er
to

R
ic
o,

T
ri
n
id
ad

an
d
T
ob

ag
o
an

d
R
es
t
of

C
ar
ib
b
ea
n

M
id
d
le

E
as
t
an

d
N
or
th

A
fr
ic
a

S
au

d
i
A
ra
b
ia

(K
in
gd

om
of
),

B
ah

ra
in

(K
in
gd

om
of
),

Ir
an

(I
sl
a
m
ic

R
ep

u
b
li
c
of
),

Ir
aq

,
Is
ra
el
,
J
or
d
an

,
K
u
w
ai
t,

L
eb

an
on

,
O
m
an

,
P
al
es
ti
n
ia
n

T
er
ri
to
ry
,

O
cc
u
p
ie
d
,

Q
at
ar
,

S
y
ri
an

A
ra
b

R
ep

u
b
li
c,

U
n
it
ed

A
ra
b

E
m
ir
at
es
,
R
es
t
of

W
es
te
rn

A
si
a,

A
lg
er
ia
,
E
gy

p
t,
M
or
o
cc
o,

T
u
n
is
ia
,
R
es
t

of
N
or
th

A
fr
ic
a

L
ow

-
M
id
d
le
-I
n
co
m
e

In
d
ia

In
d
ia

A
S
E
A
N

V
ie
t

N
am

,
B
ru
n
ei

D
ar
u
ss
al
am

,
M
al
ay
si
a,

P
h
il
ip
p
in
es
,

S
in
ga

p
or
e,

T
h
ai
la
n
d

O
th
er

A
si
an

ec
on

om
ie
s

M
on

go
li
a,

H
on

g
K
on

g,
C
h
in
a,

C
h
in
es
e
T
ai
p
ei
,
N
ew

Z
ea
la
n
d
,
R
es
t
of

O
ce
an

ia
,
A
fg
h
an

is
ta
n
,
R
es
t
of

E
as
t
A
si
a,

P
ak

is
ta
n
,
S
ri

L
an

ka
,
R
es
t
o
f

S
ou

th
A
si
a

R
es
t
of

W
or
ld

A
lb
an

ia
,

S
er
b
ia
,

B
el
ar
u
s,

U
k
ra
in
e,

R
es
t

of
E
as
te
rn

E
u
ro
p
e,

R
es
t

of
E
u
ro
p
e,

K
az
ak

h
st
an

,
K
y
rg
y
zs
ta
n
,
T
a
ji
k
is
ta
n
,
U
zb

ek
is
ta
n
,
R
es
t
of

F
or
m
er

S
ov
ie
t
U
n
io
n
,
A
rm

en
ia
,
A
ze
rb
ai
ja
n
,
G
eo
rg
ia
,
R
es
t
of

th
e
W
or
ld

L
ow

-I
n
co
m
e

A
si
an

L
D
C
s

C
am

b
o
d
ia
,
L
ao

P
eo
p
le
’s

D
em

o
cr
at
ic

R
ep

u
b
li
c,

R
es
t
of

S
ou

th
ea
st

A
si
a,

B
an

gl
ad

es
h
,
N
ep

al

S
u
b
-S
ah

ar
an

A
fr
ic
a

C
am

er
o
on

,
C
ôt
e
d
’I
vo
ir
e,

G
h
an

a,
N
ig
er
ia
,
S
en

eg
al
,
K
en
ya
,
M
au

ri
ti
u
s,

B
ot
sw

an
a,

E
sw

at
in
i,
N
am

ib
ia
,
R
es
t
of

S
ou

th
A
fr
ic
an

C
u
st
om

s
U
n
io
n

S
u
b
-S
ah

ar
an

L
D
C
s

B
en

in
,

B
u
rk
in
a

F
as
o,

M
al
i,

N
ig
er
,

T
og

o,
R
es
t

of
W
es
te
rn

A
fr
ic
a,

C
h
ad

,
C
on

go
,
D
em

o
cr
at
ic

R
ep

u
b
li
c
of

th
e
C
on

go
,
E
q
u
at
or
ia
l
G
u
in
ea
,

G
u
in
ea
,
G
ab

on
,
R
es
t
of

S
ou

th
an

d
C
en
tr
al

A
fr
ic
a,

C
om

or
os
,
E
th
io
p
ia
,

M
ad

ag
as
ca
r,

M
al
aw

i,
S
u
d
an

,
T
an

za
n
ia
,
U
n
it
ed

R
ep

u
b
li
c
of
,
U
ga

n
d
a,

Z
am

b
ia
,
Z
im

b
ab

w
e,

M
oz
am

b
iq
u
e,

R
w
an

d
a,

C
en
tr
al

A
fr
ic
an

R
ep

u
b
li
c,

R
es
t
of

E
as
te
rn

A
fr
ic
a

35



Appendix A.2 Splitting up ICT-services

The GTAP-sector ”Other business services: real estate, renting and business activities” is split
up into two sectors, as it consists of many other services besides ICT-related services. To be
able to focus better on the effects of digitalization, the program Splitcom is employed together
with WIOD data to split up this sector into ”programming and consultancy” and remaining
business services. In particular, employing WIOD dat the share of sector J62 J63 in the J and
M sectors (except for telecommunications (J61), which is a separate sector in GTAP) is used
to calculate the share of the new sector Information technology and consultancy. Specifically,
the share of sector J62 J63 in sectors J59 J60, J62 J63, and M69 M70, M71, M72, M73, M74
M75 is employed. This is done to discipline the share of programming and consultancy for each
region in production, exports, and imports.

Appendix A.3 Digitalization and trade cost reductions: description of data
used and estimation results

In order to study how digitalization affects trade costs, we include several variables sourced from
WTO, ITU, World Bank, OECD and CEPII. Table A.3 presents the list of the independent
variables used, while Table A.4 displays summary statistics of the dependent variable, HR Index.

Tables A.5 and A.6 present estimation results. They differ in terms of the sample considered.
In the baseline, all the 141 regions present in GTAP are included, while in the reduced sample,
the set of GTAP regions representing the ”rest of the world” 31 are excluded, for a total of
121 regions included. The results are mostly consistent between the two samples, however,
the reduced sample provides more anticipated outcomes and coefficients. Therefore, we use
the latter coefficients for AVEs calculations. At the same time, we acknowledge that some
coefficients are counter-intuitive:

1. The Coefficient for contract environment in the primary sector is positive, and the
coefficient for bandwidth in the secondary sector is negative. In these cases, we use
zeros in our AVEs calculations, so the iceberg trade costs are not affected.

2. Although the coefficient for bandwidth in the tertiary sector Column (4) is positive, no
lower bounds on the implied AVEs related to bandwidth are imposed as the change of
sign is the result of the interaction term with STRI.32

31For example, ”Rest of Oceania, Rest of Southeast Asia”, etc.
32At the same time, it is worth noting that the AVE of STRI depends on three features: (i) coefficient of

STRI and interaction terms; (ii) the value of STRI for a particular economy-pair; the values of bandwidth and
broadband for a particular economy pair. As a result, some of the obtained AVE of STRI might be positive.
However, no lower bound on the implied AVEs is imposed.
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Appendix A.4 Calculating ad valorem equivalents technology trade cost
reductions

We can write iceberg trade costs at the GTAP commodity level k corresponding to the aggregate
sector s as follows:

τijk = exp ln

(
XijsXjis

XiisXjjs

) 1
2(σ−1)

σ−1
σk−1

= exp

{
σ − 1

σk − 1
ln τijs

}
(A.1)

Equation (A.1) implies for the percentage change in iceberg trade costs from τ0ijk to τ1ijk:

AV Eijk =
τ1ijk
τ0ijk

−1 =
exp σ−1

σk−1 ln τ
1
ijs

exp σ−1
σk−1 ln τ

0
ijs

−1 = exp

{
σ − 1

σk − 1

[
αs

(
ln z1ij − ln z0ij

)
+ βs

(
y1ij − y0ij

)]}
−1

(A.2)
We need the AVE on a yearly basis (with superscript y) and moreover we need ams, which is
the percentage increase in technology of international trade:

AV Ey
ijk =

τ1,yijk

τ0,yijk

− 1 = 100 ∗
{
(1 +AV Eijk)

1
T − 1

}
(A.3)

amsyijk =
a1yijk − a0yijk

a0yijk
=

1

τ1yijk

− 1

τ0yijk

1

τ0yijk

=
τ0,yijk

τ1,yijk

− 1 = 100 ∗
{
(1 +AV Eijk)

− 1
T − 1

}
(A.4)

T is the number of years and aijk is the level of technology in international trade. We assume
that economies are catching up in terms of reductions in trade costs to the median or to the
best 75%, τijk. In particular, we assume that economies close only a fraction α of the gap (for
example, half). The new iceberg trade costs, τ1ijk, will then be given by:

τ1ijk = τ0ijk − α
(
τ0ijk − τ75ijk

)
(A.5)

With τ75ijk the iceberg trade cost of the 75-th percentile best performing economy. We calculate
the corresponding ad valorem equivalent iceberg trade cost reduction as follows:

AV E75
ijk =

τ1ijk
τ0ijk

− 1 = 1− α
τ0ijk − τ75ijk

τ0ijk
− 1 = α

(
τ75ijk
τ0ijk

− 1

)
(A.6)

Hence, the fraction by which the gap is closed simply scales down the AVE reduction in iceberg
trade costs. The expression for ams with partial convergence is given by:

amsy,75ijk =
τ0yijk

τ1yijk
− 1 =

τ0yijk

τ0yijk − α
(
τ0yijk − τ75yijk

) − 1 =
1

1− α
τ0yijk−τ75yijk

τ0yijk

− 1 =
1

1 + αAV E75y
ijk

− 1

=
1

1 + α

{(
1 +AV E75

ijk

) 1
T − 1

} − 1
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Table A.3: Indicators used in gravity estimation, their measurement and sources

Indicator Measurement Source

Lead time to import The median time (the value for 50% of
shipments) from port of discharge to arrival
at the consignee

World Bank

The liner shipping
connectivity index (LSCI)

Captures how well economies are connected
to global shipping networks. Takes values in
relation to values in 2004 (=100).

The depth of credit
information index

Index (0-8) that measures rules affecting
the scope, accessibility, and quality of
credit information available through public or
private credit registries.

Enforcing contracts
indicator

Time required to enforce a contract is the
number of calendar days

Geographical distance Population-weighted distance between most
populated cities (harmonic mean)

CEPII

The existence of an FTA 1 if there is an FTA in a economy-pair and 0
otherwise

Colonial linkages 1 if economies share a common colonizer post
1945 and 0 otherwise

Common language 1 if economies share common official or
primary language and 0 otherwise

Fixed broadband
subscriptions per capita

Number of subscription per capita (takes
value from 0 to 1)

ITU

Mobile broadband
subscriptions per capita

Number of subscription per capita (may
exceed the value of 1)

International bandwidth
speed

Average usage of all international links
including fiber-optic cables, radio links and
traffic processed by satellite ground stations
and teleports to orbital satellites (expressed
in Mbit/s)

STRI Captures the restrictiveness of an economy’s
regulatory and policy framework with respect
to trade in services. Takes values from 0 to
100 (the lower, the less restrictive)

WB-WTO,
OECD

Note: ITU - International Telecommunication Union; WB - World Bank; UPU - Universal Postal Union;
WEF - World Economic Forum; ILO - International Labour Organization; FI - Fraser Institute; UN -

United Nations

Table A.4: Summary Statistics

Ln(τij) Primary Sector Secondary Sector Tertiary Sector

Mean 1.068 1.457 3.266

Std. Dev. 0.373 0.504 0.596

Min 0.173 0.244 1.238

Max 2.837 4.377 5.524
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Table A.5: Trade Costs Analysis. Baseline: Full Sample.

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

Primary sector Secondary sector Tertiary sector Tertiary sector

fta wto -0.0301*** -0.0449*** 0.0409*** 0.0485***

(-251.67) (-692.69) (180.14) (211.25)

comcol -0.0597*** -0.0579*** 0.0759*** 0.0779***

(-261.41) (-352.16) (128.93) (132.56)

col45 -0.0275*** 0.000715*** 0.0158*** 0.0191***

(-63.54) (4.57) (32.32) (39.10)

log dist 0.0681*** 0.0726*** 0.175*** 0.174***

(1019.97) (2398.72) (1521.36) (1508.20)

landlocked -0.0567*** -0.463*** -0.385*** -0.376***

(-79.93) (-1310.07) (-353.21) (-344.24)

contig -0.0652*** -0.136*** -0.109*** -0.109***

(-391.91) (-1812.86) (-385.74) (-385.65)

log credit 0.0389*** -0.0893*** -0.00789*** -0.0100***

(209.19) (-608.26) (-16.11) (-20.56)

log contract -0.0363*** 0.0363*** 0.0600*** 0.0644***

(-187.09) (342.35) (158.02) (169.67)

comlang ethno -0.0497*** -0.0567*** -0.226*** -0.228***

(-387.54) (-878.44) (-1080.78) (-1093.35)

log lsci -0.0637*** -0.127*** -0.141*** -0.140***

(-498.88) (-1919.36) (-682.52) (-677.84)

log leadtime 0.0360*** 0.0268*** 0.179*** 0.171***

(247.83) (330.80) (627.78) (590.24)

log bandwidth user -0.00208*** 0.0160*** -0.0509*** 0.0763***

(-27.19) (419.39) (-434.95) (125.19)

comp broad -0.0212*** -0.0683*** -0.106*** -0.122***

(-329.81) (-1595.77) (-690.11) (-84.48)

log STRI 0.0156*** 0.428***

(85.76) (220.23)

c.comp broad#c.log STRI 0.00526***

(14.11)

c.log STRI#c.log bandwidth user -0.0363***

(-212.81)

cons 0.335*** 0.506*** 1.504*** 0.0414***

(198.71) (494.66) (421.71) (5.30)

N 5747137 26357456 8500304 8500304

t statistics in parentheses

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A.6: Trade Costs Analysis. Baseline: Reduced Sample.

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

Primary sector Secondary sector Tertiary sector Tertiary sector

fta wto -0.0311*** -0.0493*** 0.0447*** 0.0531***

(-264.69) (-778.17) (203.01) (238.75)

comcol -0.0700*** -0.0607*** 0.0639*** 0.0661***

(-310.56) (-374.54) (111.17) (115.48)

col45 0.0330*** 0.000139 0.0235*** 0.0273***

(73.11) (0.91) (49.32) (57.44)

log dist 0.0666*** 0.0709*** 0.182*** 0.181***

(995.20) (2381.06) (1609.30) (1598.92)

landlocked -0.0386*** -0.549*** -0.506*** -0.492***

(-43.54) (-1444.07) (-428.12) (-414.36)

contig -0.0675*** -0.137*** -0.105*** -0.104***

(-409.91) (-1873.79) (-383.99) (-382.98)

log credit -0.225*** -0.147*** -0.249*** -0.254***

(-452.06) (-751.95) (-337.66) (-344.68)

log contract -0.0343*** 0.0296*** 0.0611*** 0.0663***

(-175.77) (283.02) (162.94) (177.12)

comlang ethno -0.0403*** -0.0514*** -0.211*** -0.214***

(-314.95) (-811.78) (-1035.14) (-1047.79)

log lsci -0.0452*** -0.139*** -0.136*** -0.133***

(-319.86) (-2042.43) (-636.75) (-627.01)

log leadtime 0.0438*** 0.0321*** 0.207*** 0.200***

(292.21) (397.81) (721.13) (681.98)

log bandwidth user -0.00544*** 0.0147*** -0.0542*** 0.0779***

(-69.47) (390.07) (-470.70) (132.71)

comp broad -0.0254*** -0.0677*** -0.117*** -0.0949***

(-370.68) (-1575.81) (-756.81) (-65.88)

log STRI 0.0129*** 0.459***

(72.55) (244.20)

c.comp broad#c.log STRI -0.00453***

(-12.15)

c.log STRI#c.log bandwidth user -0.0379***

(-229.75)

cons 0.855*** 0.745*** 1.964*** 0.376***

(455.30) (708.89) (537.70) (49.27)

N 4976381 25405159 8151656 8151656

t statistics in parentheses

* p < 0.05, ** p < 0.01, *** p < 0.001
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Appendix A.5 Detailed description of the E-commerce shock design

The value of trade between i and j in sector s is equal to the sum of online and offline trade:

Xijs = Xoff
ijs +Xon

ijs (A.7)

In the employed model, trade follows an Armington structure with product differentiation by
sourcing economy. Following this structure for both types of trade, total trade can be written
as follows with cis the price of input bundles, τijs iceberg trade costs, Pjs the price index, Ejs

expenditures, and σs the elasticity of substitution between varieties from different regions:

(cisτijs)
1−σs P σs−1

js Ejs =
(
cisτ

off
ij

)1−σ (
P off
j

)σs−1
Eoff

j +
(
cisτ

on
ijs

)1−σs
(
P on
js

)σs−1
Eon

js

= cisP
σs−1
js Ejs

[
shjs

(
τ offijs

)1−σs

+ (1− shjs)
(
τ onijs
)1−σs

]
(A.8)

shjs is the price-index adjusted share spent offline in importer js, shjs =

(
P off
js

)σs−1
Eoff

js

(Pjs)
σs−1Ejs

. This

share is equal to the spending share under the assumption that the price index is identical for
the two types of trade, corresponding with the assumption of an integrated market.

Trade costs for total trade, τijs, can now be written as a weighted average of trade costs on
offline and trade costs on online trade:

τijs =

[
(1− shonjs )

(
toffijs

)1−σs

+
(
shonjs

) (
tonijs
)1−σs

] 1
1−σs

(A.9)

The percentage change in aggregate trade costs from period 0 to period 1,
τ1ijs
τ0ijs

−1, of an increase

in the share of goods and services traded online (the ad valorem equivalent trade cost reduction)
can be expressed as follows, combining the difference in the estimated online and offline trade
costs τ offijs and τ onijs and the the share of goods traded online in periods 0 and 1, shon,0js and

shon,1js :

τ1ijs
τ0ijs

− 1 =

(1− shon,1js )
(
τ offijs

)1−σs

+
(
shon,1j

)(
τ onijs

)1−σs

(1− shon,0js )
(
τ offijs

)1−σs

+
(
shon,0js

)(
τ onijs

)1−σs


1

1−σs

− 1 (A.10)

Differences in online and offline trade costs To estimate trade costs for online and offline
trade, the same data of online trade through e-commerce and comparable offline trade as in
Lendle et al. (2016) are employed. The following gravity equation is estimated for both online
and offline trade using Poisson pseudo-maximum likelihood:

Xm
ij = exp

{
bm
d zij + ηmi + κmj

}
εmij ;m = on, off (A.11)

Xm
ij is the total value of trade for modem, ηmi and κmj are exporter and importer fixed effects, and

zij is a vector of trade cost variables consisting of distance and dummies for common language,
a history of a colonial relation, common legal origin, and common border. In principle, the fixed
effects could pick exporter- or importer-specific trade costs. However, given that no information
is available on the role of trade costs in the fixed effects, differences in trade costs are inferred
only from the bilateral regressors included in the gravity equation. In particular, combining the
theoretical gravity equation in (A.8) with the empirical gravity equation in (A.11), iceberg trade

costs can be written as
(
τmijs

)1−σs

= exp
{
boff
d zij

}
and the ad valorem trade cost reduction in

(A.10) can thus be written as:

τ1ijs
τ0ijs

− 1 =

 (1− shon,1js ) exp
{
boff
d zijs

}
+
(
shon,1j

)
(exp {bon

d zij})1−σ
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boff
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}
+
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) (
exp

{
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d zij

})1−σ


1

1−σ

− 1 (A.12)
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Share of goods and services sold online To project the share of goods sold online into
the future for the 24 regions and 27 sectors employed in the model, data on the share of goods
sold online from Eurostat are employed, more specifically the enterprises’ total turnover from
e-commerce as a percentage of total turnover.33 The Eurostat data are available at the sectoral
level for a total of 34 economies for the period 2009-2022 and in the estimates presented data
for 2019 were utilized.34

To project future shares of goods sold online, the 2019 shares are regressed on GDP per
capita for the 11 sectors in the database.35 In order to avoid non-positive values for the share
of goods sold online, a fractional logit transformation of the e-commerce share was conducted,
before regressing the share on GDP per capita. The projections on GDP per capita also used for
the baseline projections are in turn employed to generate projections for changes in the shares
of online trade based on the coefficients estimated per sector.

Like in Lendle et al. (2016), the gravity equation in (A.11) is estimated pooling all types
of goods traded online and goods in all comparable sectors traded offline, since there are not
enough data available for many of the types of goods traded online. Table A.7 displays the
estimation results, which are substituted into equation (A.12) to calculate projected changes in
trade costs.

Table A.7 shows for example that the absence of a common language has a stronger negative
impact on online trade than on offline trade. Focusing only on differences in the distance
coefficient, would then overestimate the reduction in trade costs of online trade. Therefore,
deviating from Lendle et al. (2016), all gravity regressors are taken into account in calculating
trade costs for online and offline trade.

33We use the e-commerce Customer Relation Management and Secure Transaction Database, which relies on
the annual Eurostat model questionnaires on ICT usage and e-commerce in enterprises.

34The data are available for the following economies: Austria, Belgium, Bosnia and Herzegovina, Bulgaria,
Cyprus, Czechia, Germany, Denmark, Estonia, Greece, Spain, Finland, France, Croatia, Hungary, Ireland,
Iceland, Italy, Lithuania, Luxembourg, Latvia, North Macedonia, Malta, Montenegro, Netherlands, Norway,
Poland, Portugal, Romania, Serbia, Sweden, Slovenia, Slovakia and the United Kingdom.

35Data are available for 11 sectors and for the total economy, among which enterprises employing 10 persons
or more were surveyed. The included sectors are: Manufacturing; Electricity, gas, steam, air conditioning and
water supply; Construction; Wholesale and retail trade including repair of motor vehicles and motorcycles;
Transportation and Storage; Accomodation; ICT Sector; Information and communication; Real Estate Activities;
Professional, Scientific and Technical Activities and Administrative and Support Service Activities. These sectors
were mapped into the GTAP sectors in the simulations.
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Table A.7: Gravity estimation for online and offline trade flows

(1) (2) (3)

Online trade Offline trade Online and offline trade

Distance -.43*** -.78*** -.78***

(.069) (.039) (.039)

No common legal system -.29*** -.37*** -.37***

(.1) (.061) (.061)

No common border -.79*** -.32*** -.32***

(.15) (.09) (.09)

No common colony -.15 .12 .12

(.12) (.11) (.11)

No common language -.95*** .15 .15

(.14) (.098) (.098)

Distance online .35***

(.08)

No common legal system online .087

(.12)

No common border online -.46***

(.17)

No common colony online -.28*

(.16)

No common language online -1.1***

(.17)

Observations 4300 3942 8242

R2 0.96 0.96 0.96

Standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01
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Appendix A.6 Details on replication of the AI Preparedness Index

The AI Preparedness Index was introduced by Cazzaniga et al. (2024). It is based
on approximately 30 indicators that are grouped into four pillars/dimensions: (i) Digital
infrastructure, (ii) Human capital and Labor Market Policies, (iii) Innovation and Economic
Integration, (iv) Regulation and Ethics. Within each of the four pillars, the subindicators (x) -
for the latest year with available data - are normalised on a 0-1 scale as follows:

(x− xmin)

(xmax − xmin)
(A.13)

After that, each pillar is calculated as a simple average of its normalized subcomponents,
while the final AI Preparedness Index is then derived as the simple average of pillars’ values.

As there is no public version of the AI Preparedness Index, we replicate it using their
methodology. However, our replication has some differences as there are some unclarities about
its compilation:

1. Indicators. (i) We use some alternative indicators to what is used by Cazzaniga et al.
(2024). For instance, we use ITU data on population share that uses the internet instead
of ”Estimated internet users per 100 inhabitants.” We do that because this seems to be the
UN indicator for Millenium Goals, therefore it is calculated only until 2015. At the same
time, our alternative indicator from ITU is of the same nature and has more recent data.
(ii) Another issue is the absence of the mentioned indicators. Due to this reason, we do
not have indicators such as ”Number of wireless broadband subscriptions” and ”Number
of female STEM graduates” in our replication. 36 The full list of used indicators and their
respective sources are shown in Table A.8.

2. Data presence. The root of this problem is that many economies do not have continuous
data for some indicators. As a result, this problem has two dimensions: (i) Obsolete data
for indicators. Unfortunately, there is no recent data for some indicators. For instance,
the latest data on ”Domestic credit to the private sector” for Canada is from 2008. We
acknowledge that it can raise reliability concerns. (ii) How do you calculate 10-year
averages if the latest data available is two decades old and/or if there are observations
with 2/3/5-year gaps, etc.? Our solution for this problem is to identify the last available
year for each economy and take the average for 10 years before that without distinction
whether the data is missing within these 10 years or not.

3. Missing data. Initially, we combined a dataset with around 30 indicators for more than
190 economies. Therefore, the likelihood that at least some of the indicators in some
economies would not be present at all, is high. To tackle this problem, we used the double
threshold approach. More specifically, each economy has to have data points for at least
50% of all variables and for at least half of indicators per pillar, while each variable has
to include observations for at least 50% of all economies.

Using the approaches described above, we calculated the index for 146 economies and
mapped it into GTAP141 regions. The values for ”Rest of” regions were calculated as a simple
mean. Figure A.1 is the graphical representation of the index for selected economies.

As our productivity shocks are based on US data, to distinguish convergence and core
scenarios, we standardize our indicator so that its value for the US equals 1, with respective
changes for all other economies.

36However, we still use similar indicator for both sexes
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Table A.8: Indicators used to replicate AI Preparedness Index

Dimension Indicator Source

Digital Infrastructure

Individuals using the internet (% of population) ITU

Fixed telephone lines per 100 inhabitants ITU

Mobile subscriptions per 100 inhabitants ITU

Fixed broadband subscriptions per 100 inhabitants ITU

ICT affordability (fixed-broadband and data-only mobile
broadband) as %GNI in 2021

ITU

Secure Internet servers (per 1 mln people) ITU

Postal reliability index UPU

Use of mobile phone or the internet to buy something
online (% age 15+)

WB

Online service index UN

Human Capital and
Labor Market Policies

Human capital index UN

Public education expenditure (10-year average, %GDP) WB

Skillset of graduates WEF

Digital skills among population WEF

Number of STEM graduates, both sexes (10-year average,
% of total graduates)

WB

Flexibility of wage determination WEF

Social protection (% covered by at least one social
protection benefit)

ILO

Internal labor market mobility WEF

Active labor market policies WEF

Pay and productivity WEF

Innovation and
Economic Integration

R&D expenditure (% of GDP) WB

Frontier technology readiness WEF

Domestic credit to private sector WB

Mean tariff rate FI

Non-tariff barriers FI

Free movement of capital and people FI

Regulation and Ethics
Legal framework’s adaptability to digital business models WEF

Worldwide governance indicators (average) WB

Note: ITU - International Telecommunication Union; WB - World Bank; UPU - Universal Postal Union;
WEF - World Economic Forum; ILO - International Labour Organization; FI - Fraser Institute; UN - United
Nations
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Figure A.1: Replicated AI Preparedness Index for selected economies

Source: Calculated based on the approach by Cazzaniga et al. (2024)
Notes: The figure shows the structure of the calculated non-normalized AI Preparedness Index for several
economies. The index has four components: digital infrastructure, human capital, innovation and economic
integration, regulation and ethics. For mapping to regional groups, see Table A.2.
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Appendix A.7 Additional Figures and Tables

Figure A.2: Share of low-income economies in exports of digitally deliverable services in core
and convergence scnearios

Source: Calculated based on own simulations.
Notes: the figure demonstrates the share of low-income economies in global exports of digitally deliverable
services in the baseline scenario in 2018 and 2040 and various core and convergence scenarios in 2040. For
mapping to regional groups, see Table A.2.

Figure A.3: Average annual trade growth (%) of main sectors in regional groups

Source: Own simulations.
Notes: the figure demonstrates the annual trade growth in p.p. of main sectors in regional groups between
2018 and 2040 in the core and convergence scenarios. For mapping to aggregate sectors and regional groups,
see Tables A.1 and A.2, respectively.
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Figure A.4: Share of imported services in manufacturing gross output of regional groups

Source: Calculated based on own simulations.
Notes: the figure demonstrates the dynamics of shares of imported services in the gross output of regional
groups over 2018-2040 in the baseline and convergence scenarios. See Table A.2 for mapping to aggregate
regional groups.
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