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Rising trade barriers/disputes

Rising industrial policy
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Source: Left shows keyword hits from news corpus on ‘local content’ policies, and
industrial policy interventions. Right shows WTO trade disputes.
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World goods trade as percent of world GDP

4 / 43



This paper

▶ Identify how trade shocks influence
▶ On-shoring, aka ‘reshoring’, ‘localization’
▶ Industrial transformation

▶ Build, validate and deploy a new production-network
▶ Leverage novel AI/LLM tools to build a graphical dataset
▶ Recovers vertical relationships across 5, 000+ HS products
▶ Contrast to other measurement approaches e.g. SUTs/IOTs

▶ Two empirical applications:
▶ Global impact of reduced form supply-shocks
▶ Difference-in-difference study of Qatar blockade
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Literature

▶ Production-network representations
Text-based Frésard et al. (2019) Based on Input-Output tables Andersen et al. (2022); Karbevska &
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▶ Trade shocks and their propagation
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Measurement Challenge

▶ Want to assess how trade shocks propagate
through production networks

▶ But how to measure set of relevant upstream goods?

▶ Ideal measurement of production-linkages

▶ Based on actual production processes

▶ Not just market transactions

▶ Highly granular to compliment rich trade data
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Introducing AIPNET

▶ AI-built Production Network (AIPNET)

▶ Leverages power of AI/LLM to systematically identify network structure

▶ Trained, tuned, and validated for this purpose

▶ Capable of ‘understanding’ technical requirements of over 5, 000 Harmonized
System (HS) product groups
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How is full fat milk produced?





List the capital goods I need





List the capital goods I need

List all the raw material inputs

Explain the technical equipment

List any other technical requirements

List all the raw material inputs

What machinery and plant 
equipment is used

What are the most critical inputs?





Beyond ChatGPT

▶ Our LLM is trained on production process text

▶ Utilizes a refined prompting strategy for bootstrap learning

▶ Extracts structured output

▶ Iterative sampling

▶ Adversarial AI evaluations

▶ Match free-text responses to HS Code nomenclature
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Flowchart of steps to build AIPNET
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Example: Full-fat milk and cream
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AI-built Production Network (AIPNET)

Figure 1: AI-built Production Network (AIPNET) visualization
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AI-built Production Network (AIPNET)

Figure 2: AI-built Production Network (AIPNET) visualization
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Network Properties of AIPNET (HS6 Level)

Iteration Edge Overlap Temperature

1 2 3 > 7 > 8 > 9 0.2 0.6 1.0

Nodes 5,080 5,080 5,080 5,079 5,079 5,078 5,080 5,080 5,080
Edges (000s) 1,538 1,541 1,538 990 830 625 2,115 2,246 2,219
Avg. Deg. 606 607 606 390 327 246 833 884 874
Density .060 .060 .060 .038 .032 .024 .082 .087 .086
Clust. Coeff. .504 .504 .504 .593 .605 .610 .478 .482 .485
Assort. .311 .314 .310 .482 .501 .498 .175 .180 .197
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Validation

▶ Compare AIPNET to Input-Output Tables (IOTs)

▶ Recast Product-level network into IOT structure

▶ Compare Input-use intensity to AIPNET product linkages

▶ Compare to product-level supply chain position measures:

▶ ‘Upstreamness’ (Fally, 2016; Antras et al. 2018)

▶ Product Complexity Index (PCI) (Hausman & Hidalgo, 2014)

▶ Conduct perturbation/placebo tests

▶ Uses Erdos-Renyi network perturbations

▶ Evaluate validation exercises of more ‘random’ networks
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AIPNET strongly correlates with Input-Output Tables
Figure 3: US

Slope (Std. Error) =
0.208*** (0.031)
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Figure 4: Mexico

Slope (Std. Error) =
0.274*** (0.050)
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Comparison to Upstreamness and PCI
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Perturbing network attenuated validation estimates
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Final Thoughts on Measurement

▶ AIPNET is not perfect...
▶ Discrete edges, but can address econometrically

▶ Assumes globally homogeneous technical processes

▶ But it has several notable strengths:
▶ Highly granular

▶ Can be used directly with trade data

▶ Accurately recovers technical requirements

▶ Standardized nomenclature

▶ Uncensored by market configuration / vertical integration

▶ Strongly correlated with existing network representations
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Comparison with classification systems

Figure displays correlation
between BEC classification
and the of inputs vis-a-vis
the of outputs for any given
product

▶ As the of input edges is
increaseing, a good is more
likely to be a capital or
consumption good.

▶ As the of output edges is
(decreasing) increasing, a
good is (less) more likely to
be an intermediate good.
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Upstreamness in Production Networks

U = 1+D−1WU

where:

▶ U is the vector of upstreamness scores

▶ W is the adjacency matrix of the production network

▶ D = diag(W1) is the diagonal matrix of out-degrees

▶ 1 is a vector of ones

Interpretation:

▶ Ui measures average steps to final demand for product i

▶ Ui = 1: product is directly consumed (no outgoing links)

▶ Ui > 1: product is an input for other products in the network

▶ Higher Ui : more upstream in the production chain
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Network position predicts divergent global trend since 2016
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More upstream products saw biggest increase in trade value
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Persistent Price Shocks
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Geographic distribution of price shocks

120°W  60°W   0°  60°E 120°E

# of shocks

0 < N < 750

750 < N < 1125

1125 < N < 1500

1500 < N < 1875

N > 2500
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Cross-Country Evidence: Global Trade Dynamics

▶ Uses exporter×importer×product trade data for 200 countries, 2010-2022

▶ Study broad trends by network centrality

▶ Econometric specification:
▶ Each observation is a triple: {upstream = i , downstream = j , destination = c}
▶ Price shock dummy variables: S = {0, 1}
▶ Network Linkages: Wij = {1, 0}
▶ Doubly robust network inference estimator
▶ Highly saturated controls

Ln(Importjct) = β1(Sict×Wij)+β2(Sjct×Wij)+αijc+γjtc+ϵijt
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Direct and Indirect Supply Shocks

Dependent variable: log(Import Value)

AIPNET × Indirect upstream price shock (dummy) 1.4***
(0.0004)

AIPNET × Direct own price shock (dummy) -2.3***
(0.0046)

R2 0.952
Observations 1.73B

Notes: Dyadic regression results. Controls: country-by-dyad FE, country × HS2 × year FE. Parametric estimates with time-varying supply shock
measures. SE clustered at HS2 × HS2 dyadic level. Significance: *** p < 0.01, ** p < 0.05, * p < 0.1
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On-shoring estimate by country estimate this by country
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On-shoring estimate by country estimate this by country
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Qatar Case Study: Blockade Impact on Trade

▶ Analysis of the 2017 Qatar diplomatic crisis and trade blockade

▶ Utilizes admin data from customs authority on monthly trade

▶ Focus on changes in import patterns and onshoring efforts

▶ Examination of direct and indirect effects on trade
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Blockade Dramatically Shifted Trade Flows

Import Prices

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

−0.4

−0.2

0.0

0.2

2013 2014 2015 2016 2017 2018 2019 2020 2021M
ar

gi
na

l E
ffe

ct
 o

f E
xp

os
ur

e 
to

 B
lo

ck
ad

e 
 o

n 
Im

po
rt

 P
ric

es
 (

Lo
g)

Import Volume

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

S
ta

rt
S

ta
rt

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

E
nd

−0.8

−0.4

0.0

0.4

2013 2014 2015 2016 2017 2018 2019 2020 2021M
ar

gi
na

l E
ffe

ct
 o

f E
xp

os
ur

e 
to

 B
lo

ck
ad

e 
 o

n 
Im

po
rt

 V
ol

um
e 

(L
og

)
38 / 43



Unpacking the Import Equation

Ln(Importjt) = β1(Ei×Postt)+β2(Ej×Postt×Wij)+αij+γjt+ϵijt

▶ Ei : Exposure of product i to blockade based on pre-blockade import share

▶ Wij : Dummy for whether i is used as an input to produce j

▶ β1: Direct effect of blockade exposure

▶ β2: Indirect effect of blockage exposure
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Impact of product-level blockade exposure on imports

(1) (2) (3) (4) (5) (6)

Dependent variable Import > 0 ihs(import)

Blockade × Exposure (Direct) -0.0218∗∗ -0.0236∗∗ -0.7179∗∗∗ -0.7389∗∗∗

(0.0105) (0.0105) (0.1374) (0.1371)
Blockade × Exposure (Indirect) 0.0149∗∗∗ 0.0176∗∗∗ 0.1274∗ 0.2120∗∗∗

(0.0053) (0.0052) (0.0694) (0.0658)

R2 0.55373 0.55371 0.55375 0.66042 0.66017 0.66044
Observations 31,405,416 31,405,416 31,405,416 31,405,416 31,405,416 31,405,416

Dyad FE X X X X X X
Time FE X X X X X X

Notes: Dyadic-clustered standard-errors in parentheses. Significance Codes: ***: 0.01,
**: 0.05, *: 0.1.
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Blockade caused upstream import substitution (on-shoring)
Extensive margin
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Conclusion

▶ We construct and validate the AI-built Production Network (AIPNET)

▶ Allows us to study vertical substitution up the value-chain

▶ Three main results:
▶ Global trade patterns shifting towards upstream goods
▶ Structural breaks in unit-prices correlate with vertical substitution
▶ Exogenous blockade event leads to onshoring via upstream substitution

▶ Next steps:
▶ ‘Place-based AIPNET’ ie Local Production Networks
▶ Public release of AIPNET (October, 2024)
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