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Abstract

This thesis examines how COVID-era adjustment in global value chains can be interpreted within the
debate on fragility and resilience. Rather than treating global value chain participation as a single
aggregate measure, the analysis distinguishes between backward participation, defined as foreign
value added embodied in domestic exports, and forward participation, defined as domestic value
added embodied in foreign exports. This margin-specific perspective is used to assess whether high-
technology manufacturing industries adjusted differently from a lower-technology comparison group
over the 2020-2022 period.

The empirical analysis relies on OECD TiVA 2025 data and constructs a balanced panel of
manufacturing industries observed across 80 reporting economies from 2017 to 2022. Technology
intensity is operationalised through the OECD R&D-intensity taxonomy. The empirical strategy
estimates year-specific high-technology differentials separately for backward and forward
participation, using country—industry fixed effects and year fixed effects. The estimates are
interpreted as descriptive evidence of differential adjustment patterns, not as causal effects of the
pandemic.

The results indicate that post-2019 adjustment was selective, margin-specific, and temporally uneven.
Backward participation does not display a robust or persistent differential reconfiguration between
high-technology industries and the lower-technology comparison group. Forward participation, by
contrast, shows a clearer pattern: high-technology industries experienced a temporary relative
strengthening in 2020 and 2021, followed by normalisation in 2022. These findings do not support a
simple narrative of generalized global value chain fragility, nor do they imply unchanged resilience.
They suggest instead that post-shock adjustment is better understood by identifying where, across
distinct value-added margins, change becomes visible. The thesis contributes to the fragility—
resilience debate by showing that COVID-era adjustment in manufacturing was technology-
structured, margin-specific, and more clearly observable on the forward side of value-added

participation than on the backward side.



Chapter 1 — Introduction

1.1 Motivation and debate context

The COVID-era disruptions brought renewed attention to a long-standing question about global value
chains: whether internationally fragmented production should be understood mainly as a source of
vulnerability or as a structure capable of adaptation under stress. On one side of the debate, dense
supplier networks can transmit shocks when inputs are difficult to replace and bottlenecks arise in
upstream segments. On the other side, international production networks may also provide room for
adjustment, since firms can diversify sourcing, change suppliers, or rely on alternative foreign links
when domestic production is disrupted. The pandemic made the idea of shorter, more domestic, or
more diversified supply chains intuitively appealing, but that intuition cannot be treated as self-
evident (Baldwin & Freeman, 2021). Miroudot (2020) similarly cautions that the policy debate can
become misleading when supply-chain concepts are detached from how firms actually organise
production, and does not support the general claim that reshoring necessarily improves resilience.
The evidence from the pandemic period points in the same non-binary direction. OECD (2020)
cautions against interpreting the crisis as proof that economies would have performed better without
GVCs, since domestic inputs were also constrained, and frames resilience in terms of risk
management, transparency, agility, and supplier diversification. Bonadio et al. (2021) show that
global supply chains transmitted part of the pandemic shock, but also that renationalisation would not
generally have made countries more resilient, partly because domestic inputs were disrupted as well.
IMF evidence indicates that international spillovers from lockdown-induced supply disruptions were
sizeable but largely short-lived, and presents diversification and input substitutability as more credible
resilience strategies than reshoring (IMF, 2022). At the same time, fragility concerns remain plausible.
Bottlenecks were particularly severe in upstream industries and generated large international
spillovers through global value chains (Rees & Rungcharoenkitkul, 2021), while global supply-chain
pressures reached extreme levels during the recovery phase (Benigno et al., 2022). OECD evidence
also suggests that supply chains contributed to the resumption of economic activity and that sourcing
patterns adjusted rather than simply shortening immediately and uniformly (OECD, 2021).

The relevant problem, then, is not only whether GVC participation changed after 2020, but how such
change should be interpreted. A global value chain can be understood as a sequence of stages involved
in producing a good or service for final consumers, where at least two stages take place in different
countries; under this definition, a firm participates in a GVC whenever it contributes value in at least

one stage of the chain (Antras & Chor, 2022). If participation is treated as a single aggregate object,
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however, the fragility—resilience debate remains too coarse. The empirical question is not simply
whether industries became more or less integrated, but where adjustment became visible within
fragmented production networks.

A value-added perspective is needed for this reason. When intermediate inputs cross borders multiple
times, conventional gross trade statistics become less reliable as measures of where value is actually
created (Koopman et al., 2014). Gross trade statistics record the gross value of goods at each border
crossing rather than the net value added created between crossings, which mechanically generates
double counting and can obscure the domestic value-added content of exports (Johnson & Noguera,
2012). Intermediates can also reach final destinations through indirect routes, so bilateral gross
exports may embody third-party value added that is not visible in direct exporter—importer flows
(Johnson & Noguera, 2012). Value-added accounting addresses these limitations by decomposing
gross exports into value-added components by source together with double-counted terms, thereby
linking trade statistics more closely to national accounts concepts (Koopman et al., 2014). The OECD
TiVA framework operationalises this approach and makes it possible to trace how value added is
embedded in gross exports across countries and industries (OECD, 2025a).

In this thesis, value-added measurement is not the final object of the analysis. It is the basis that makes
the substantive question empirically tractable. The thesis uses this lens to distinguish backward
participation, which captures foreign value-added embodied in domestic exports, from forward
participation, which captures domestic value-added embodied in other countries’ exports. This
distinction provides the core analytical lens of the study. Within that framework, technology intensity
supplies the empirical heterogeneity axis through which differential adjustment is assessed. The
COVID-era window is therefore treated as an interpretive adjudication setting. The thesis examines
whether value-added participation adjusted differently across high-technology industries and the
lower-technology comparison group, and whether the resulting margin-specific patterns are more
consistent with exposure-driven fragility, lock-in persistence, or adaptation-oriented resilience, under

a strictly non-causal interpretation discipline.

1.2 Research problem, objective, and research questions

This thesis is substantively concerned with how COVID-era adjustment in global value chains should
be read within the fragility—resilience debate. To make that question empirically tractable, it analyses
value-added GVC participation through two distinct margins: backward participation and forward
participation. Within this margin-specific framework, technology intensity provides the empirical

heterogeneity axis through which the thesis assesses whether adjustment differed systematically
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between high-technology industries and the lower-technology comparison group. Participation is
measured within the OECD TiVA framework using backward and forward value-added indicators
(OECD, 2025a), allowing integration to be assessed along two structurally distinct roles in global
production networks. The central research question is formulated as follows:

RQ: Did high-technology manufacturing industries exhibit a systematically different adjustment in
value-added GVC participation relative to the lower-technology comparison group over the 2020—
2022 period?

This overarching question is operationalised through two margin-specific sub-questions:

RQ1 (Backward margin): Did technology intensity structure the adjustment of backward
participation, measured as the foreign value-added embodied in domestic exports, during the
disruption and recovery phases of 2020-2022?

RQ2 (Forward margin): Did technology intensity structure the adjustment of forward participation,
measured as domestic value-added embodied in foreign exports, and did this adjustment display
symmetry or asymmetry relative to the backward margin?

Framing the research problem in this way reflects the thesis’s emphasis on margin-specific
interpretation. Because backward and forward participation capture structurally different positions
within global production networks, divergence across margins is treated as analytically informative
rather than anomalous. Throughout, the empirical design is interpreted as documenting differential
adjustment patterns rather than identifying a single causal effect.

Technology intensity is adopted as a disciplined heterogeneity axis because it offers a transparent and
replicable way to organise cross-industry comparisons while remaining cautious about what it does
and does not measure. In the OECD R&D-intensity taxonomy, industries are classified according to
the ratio of R&D to value added, while the taxonomy itself recognises that R&D intensity may vary
within industries across countries, supporting its use as an operational classification rather than a
literal measure of a single underlying mechanism (Galindo-Rueda & Verger, 2016). Conceptually,
technology intensity is plausibly related to production complexity, coordination requirements, and
exposure to disruption.

In a task-based framework, goods differ in complexity according to the number of tasks required for
production (Costinot, 2009), while complementary evidence suggests that technological
characteristics influence fragmentation patterns and sourcing decisions by altering coordination costs
and the organisation of production across borders (Fort, 2017). This makes technology intensity a
useful way to structure heterogeneity when asking whether industries differ in their sensitivity to
bottlenecks, substitutability constraints, or reconfiguration capacity. At the same time, technology

intensity is not treated here as a direct proxy for any single mechanism such as governance frictions
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or contractual rigidity. Its role is therefore analytical rather than deterministic: it structures
heterogeneity in a theory-consistent way without collapsing multiple underlying channels into one
indicator. The broader theoretical rationale is developed in Section 2.4.

The rest of the thesis is structured to translate these research questions into explicit hypotheses, a

transparent empirical design, and a margin-specific interpretation of the resulting adjustment patterns.

1.3 Stylised facts of the COVID-era trade environment (2020-2022)

The COVID-era trade environment can be read as a sequence of distinct phases rather than a single
uniform shock. A first stylised fact is the exceptional speed and heterogeneity of trade adjustment in
2020. OECD evidence documents that structural changes in trade flows triggered by the pandemic in
a single year were of a magnitude otherwise typically seen over four to five years, and that impacts
differed sharply across products, sectors, and trade partners, implying high uncertainty and
adjustment costs (OECD, 2022a; OECD, 2021).

Aggregate narratives also hide important composition shifts. OECD data indicate that services exports
in OECD countries fell substantially more than goods exports in 2020, and that services trade
recovered more slowly than goods trade (OECD, 2022a). At the same time, supply chains were not
only a channel of early pressure but also part of the recovery mechanism. OECD evidence shows that
supply chains were instrumental in the resumption of economic activity and that the average distance
travelled by imported products continued to increase in 2020, a pattern consistent with rapid sourcing
adjustment across locations rather than an immediate, broad shortening of trade links (OECD, 2021).
A second stylised fact is that 2021 is usefully treated as a bottleneck year rather than a simple rebound.
A high-frequency barometer, the Global Supply Chain Pressure Index, shows extreme strains during
the recovery phase, peaking above four standard deviations in November 2021 (Benigno et al., 2022).
Evidence on bottlenecks emphasises that constraints were particularly severe in upstream industries
that supply inputs used widely across other products, generating large international spillovers through
global value chains (Rees & Rungcharoenkitkul, 2021). Logistics conditions provide complementary
context. UNCTAD highlights that COVID-related delays and congestion constrained supply into
2021, contributing to a significant increase in container freight rates (UNCTAD, 2021). Euro area
evidence similarly points to ongoing supply constraints and notes that supply-side disruptions were
not yet showing signs of normalising (ECB, 2021).

A third stylised fact is that 2022 occurred in a compounded shock environment, reinforcing a
disciplined, non-causal interpretation of the 2020-2022 window. Macro evidence indicates that

Russia’s invasion of Ukraine was expected to have a material impact on activity and inflation through
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higher energy and commodity prices, disruption of international commerce, and weaker confidence
(ECB, 2022). OECD similarly characterises the war in Ukraine as a major economic and social shock
and documents renewed supply chain disruptions and delays, alongside additional disruptions related
to strict zero-COVID policies and lockdowns affecting logistics and port operations (OECD, 2022b).
World Bank evidence aligns with this framing, noting that supply chains remained under strain amid
lockdowns affecting major Asian ports and logistical disruptions associated with the invasion,
alongside a downward revision to global trade growth partly reflecting value chain disruptions
associated with the war (World Bank, 2022). This phase structure motivates treating 2022 patterns as
potentially shaped by multiple overlapping stressors rather than pure persistence of the initial
pandemic shock.

Finally, these phases unfolded within a broader 2017-2022 multi-stressor environment. Recent work
frames global supply chains as coming under unprecedented stress due to the combined effects of
US—China trade tensions, the COVID-19 pandemic, and geopolitical shocks (Alfaro & Chor, 2023).

This perspective supports using year-specific time profiles as an interpretive discipline in the
empirical analysis, rather than treating the full 2020-2022 window as a single causal episode. It also
reinforces the need to assess whether adjustment became visible differently across value-added

margins and technology groups.

1.4 Scope and identification stance

This thesis provides an industry-level assessment of COVID-era adjustment in value-added GVC
participation in relation to the fragility—resilience debate. The empirical scope is manufacturing, and
the unit of analysis is a country—industry panel observed over 2017-2022. Integration is measured
using OECD TiVA indicators that operationalise participation through margin-specific value-added
shares, allowing the analysis to distinguish a backward linkage margin and a forward linkage margin
(OECD, 2025a). Technology intensity is treated as the structured heterogeneity axis used to organise
comparisons across industries, rather than as a performance proxy or a direct measure of governance
frictions.

The identification stance is deliberately non-causal. The 2020-2022 period combines multiple
overlapping stressors and policy regimes, so observed changes in participation cannot be cleanly
attributed to a single driver. In particular, the war in Ukraine introduced additional shocks expected
to affect activity and inflation through higher energy and commodity prices, disruptions to
international commerce, and weaker confidence (ECB, 2022). Contemporary assessments also

emphasise renewed supply chain disruptions and delays during 2022, including disruption related to
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strict zero-COVID policies and lockdowns affecting logistics and port operations, as well as ongoing
strain associated with war-related disruptions (OECD, 2022b; World Bank, 2022). More broadly,
global supply chains have been described as coming under unprecedented stress from the combined
effects of trade tensions, the pandemic, and geopolitical shocks, reinforcing the need for interpretive
discipline in reading time profiles (Alfaro & Chor, 2023). Accordingly, the empirical analysis is
framed as documenting adjustment patterns and margin asymmetries that are consistent with
competing mechanisms rather than establishing causal effects.

A further constraint is that value-added evidence becomes available with a significant lag. TiVA
indicators are generally published with a delay of two to three years, which limits their usefulness for
real-time monitoring of recent developments (Mourougane et al., 2023). OECD guidance also stresses
that estimates for the most recent years should be interpreted with caution, as extrapolations rely on
assumptions that input—output structures remain similar to the latest available benchmark
information, an assumption that becomes less secure in the presence of major shocks (OECD, 2025a).
These limitations motivate a conservative interpretive stance: the thesis prioritises measurement
clarity, separates measurement from interpretation, and treats year-specific patterns as evidence for

disciplined debate adjudication rather than as causal identification.

1.5 Contribution

This thesis makes four connected contributions. The first is substantive. It contributes to the fragility—
resilience debate by showing that COVID-era adjustment in global value chains is not well captured
by a simple narrative of either generalized collapse or generalized continuity. The evidence developed
in the thesis points instead to a selective and margin-specific pattern: adjustment is more clearly
visible on the forward side of value-added participation, while the backward margin remains
comparatively weak and imprecise. This does not settle the fragility—resilience debate in favour of
one grand narrative. It sharpens the debate by showing that interpretation depends on where
adjustment becomes visible within the structure of value-added integration.

The second contribution is analytical. The thesis shows that backward and forward participation
should not be treated as interchangeable components of a single aggregate measure of GVC
integration. Backward participation captures the foreign value-added embodied in domestic exports,
while forward participation captures domestic value-added embodied in other countries’ exports.
These margins reflect different roles within global production networks, and their divergence is

therefore analytically informative rather than anomalous. Preserving this distinction allows the thesis
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to evaluate whether exposure, lock-in, or adaptation benchmarks become more visible on one margin
than on the other.

The third contribution is empirical. The thesis uses technology intensity as a disciplined heterogeneity
axis to assess whether COVID-era adjustment differed systematically between high-technology
industries and the lower-technology comparison group. This comparison is not treated as a
deterministic explanation of adjustment, nor as a direct proxy for one specific mechanism. Rather, it
provides a transparent and replicable way to organise industry-level heterogeneity when examining
whether margin-specific adjustment varies across manufacturing activities.

The fourth contribution concerns measurement and interpretation discipline. The thesis adopts a
value-added perspective because gross trade flows alone cannot identify where value is created and
transmitted within fragmented production networks. Within the OECD TiVA framework, this makes
it possible to analyse backward and forward participation as distinct value-added margins (OECD,
2025a). At the same time, the thesis explicitly recognises the limits of this evidence. TiVA indicators
are not available in real time and are generally published with a lag of two to three years, which limits
their usefulness for monitoring recent developments as they unfold (Mourougane et al., 2023). OECD
guidance also advises caution in interpreting the most recent years because estimates rely on
extrapolations that become less secure in periods of major disruption (OECD, 2025a). The
contribution is therefore not to claim stronger identification than the data allow, but to provide a

transparent, margin-specific, and non-causal interpretation of post-2020 GVC adjustment.

1.6 Thesis roadmap

Chapter 2 positions the thesis in the GVC literature by first setting out the fragility—resilience debate,
then explaining why this debate requires a value-added and margin-specific lens. It distinguishes
backward and forward participation as structurally different dimensions of integration, introduces
technology intensity as the empirical heterogeneity axis, and derives the mechanism-based
hypotheses that guide the empirical analysis. Chapter 3 presents the TiVA-based data, variable
construction, and fixed-effects empirical strategy, while clarifying the non-causal interpretation
discipline that governs the study. Chapter 4 reports the results separately for backward and forward
participation and evaluates whether the high-technology versus lower-technology differential is
concentrated on one margin rather than the other. Chapter 5 interprets the findings in relation to the
competing exposure, lock-in, and adaptation benchmarks, and discusses the theoretical,

measurement, policy, and managerial implications of the forward-led, margin-specific pattern.
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Chapter 6 concludes by answering the research questions, distilling the main takeaways, and closing

the argument on the interpretation of post-COVID GVC adjustment.
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Chapter 2 — Literature review and hypotheses

2.1 Debate arena: fragility versus resilience

The COVID-19 shock brought back a central question in the GVC debate. Should internationally
fragmented production be seen mainly as a source of fragility, because shocks can spread through
dense supplier networks? Or should it be seen as a source of resilience, because firms can adapt by
changing suppliers, diversifying sourcing, or using international networks as alternatives when local
production is disrupted? The pandemic also strengthened the intuition that shortages might have been
less severe with shorter, more domestic, or more diversified supply chains. Yet this intuition remains
contested and cannot be taken as self-evident (Baldwin & Freeman, 2021). In this thesis, the fragility—
resilience debate is therefore treated as an open interpretive question rather than as a settled premise.
A fragility reading is supported by work that emphasises propagation and limited short-run
substitutability. Barrot and Sauvagnat (2016) show that shocks to suppliers can generate substantial
losses for downstream customers, especially when inputs are specific and difficult to replace. Boehm
et al. (2015) reach a similar conclusion in the context of imported inputs: when production relies on
close complements, disruptions to imported intermediates can translate into large output losses.
COVID-era evidence also supports this concern. Guan et al. (2020) show that the structure of global
supply chains can amplify losses beyond the direct effects of lockdowns, while Kejzar et al. (2022)
document a sharp trade collapse during the first European wave and identify forward GVC linkages
as a relevant transmission channel. This line of work suggests that international fragmentation can
operate as a mechanism of shock propagation when firms face rigid production relationships and low
substitutability.

The recovery phase strengthened this concern, even if it did not settle the debate. Rees and
Rungcharoenkitkul (2021) show that bottlenecks were particularly severe in upstream industries and
created large international spillovers through global value chains. Benigno et al. (2022) also document
that global supply chain pressures reached extreme levels during the recovery phase. Together, these
studies make a fragility interpretation plausible: when production depends on constrained upstream
inputs, disruptions can travel across countries and sectors rather than remaining local.

A competing strand of the literature highlights resilience and adaptation. This does not mean that
GVCs were unaffected by the pandemic. Rather, it means that disruption does not automatically imply
that reshoring or broad retrenchment is the best response. The IMF argues that the international
spillovers from lockdown-induced supply disruptions were short-lived and became smaller across

subsequent waves, and it presents reshoring as less effective than diversification and greater

13



substitutability in input sourcing (IMF, 2022). Baldwin and Evenett (2020) similarly argue that
turning inward is not a robust response in a system built on international production interdependence.
Antras (2020) also finds little systematic evidence that the world economy had already entered a clear
phase of deglobalisation, although he notes that longer-run outcomes depend on policy tensions across
countries. Firm-level evidence reinforces this more nuanced picture by documenting both
vulnerability and active adjustment strategies, including diversification, supplier reconfiguration, and
changes in organisational boundaries (Lebastard et al., 2023; Lin et al., 2021; Ersahin et al., 2023;
Khanna et al., 2022).

Table 1 summarises the main strands of the fragility—resilience debate, the core contribution of the

most relevant references, and their analytical relevance for the thesis.

Table 1 : Competing strands in the fragility—resilience debate

Debate
Reference Core contribution Analytical relevance
strand
The intuition that shorter, more
domestic, or more diversified supply Frames the debate as
Debate Baldwin & Freeman _ '
) chains would necessarily have reduced open rather than
framing (2021)
shortages cannot be taken as self- settled.
evident.
Supplier shocks can generate )
o ) Supports propagation
Fragility/ = Barrot & Sauvagnat substantial losses for downstream ) o
' _ ' logic under limited
propagation (2016) customers, especially when inputs are ) .
_ _ substitutability.
specific and difficult to replace.
Disruptions to imported intermediates ) )
. _ Makes imported-input
Fragility / can translate into large output losses .
. Boehm et al. (2015) _ _ vulnerability
propagation when production relies on close ) .
analytically plausible.
complements.
N The structure of global supply chains Supports a view of
Fragility / _ _
i Guan et al. (2020) can amplify losses beyond the direct GVCs as channels of
propagation )
effects of lockdowns. shock propagation.
The first European COVID wave was Shows that disruption
Fragility / associated with a sharp trade collapse, can spread through
s Kejzar et al. (2022) _ P P P s
propagation with forward GVC linkages acting as a cross-border

transmission channel.

production linkages.
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Debate

strand
Fragility /

bottlenecks

Fragility /
bottlenecks

Resilience /

adaptation

Resilience /

adaptation

Resilience /

adaptation

Resilience /

adaptation

Resilience /

adaptation

Resilience /

adaptation

Resilience /

adaptation

Reference

Rees &
Rungcharoenkitkul
(2021)

Benigno et al. (2022)

IMF (2022)

Baldwin & Evenett
(2020)

Antras (2020)

Lebastard et al.

(2023)

Lin et al. (2021)

Ersahin et al. (2023)

Khanna et al. (2022)

Core contribution

Bottlenecks were especially severe in
upstream industries and generated
large international spillovers through

GVCs.

Global supply chain pressures reached
extreme levels during the recovery

phase.

International spillovers from
lockdown-induced disruptions were
short-lived and became smaller across
subsequent waves; reshoring appears
less effective than diversification and
substitutability.

Turning inward is not a robust
response in a system built on
international production

interdependence.

There is little systematic evidence that
the world economy had already entered

a clear phase of deglobalisation.

Diversification across sourcing
countries mitigates the negative effects
of supply bottlenecks for exporters.
Supply-base diversification is
associated with better performance
during disruption and recovery.
Supply chain risk is associated with
supplier reconfiguration toward closer
or domestic suppliers and, for some
firms, greater vertical integration.
Exposed firms break and rebuild links
depending on product complexity and

supplier availability, often

Analytical relevance

Supports bottleneck-
based fragility during

the recovery phase.

Reinforces the
plausibility of
persistent bottleneck

pressure in 2021.

Supports
diversification-based
resilience rather than

generalized

retrenchment.

Challenges reshoring as

a general response.

Cautions against
reading the pandemic
as proof of generalized
retreat from GVCs.
Supports adaptation
through sourcing
diversification.
Reinforces
diversification as a

resilience mechanism.

Supports selective
reconfiguration rather

than uniform retreat.

Supports dynamic re-
linking as an adaptation

mechanism.
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Debate
Reference Core contribution Analytical relevance
strand

reconnecting with larger and better-

connected suppliers.

Taken together, the literature does not provide a single directional prediction about how GVC
integration should evolve after 2020. Instead, it suggests that the interpretation depends on where
adjustment is observed, when it is observed, and which industries are considered. This is why the
thesis does not treat fragility and resilience as mutually exclusive grand narratives. It treats them as
competing benchmarks that need to be assessed against margin-specific evidence. The next step is
therefore to clarify the value-added lens required for that assessment. This is necessary because the
debate cannot be evaluated adequately through gross trade flows or through an aggregate notion of

participation alone.

2.2 GVCs and the value-added perspective

To assess the fragility—resilience debate empirically, the thesis requires a value-added lens that can
capture value creation within fragmented production networks. This does not make measurement the
final focus of the study. Rather, it makes value-added measurement the necessary basis for observing
where GVC participation takes place and how adjustment can be located across different forms of
integration. When production is fragmented across borders, conventional gross trade statistics do not
always provide a clear picture of where value is actually created or how industries are connected
within international production networks.

A central point in the literature is that measurement choices are not neutral. Antras and Chor (2022)
emphasise that conceptual issues shape which trade-in-value-added measures are appropriate for a
given research question. This is especially relevant in the present case, because the thesis is not
interested simply in whether goods cross borders, but in how value added is embodied in cross-border
production. The measurement lens must therefore be aligned with the substantive question: how post-
2020 GVC adjustment should be interpreted within an internationally fragmented production system.
The limitations of gross trade measures become clear when intermediate goods move across countries
multiple times before final absorption. Johnson and Noguera (2012) propose the ratio of value added
to gross exports, the VAX ratio, as a measure of production-sharing intensity, and show that these
ratios vary substantially across bilateral partners and reflect both direct and triangular production
chains. Their contribution makes clear that gross export values do not map neatly onto the domestic

value created by the exporting country.
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Koopman et al. (2014) formalise this problem more systematically by decomposing gross exports
into distinct components, including domestic value added absorbed abroad, domestic value added that
returns home, foreign value added, and double-counted terms. This decomposition shows why gross-
trade aggregates can obscure the actual origin and destination of value. In fragmented production
systems, repeated border crossings may inflate gross trade values without indicating equivalent
additions of new value at each stage.

The OECD TiVA framework operationalises these accounting principles in a way that is directly
usable for empirical analysis. OECD (2025a) explains that TiVA indicators are constructed from the
OECD Inter-Country Input-Output system, which combines annual symmetric industry-by-industry
global input-output tables and makes it possible to trace value added across countries and industries.
Because the framework is built on harmonised national supply-and-use and input-output tables, it
provides an accounting-consistent basis for measuring value-added participation rather than relying
only on gross trade flows.

Within this framework, participation measures commonly distinguish between the use of foreign
inputs in exports and the role of domestic intermediates embodied in other countries’ exports (De
Backer & Miroudot, 2013). This distinction is developed in the next section through backward and
forward participation. The key point for the present section is narrower: a value-added perspective is
necessary because it provides the measurement basis through which the fragility—resilience debate
can be examined without reducing GVC integration to gross trade flows or to a single aggregate

notion of participation.

2.3 Backward and forward participation as distinct margins

Within a value-added framework, participation in global value chains can be observed through two
distinct margins. These margins do not capture the same role in international production. Backward
participation refers to the foreign value-added embodied in a country’s exports. In simple terms, it
shows how much exported production relies on imported inputs. Forward participation refers instead
to the domestic value-added embodied in other countries’ exports. In simple terms, it shows how
much a country contributes value that is then used further downstream abroad. This distinction is
central to the thesis because it turns value-added measurement into a margin-specific analytical lens.
Within the OECD TiVA framework, these two dimensions follow from the broader “origin of value
added in gross exports” logic and are operationalised through indicators commonly interpreted as
backward and forward linkages (OECD, 2025a). Backward participation is measured as foreign

value-added embodied in exports as a share of total gross exports of the exporting country, capturing
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the import content of exports (OECD, 2025a). Forward participation is measured as domestic value-
added embodied in foreign exports as a share of total gross exports of the value-added source country,
capturing the role of a country or industry as a supplier into downstream production abroad (OECD,
2025a).

In the empirical analysis, these conceptual margins are implemented using the corresponding
principal-indicator shares from the TiVA bulk download. The important point is that they are not two
alternative labels for the same phenomenon. They represent distinct channels through which
industries can be embedded in global production. For this reason, treating them separately is not a
presentational choice, but a necessary condition for assessing whether post-2020 adjustment is
concentrated on one role in the value chain rather than another.

A role-based interpretation helps clarify this difference. De Backer and Miroudot (2013) describe
GVC participation both as the use of foreign inputs in exports and as the supply of intermediates that
are used in other countries’ exports. The first role is captured by backward participation. The second
is captured by forward participation. Ignatenko et al. (2019) use a closely related distinction when
separating foreign value-added embodied in exports from domestic value-added that is further re-
exported through intermediate exports to third countries. Read in this way, backward participation
captures reliance on foreign upstream contributions, whereas forward participation captures domestic
presence in downstream foreign export activity.

Because the two margins capture structurally different roles, they should not be expected to move
symmetrically. A change in foreign-input dependence does not necessarily imply an equivalent
change in the extent to which domestic value-added enters foreign exports. For this reason, divergence
between the two margins is treated in this thesis as analytically informative rather than as
measurement noise. One of the central claims of the thesis is that post-2020 adjustment may become
visible on one margin without appearing with the same clarity on the other.

It is also important to distinguish participation from position. Some studies complement participation
measures with indicators such as upstreamness and downstreamness, which are designed to capture
where an industry is located along the production chain rather than how strongly it participates in
cross-border value-added flows. Ignatenko et al. (2019), for example, define upstreamness and
downstreamness in terms of the number of production stages before final demand and the number of
prior stages embodied in exports. These measures can be useful, but they address a different question.
The present thesis does not attempt to measure an industry’s precise position in the chain. Its focus is
narrower and more directly linked to the empirical design: it examines whether backward and forward
value-added participation adjusted differently across technology groups during the COVID-era

window.
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This distinction prepares the next step in the argument. If backward and forward participation capture
different roles in global production, then the empirical analysis needs an axis along which
heterogeneous adjustment can be examined. The thesis uses technology intensity for this purpose.
The next section therefore explains why the high-technology versus lower-technology distinction
provides a disciplined empirical heterogeneity axis, while avoiding the stronger claim that technology

intensity directly measures a single underlying mechanism.

2.4 Technology intensity as empirical heterogeneity axis

After defining the margin-specific lens of the thesis, the next step is to specify the empirical axis
along which heterogeneous adjustment is examined. This thesis uses technology intensity for that
purpose. More precisely, it adopts the OECD taxonomy based on R&D intensity, which defines R&D
intensity as the ratio of R&D to value added within an industry and groups activities into five
categories, from high to low R&D intensity (Galindo-Rueda & Verger, 2016). The same source also
highlights two important cautions. First, R&D intensity can vary substantially across countries within
the same industry. Second, R&D intensity is not a perfect measure of broader notions such as
“advanced technology” or other forms of knowledge-based capital (Galindo-Rueda & Verger, 2016).
For this reason, the high-technology versus lower-technology distinction is not treated here as a direct
measure of one specific mechanism. It is used as a disciplined and transparent empirical heterogeneity
axis.

This choice is useful because technology intensity is plausibly related to several features that matter
for GVC adjustment. One relevant feature is production complexity. In Costinot (2009), goods differ
in complexity according to the number of tasks required for production, and this affects the gains
from the division of labour. A second relevant feature is coordination across locations. Fort (2017)
shows that communication technology is associated with a higher probability of fragmentation, which
is consistent with the idea that technological conditions can lower coordination costs, although the
effects differ across domestic and foreign sourcing modes. These contributions do not imply that
R&D intensity mechanically determines fragmentation or post-shock adjustment. They do, however,
justify organising heterogeneity along a technology axis that may correlate with complexity,
coordination needs, exposure to bottlenecks, and capacity to reconfigure production relationships.
Technology intensity is also useful because it can overlap with differences in governance,
dependence, and vulnerability across value chains. Gereffi et al. (2005) argue that governance
structures vary with transaction complexity, codifiability, and supplier capabilities, and that different

value-chain forms imply different degrees of explicit coordination and switching costs. Kim and Zhu
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(2018) show that supplier dependence on major customers is negatively related to suppliers’
orientation toward R&D investment. More recent work analyses how production networks shape
firms’ R&D decisions and how network structure can affect the allocation of innovative effort across
firms (Koike-Mori & Okumura, 2025). Taken together, these studies suggest that technology-related
differences may be associated with differences in dependence, coordination, and reconfiguration
constraints, even if they do not reduce neatly to a single mechanism.

This logic also fits applied evidence on international production patterns. Bontadini et al. (2024) show
that, for European country-sectors, GVC integration and functional specialisation depend on the
initial technology intensity of sectors and of their partners, rather than on participation alone. OECD
work on the semiconductor value chain provides a concrete example of why this matters. It highlights
concentrated dependencies and trade exposures and shows why diversification may be needed to
reduce vulnerabilities in a strategically important high-technology chain (OECD, 2025b). This does
not mean that all high-technology sectors are exposed in the same way, or that all lower-technology
sectors are insulated from disruption. It means that technology intensity is a coherent and replicable
way to organise industry heterogeneity when asking whether exposure, lock-in, and adaptation may
vary across sectors.

For these reasons, the thesis uses the high-technology/lower-technology split as an operational
comparison device rather than as a deterministic explanation. The purpose is not to claim that R&D
intensity directly measures governance frictions, network position, or resilience capacity. The purpose
is to use a transparent industry grouping that is theoretically plausible, empirically replicable, and
suitable for testing whether post-2020 adjustment differs systematically across manufacturing
activities. This prepares the mechanism-based discussion that follows, where exposure, lock-in, and
adaptation are translated into competing expectations about when and where differential adjustment

should become visible.

2.5 Mechanisms and margin-specific competing predictions

The preceding sections establish the three building blocks of the thesis: the fragility—resilience debate,
the distinction between backward and forward value-added participation, and technology intensity as
the empirical heterogeneity axis. This section connects those elements by translating the debate into
mechanism-based benchmarks for post-2020 adjustment. The purpose is not to assume that one
mechanism dominated everywhere and at all times. It is to define the empirical signatures that would
be more consistent with exposure, lock-in, or adaptation once backward and forward participation are

kept separate.
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Exposure benchmark: propagation and input rigidities. A first benchmark focuses on shock
propagation through production networks. The mechanism is straightforward. When firms rely on
inputs that are highly specific, or difficult to replace quickly, a disruption affecting one supplier can
reduce the output of downstream customers and transmit losses more widely across the network.
Barrot and Sauvagnat (2016) show that shocks to suppliers can impose substantial output losses on
customer firms and can generate spillovers beyond the firms initially hit. Boehm et al. (2015) reach
a similar conclusion in the context of imported-input disruptions: when intermediate inputs are close
complements, output can fall roughly one-for-one with the disrupted imports. COVID-era bottlenecks
provide a concrete setting in which this logic becomes especially relevant. Rees and
Rungcharoenkitkul (2021) show that bottlenecks were particularly severe in upstream industries and
generated large international spillovers through global value chains. Under this benchmark, the
backward margin should be the most directly exposed at disruption onset, because it captures the
foreign value-added embodied in exports as a share of total gross exports of the exporting country
(OECD, 2025a). If imported-input dependence is the main transmission channel, the clearest
differential adjustment should therefore appear first on the backward side.

Lock-in benchmark: relationship specificity and switching costs. A second benchmark focuses
less on immediate exposure and more on the difficulty of reconfiguration. Many buyer-supplier
relations are not easy to change quickly, because they rely on relationship-specific investments,
accumulated routines, and contractual arrangements that are costly to replace. In a sequential
production setting with incomplete contracts, suppliers may need to undertake relationship-specific
investments to make components compatible along the chain, while contracts contingent on
compatibility cannot be fully enforced by third parties. This creates bargaining frictions and makes
production links sticky (Antras & Chor, 2013). Nunn (2007) provides a related argument: when
investments are relationship-specific and contracts are incomplete, underinvestment can arise, linking
institutional frictions to the organisation of trade in intermediates. Governance perspectives point in
the same direction, although not all value chains imply the same degree of rigidity. Gereffi et al.
(2005) argue that modular chains can handle complex information with relatively limited explicit
coordination, which can keep switching costs lower, whereas relational and captive chains require
stronger coordination and tend to involve higher switching costs. Under this benchmark, adjustment
should be muted on impact and slower to emerge over time. This logic can apply to both margins,
because the core prediction is not where the first response should appear, but why reconfiguration
may remain limited in the short run.

Adaptation benchmark: diversification, re-linking, and boundary changes. A third benchmark

emphasises active adjustment. The idea is not that firms were unaffected by the shock, but that they
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may respond by changing suppliers, broadening their sourcing base, or altering organisational
boundaries in ways that reduce vulnerability. OECD (2020) frames resilience in terms of risk
awareness, transparency, agility, and supplier diversification, with “just-in-case” approaches
becoming more relevant for essential activities. IMF (2022) similarly argues that resilience is more
likely to come from diversification and greater substitutability in input sourcing than from reshoring.
Firm-level evidence supports this view. Lebastard et al. (2023) show that diversification across
sourcing countries mitigates the negative impact of supply bottlenecks for exporters. Lin et al. (2021)
find that supply-base diversification is associated with better performance during the disruption and
recovery phases in Chinese manufacturing. Ersahin et al. (2023) link higher supply-chain risk to
changes in supplier composition toward closer and domestic suppliers and, for unconstrained firms,
to a greater likelihood of vertical integration, while cross-continental relationships are still
maintained. Khanna et al. (2022) also show that link-breaking and re-linking depend on product
complexity and supplier availability, and that exposed firms form new links with larger and better-
connected suppliers. More broadly, Liicker et al. (2025) argue that efficiency and resilience do not
always move in opposite directions, since some levers can improve normal-time performance while
also strengthening resilience. Under this benchmark, adjustment may appear as selective
reconfiguration rather than as a uniform retreat from GVC participation.

Taken together, these benchmarks imply that the sign, timing, and location of post-2020 adjustment
are ambiguous ex ante once backward and forward participation are kept separate. Under an exposure-
based reading, the sharper response should emerge on the backward margin at disruption onset,
because that margin is most directly tied to foreign input dependence. Under a lock-in reading,
movement should be weaker on impact and more delayed over time, because established cross-border
relationships may be costly to reconfigure. Under an adaptation reading, divergence across margins
can itself become informative, since firms may reduce vulnerability through diversification, re-
linking, or boundary changes, and the clearest empirical signal may therefore emerge on one margin
without being mirrored on the other. For this reason, the empirical analysis treats margin asymmetry
and year-specific time profiles as the central adjudication devices. The objective is not to claim causal
identification, but to assess whether the observed patterns are more consistent with exposure, lock-

in, or adaptation benchmarks under a strictly non-causal interpretation.

2.6 Research gap and thesis positioning

The literature reviewed so far identifies the main mechanisms through which GVCs can operate as

channels of fragility or resilience. It shows that disruptions can propagate through input linkages
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when production depends on specific inputs or rigid complementarities, generating spillovers beyond
the firms directly hit (Barrot & Sauvagnat, 2016; Boehm et al., 2015). COVID-era evidence reinforces
this concern by documenting severe upstream bottlenecks and exceptionally high supply-chain
pressures during the recovery phase (Rees & Rungcharoenkitkul, 2021; Benigno et al., 2022). At the
same time, policy-oriented and macroeconomic evidence cautions against treating the pandemic as
proof that reshoring or broad retrenchment would necessarily improve resilience. OECD (2020)
frames resilience in terms of transparency, agility, and supplier diversification, while IMF (2022)
presents diversification and greater substitutability as more credible responses than reshoring.

What this literature does not directly establish is how the fragility—resilience debate should be
interpreted through margin-specific value-added participation across technology groups during the
COVID-era window. Broad narratives about fragility or resilience do not show whether adjustment
became more visible in foreign-input dependence or in the domestic value-added embodied in other
countries’ exports. They also do not show, in a margin-specific way, whether high-technology
industries and the lower-technology comparison group followed different adjustment paths. The gap
is therefore not simply a measurement gap, nor simply a technology-comparison gap. It lies at the
intersection between the substantive debate on post-shock GVC adjustment, the analytical distinction
between backward and forward participation, and the empirical heterogeneity structured by
technology intensity.

This thesis positions itself at that intersection. It focuses on industry-level value-added participation
within the OECD TiVA framework and explicitly distinguishes backward participation from forward
participation (OECD, 2025a). Backward participation captures the foreign value-added embodied in
exports and is often interpreted as the import content of exports. Forward participation captures
domestic value-added embodied in foreign exports and is commonly interpreted as a measure of
forward linkages. Because these margins reflect different roles in global production, their divergence
is treated here as analytically informative rather than as a secondary detail.

The thesis also introduces technology intensity as a disciplined heterogeneity axis. Rather than
treating manufacturing as a homogeneous block, it asks whether the adjustment of value-added
participation differs systematically between high-technology industries and the lower-technology
comparison group. The purpose is not to claim that technology intensity directly measures one
specific mechanism. The purpose is to use a transparent and theoretically plausible industry grouping
in order to evaluate whether post-2020 adjustment varied across sectors in a systematic and margin-
specific way.

A further part of the gap concerns the nature of value-added evidence itself. TiVA indicators are

published with a significant lag, often two or three years, which limits their usefulness for monitoring
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recent developments in real time (Mourougane et al., 2023). OECD (2025a) also notes that estimates
for the most recent years should be interpreted with caution because they rely on extrapolations that
become less secure in periods of major disruption. These constraints matter directly for the present
study, since the analytical window ends in 2022, a year shaped by overlapping shocks rather than by
the pandemic alone.

For this reason, the thesis adopts a deliberately conservative stance. Its aim is not to identify a single
causal driver of post-2020 change. It is to document margin-specific adjustment profiles and to assess
whether those profiles are more consistent with exposure, lock-in, or adaptation benchmarks under a
strictly non-causal interpretation. The empirical purpose therefore lies not simply in asking whether
participation changed after 2020, but in asking where adjustment became visible, when it emerged,

and whether it differed systematically across technology groups.

2.7 Hypotheses and empirical mapping

Building on the debate, value-added lens, margin distinction, technology axis, and mechanism
benchmarks developed in the previous sections, this section translates the research questions into
explicit, margin-specific hypotheses mapped directly to regression coefficients. The aim is not to
identify causal effects of a single shock, but to specify how the sign, timing, and margin asymmetry
of the estimated coefficients will be used to assess whether the observed 20202022 adjustment is
more consistent with exposure, lock-in, or adaptation benchmarks.

Because some benchmarks are formulated around imported-input exposure, they imply a more direct
expected response on the backward margin. This does not make the framework closed to forward-led
adjustment. A forward-side differential would not confirm the backward-specific hypotheses in their
strict form, but it would still be informative as evidence that adjustment occurred selectively across
distinct value-added roles.

Table 2 summarises the mechanism benchmarks developed in Section 2.5 and links each mechanism

to its expected empirical signature and corresponding hypothesis structure.
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Table 2 : Mechanism benchmarks, expected empirical signatures, and hypothesis mapping

Expected empirical Related
Benchmark Core mechanism
signature hypothesis
Disruption propagates through Stronger negative differential
specific imported inputs and on the backward margin in
Exposure ) ) )
constrained upstream linkages, 2020, with backward H1
sensitivity . . . . )
making high-technology industries | adjustment more pronounced
more exposed at shock onset. than forward adjustment.
Upstream constraints remain binding Negative backward
Bottleneck during the recovery phase, so the differential remains visible in 2
a
persistence initial backward-side penalty 2021, with pronounced
persists. asymmetry across margins.
Firms respond through _ _
) ) ) o Partial reversion on the
diversification, re-linking, and o
Adaptation and _ ' ) N backward margin in 2021,
improved input substitutability, _ H2b
reversion ) o ] with a narrower asymmetry
reducing the initial backward-side _
gap relative to 2020.
penalty.
Relationship-specific investments, Muted impact in 2020,
Lock-in and ' o
incomplete contracts, and switching | delayed or gradual movement
delayed ) o H3
costs slow reconfiguration across thereafter, and limited
adjustment o _
cross-border production links. asymmetry across margins.
' No directional prediction for
By 2022, overlapping shocks make _
Compounded- o ) ) ) 2022; coefficients are
continuation, reversion, or disruption _ o
shock _ ) ) interpreted as indicating H4
of earlier patterns possible without a .
interpretation whether earlier patterns

clean sign prediction.

persist, revert, or break.

The formal coefficient mapping below then makes these benchmark-specific expectations explicit.

Let Y[} denote value-added GVC participation for country c, industry i, year t, and participation

margin m, where m € {B, F}. B denotes backward participation and F denotes forward participation,

both measured using OECD TiVA indicators (OECD, 2025a). Let HighTech; be the technology-

intensity indicator based on the OECD R&D taxonomy (Galindo-Rueda & Verger, 2016). The

coefficient mapping is:
Tee =Qict Ve t Bt (HighTech; x 1[t = k]) + &;.t,m € {B,F}.

k€{2020,2021,2022}
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In the dynamic assessment used for the main results, the year-specific coefficients are interpreted as
high-technology versus lower-technology differentials relative to the 2019 benchmark. They do not
measure the average post-2020 change in participation. Instead, they indicate whether the gap
between high-technology industries and the lower-technology comparison group in a given COVID-
era year differs from the corresponding gap in 2019, separately for each value-added margin. The
empirical focus is therefore not on post-2020 change in general, but on where differential adjustment
becomes visible, when it emerges, and whether it is concentrated on one participation margin rather
than the other.

The core adjudication object is the margin-asymmetry gap:

Ay =,31§_.31§-

Because backward and forward participation capture structurally distinct roles in global production
networks, the framework does not impose symmetry across margins ex ante. The empirical analysis
is therefore designed not only to detect whether differential adjustment emerges after 2020, but also
to assess whether it is concentrated on one participation margin rather than the other. In this sense,
margin asymmetry is treated as a substantively informative outcome that helps adjudicate between
competing exposure, lock-in, and adaptation benchmarks.

Exposure benchmark hypotheses

The first benchmark is based on shock propagation through foreign-input dependence. The
mechanism is that, when production relies on specific imported inputs that are difficult to replace
quickly, disruption should appear most clearly on the backward margin, because that margin captures
foreign value-added embodied in exports. Under this logic, the first COVID-era response should be
more adverse for high-technology industries precisely on the backward side.

H1 (Exposure sensitivity, 2020).

If propagation and upstream bottlenecks dominate at disruption onset, high-technology industries
exhibit a larger decline in backward participation in 2020 than the lower-technology comparison

group, and the backward response is more pronounced than the forward response:

B B F
BZOZO < 0' I 182020 |>| 182020 |'A2020 <0.

This benchmark is motivated by evidence on input specificity and limited short-run substitution
(Barrot & Sauvagnat, 2016; Boehm et al., 2015) and by evidence that bottlenecks were particularly
severe in upstream industries and generated large international spillovers (Rees &

Rungcharoenkitkul, 2021).
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Competing 2021 hypotheses: persistence versus reversion
The year 2021 is analytically important because it combines recovery with severe bottlenecks. For
this reason, two competing benchmark-consistent hypotheses are specified. One possibility is
persistence: constraints remain binding and the backward-side penalty continues. The other is
adaptation: firms begin to reorganise, so the initial backward-side differential becomes weaker.
H2a (Bottleneck persistence, 2021).
If upstream constraints remain binding, the backward-side penalty is expected to persist into 2021
rather than weaken, with asymmetry remaining pronounced:

B2021 < Bro20 <0

with asymmetry remaining pronounced on the backward side.

This is consistent with evidence of extreme supply-chain pressures during late 2021 (Benigno et al.,
2022) and the upstream bottleneck mechanism (Rees & Rungcharoenkitkul, 2021).

H2b (Adaptation and reversion, 2021).

If firms adapt through diversification, re-linking, and improved input substitutability, high-

technology industries show partial reversion on the backward margin and the asymmetry gap narrows:

B B
182021 > :820201I A2021 1< A2020 l.

Under this benchmark, the expected empirical signature is not the disappearance of adjustment, but a
weaker backward-side penalty and a less pronounced asymmetry across margins. This interpretation
is consistent with resilience strategies emphasising diversification and substitutability (OECD, 2020;
IMF, 2022) and with firm-level evidence linking diversification, supplier reconfiguration, and
boundary changes to improved resilience (Lebastard et al., 2023; Lin et al., 2021; Ersahin et al., 2023;
Khanna et al., 2022).
Lock-in benchmark hypotheses
A different benchmark focuses on slow reconfiguration. The mechanism here is that cross-border
production links may be sticky because they depend on relationship-specific investments, incomplete
contracts, and heterogeneous switching costs. Under this logic, immediate adjustment should be
muted, and any movement should emerge only gradually. Because both margins are expected to adjust
slowly, margin asymmetry should also remain limited.
H3 (Lock-in: muted impact and delayed adjustment).
If relationship-specific investments and governance frictions dominate, immediate reconfiguration is
limited and adjustment is muted on impact but can emerge with delay:

| B3oz20 1= 0,1 Bo21 121 Boz0 |,
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with limited margin asymmetry across 2020-2021 because both margins adjust slowly.

This benchmark is motivated by theory and evidence on relationship specificity, incomplete
contracting, and heterogeneous switching costs across governance structures (Nunn, 2007; Antras &
Chor, 2013; Gerefti et al., 2005).

H4 (Compounded-shock interpretation).

No directional sign prediction is imposed for 2022. This is a deliberate design choice. Coefficients
for 2022 are interpreted only as describing whether patterns observed in 2020-2021 persist, revert,
or break in a compounded environment, without treating 2022 as “pure COVID persistence.”

These hypotheses make the empirical strategy explicitly benchmark-driven while preserving a strictly
non-causal interpretation discipline. In the empirical chapters, the main assessment is conducted
through year-specific coefficients relative to the 2019 benchmark and through the margin-asymmetry
gap. The purpose is to evaluate whether the observed profiles are more consistent with exposure-
driven disruption, lock-in persistence, or adaptation-oriented adjustment, without treating any
coefficient as a causal effect of the pandemic. The key question is not only whether high-technology
industries adjusted differently from the lower-technology comparison group, but whether that
differential adjustment is concentrated on backward or forward participation and whether it persisted,
reverted, or broke during the recovery phase. Chapter 3 translates this hypothesis structure into a
fixed-effects empirical design that evaluates where differential adjustment becomes visible and when

it emerges.
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Chapter 3 — Data and methodology

3.1 Research design and rationale

This chapter translates the theoretical framework developed in Chapter 2 into an empirical design.
The purpose is to document whether COVID-era adjustment in value-added GVC participation
differed across technology groups, participation margins, and years, rather than to identify a single
causal effect of the pandemic. In line with the thesis’s debate-first and margin-specific framing, the
empirical design is used to assess whether the observed patterns are more consistent with exposure,
lock-in, or adaptation benchmarks under a strictly non-causal interpretation.

The unit of analysis is a country—industry—year panel drawn from OECD Trade in Value Added data.
This structure allows the analysis to follow the same country—industry pair over time and to compare
differential adjustment across high-technology industries and the lower-technology comparison
group. The central empirical contrast is therefore based on within-unit variation over time, interpreted
through a fixed-effects framework that controls for persistent differences across country—industry
pairs and common year shocks.

Two design choices follow directly from the thesis logic. First, backward and forward participation
are estimated separately, because they capture structurally distinct roles in global production networks
(OECD, 2025a). The objective is not to collapse GVC integration into a single aggregate indicator,
but to evaluate whether differential adjustment becomes visible on one value-added margin rather
than the other. Second, technology intensity is used as the empirical heterogeneity axis. The
comparison between high-technology industries and the lower-technology comparison group is
therefore not a secondary control, but the structured contrast through which the thesis examines
whether adjustment differs systematically across industries.

Throughout the chapter and the results that follow, interpretation remains disciplined. Coefficients
are read as differential adjustment patterns that may be more or less consistent with rival benchmarks,
not as proof of mechanisms. This caution is necessary because the period 2020-2022 contains
overlapping shocks and policy responses, and because the TiVA framework itself involves non-trivial
construction and publication lags (OECD, 2025a; Mourougane et al., 2023). The methodology
therefore prioritises transparent mapping between hypotheses, coefficients, and interpretation, while

preserving the thesis’s non-causal stance.
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3.2 Data source and sample construction

The empirical analysis relies on the OECD Trade in Value Added database (TiVA), 2025 edition,
which is built on Inter-Country Input-Output (ICIO) tables and covers the period from 1995 to 2022
(OECD, 2025a). TiVA provides harmonised indicators derived from input-output relationships and
national accounts concepts, making it suitable for analysing GVC participation through the value-
added and margin-specific lens developed in Chapter 2, rather than through gross trade flows.

The thesis uses the bulk download of principal indicators (shares) and reshapes the raw files into a
dataset indexed by reporting economy, industry, and year. Operationally, this involves importing the
raw CSV extracts, filtering the data to the relevant indicator definitions and units, and constructing a
consistent identifier structure for the panel. The resulting datasets are designed to be replicable, in the
sense that each restriction is implemented through transparent filters on standard TiVA fields, such as
the reporting economy code, the activity code, the time period, the counterpart dimension, and the
measurement unit.

The baseline analysis window i1s 2017 to 2022. The pre-2020 years serve two specific functions: they
provide descriptive context for how the COVID-era window compares to the immediate pre-period,
and they support a compact pre-period diagnostic in the dynamic specification. The years 2020 to
2022 are interpreted as an adjustment window under the non-causal discipline defined earlier. In
particular, 2022 is treated cautiously because it may reflect compounded macroeconomic conditions
rather than a clean continuation of early pandemic dynamics.

Several sample restrictions and cleaning rules are imposed to keep the dataset interpretable and
replicable. The counterpart dimension is fixed to the world aggregate, in order to measure overall
participation rather than bilateral exposure. The country sample retains sovereign reporting
economies and excludes non-sovereign aggregates. Industry coverage is restricted to manufacturing,
operationalised through TiVA activity codes corresponding to ISIC Rev.4 Section C (10 to 33), while
excluding broad aggregate categories that would overlap with the more granular activity codes used
in the analysis.

Technology intensity is incorporated as a structured heterogeneity axis. Industries are classified using
the OECD R&D intensity taxonomy, which groups manufacturing activities by the ratio of R&D
expenditure to value added, and highlights that measured R&D intensity can vary substantially across
countries within the same industry classification (Galindo-Rueda & Verger, 2016).

In operational terms, the classification is implemented using the activity codes reported in the TiVA
manufacturing dataset. High-technology manufacturing industries correspond to ISIC Rev.4 divisions

C21 (Pharmaceuticals) and C26 (Computer, electronic and optical products). The comparison group
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is constructed from manufacturing industries belonging to the OECD medium-low-technology
intensity category, implemented using the aggregated TiVA activity codes C10T12 (Food products,
beverages and tobacco products), C13T15 (Textiles, wearing apparel and leather products), C16T18
(Wood products, paper products and printing), and C19 (Coke and refined petroleum products). In
the empirical analysis, this group is labelled LT for parsimony, but it should be read as a lower-
technology comparison group rather than as the full set of lower-technology manufacturing activities.
Industries belonging to intermediate technology-intensity groups are excluded from the analytical
sample in order to preserve a clear and interpretable contrast between high-technology industries and

the lower-technology comparison group.

Table 3: Industry classification by technology intensity

Technology group TiVA activity code Industry description
High-technology C21 Pharmaceuticals
. Computer, electronic and
High-technology C26 )
optical products
Lower-technology comparison Food products, beverages and
C10T12
group tobacco products
Lower-technology comparison CI3T15 Textiles, wearing apparel and
group leather products
Lower-technology comparison ‘Wood products, paper
& P C16T18 P .p p
group products and printing
Lower-technology comparison c19 Coke and refined petroleum
group products

Industry groupings follow the OECD manufacturing technology intensity classification (Galindo-Rueda & Verger, 2016).

A practical feature of the data construction is that the backward and forward outcomes are stored and
analysed in separate datasets. The two datasets are harmonised to share the same identifiers and
filtering rules, but they are not merged, because the regressions are estimated independently for each
participation margin. This separation also supports the broader interpretive stance of the thesis,
namely that backward and forward participation are distinct objects that should not be mechanically

collapsed into a single index.
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The final analytical sample contains 80 reporting economies and 6 manufacturing activity codes
observed annually over the period 2017-2022, yielding a balanced panel of 2,880 country—industry—

year observations.

3.3 Variable construction and operationalization

The empirical analysis operationalises global value chain participation using two value-added
indicators from the OECD TiVA framework. These indicators correspond to distinct margins of
integration and are therefore treated as separate dependent variables throughout (OECD, 2025a).
Backward participation measures the foreign value-added embodied in a domestic industry’s gross
exports, expressed as a share of gross exports. Conceptually, it captures reliance on imported
intermediates embodied in exports and therefore reflects integration on the input sourcing margin
(OECD, 2025a). In the bulk principal indicators download, this outcome is implemented using the
foreign value added content of gross exports share, reported in the extracted files as MEASURE =
EXGR _FVA with UNIT MEASURE =PT_EXGR.

Forward participation measures domestic value-added embodied in foreign exports, expressed as a
share normalised by the total gross exports of the domestic value added source country (OECD,
2025a). Conceptually, it reflects how domestic value added enters downstream production abroad and
is re-exported, capturing a country’s presence in global production networks through foreign
exporting activity. In the TiVA guide, this concept corresponds to domestic value-added embodied in
foreign exports as a share of gross exports, and in the extracted files it is implemented as MEASURE
=FEXGR DVA with UNIT MEASURE =PT_EXGR_T.

A key implication for interpretation is that backward and forward participation are not directly
comparable in levels because they rely on different normalisation bases and reflect different
perspectives on production networks. The two margins are therefore analysed separately, with
attention to whether adjustment is asymmetric across them.

Technology intensity is operationalised using the OECD R&D intensity taxonomy (Galindo-Rueda
& Verger, 2016). A binary HighTech indicator is constructed equal to one for high-technology
manufacturing industries, corresponding to ISIC Rev.4 divisions 21 (pharmaceuticals) and 26
(computer, electronic and optical products), implemented in TiVA as activity codes C21 and C26. The
lower-technology comparison group, labelled LT for parsimony, is constructed from the medium-low
R&D intensity group and implemented through TiVA activity codes C10T12, C13T15, C16T18, and
C19. Intermediate intensity manufacturing activities are excluded so that the empirical contrast

remains sharp and interpretable under the thesis scope.
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To capture year-specific differential adjustment during the COVID-era window, the dataset includes
indicator variables for 2020, 2021, and 2022 interacted with the HighTech indicator. This structure
maps directly to the thesis hypothesis logic, because it allows the analysis to distinguish disruption
onset, bottleneck persistence or reversion, and the compounded 2022 environment without imposing
that the entire post-period is homogeneous. For the dynamic diagnostic introduced below, the same
logic is implemented through year-specific interactions relative to 2019, with 2017 and 2018 included

as compact pre-period diagnostic terms.

3.4 Empirical strategy and baseline specifications

The baseline specification is estimated separately for backward and forward participation. Let Y, ; ,
denote participation margin m for industry i, country ¢, and year t, where m € {B, F}. The baseline

model is:
Yico = auo + ¥e + Blzoz20) (HighTechl- X D(ZOZO,t)) + [3{;‘021)(HighTechi X D(2021,t))

+ ﬁgozz)(HighTeChi X D(2022,t)) + &M € {B, F}.

Country-industry fixed effects a.; absorb persistent differences across country—industry pairs. This
is particularly appropriate for the research question because high-technology industries and the lower-
technology comparison group differ systematically across countries in ways that are likely to be stable
over time. Estimation therefore relies on within-unit deviations rather than on cross-sectional
differences in participation levels.

Year fixed effects, y;, absorb shocks common to all observations in a given year, such as global trade
conditions and broad macroeconomic developments. The interaction terms then capture whether the
high-technology versus lower-technology differential changes in each COVID-era year, conditional
on country—industry and year fixed effects. In this baseline specification, the pre-2020 years form the
omitted interaction period. The dynamic specification introduced in Section 3.5 then makes the timing
more explicit by using 2019 as the reference year and including compact pre-period diagnostic terms.
The coefficients B35.0, Byo21, and [35,, are therefore interpreted as year-specific differential
adjustment patterns for high-technology industries relative to the lower-technology comparison
group, separately for each value-added margin. They are not interpreted as causal effects of the
pandemic. Rather, they provide a structured way to assess whether adjustment became more visible
on the backward or forward margin, and whether the resulting pattern is more consistent with

exposure, lock-in, or adaptation benchmarks.
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Inference is based on cluster-robust standard errors at the country—industry level. This choice reflects
the general point that failure to account for within-cluster error correlation can yield misleadingly
small standard errors (Cameron & Miller, 2015), and that serial correlation in panel settings can
substantially bias conventional difference-in-differences-style inference when outcomes are
persistent (Bertrand et al., 2004). The use of clustered inference also aligns with the broader fixed-
effects panel framework, where robust standard errors can be constructed to allow for
heteroskedasticity and serial correlation within units (Arellano, 1987). Importantly, these inference

choices are treated as safeguards for statistical credibility, not as a step toward causal identification.

3.5 Dynamic specification, pre-period assessment, and validity checks

To complement the baseline model with a compact temporal diagnostic, the thesis estimates a
dynamic specification that traces the differential profile of high-technology industries relative to the
lower-technology comparison group year by year. The purpose is deliberately narrow. The
specification is used to assess whether the two groups display broadly comparable movements in the
immediate pre-period and to present the COVID-era adjustment as a year-specific profile, rather than
as a single pooled post-period effect. This is consistent with the mechanism logic developed in
Chapter 2, where disruption onset, bottleneck persistence or reversion, and the compounded 2022
environment are treated as analytically distinct phases.

Operationally, 2019 is set as the reference year. The model estimates interactions between the high-
technology indicator and year dummies for 2017, 2018, 2020, 2021, and 2022, while omitting the
2019 interaction:

Yo =Qic+ve t Z Bi* (HighTech; X 1[t = k]) + €]%.,,m € {B,F}.
kE{Z017,2018,2020,2021,2022}

The full set of years is K ={2017,2018,2019,2020,2021,2022}, with 2019 omitted as the
benchmark. Each coefficient therefore measures the high-technology industries versus lower-
technology differential in year k relative to the corresponding differential in 2019, conditional on
country—industry fixed effects and year fixed effects.

The coefficients for 2017 and 2018 are interpreted as descriptive pre-period diagnostics, not as a
mechanical pass—fail test. They are used to assess whether the high-technology and lower-technology
groups display broadly comparable movements before the COVID-era window, while recognising
that such diagnostics cannot validate a causal parallel-trends assumption on their own. This caution

is deliberate because conditioning inference on the outcome of a pre-test can distort estimation and
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lead to undercoverage (Roth, 2022). When pre-period differences appear non-negligible, conclusions
should therefore be interpreted with additional caution, and sensitivity logic based on bounded
deviations from parallel trends provides a more credible complement than treating the pre-period
diagnostic as a binary pass—fail rule (Rambachan & Roth, 2023).

Two further guardrails clarify the role of this specification. First, because COVID timing is common
across units, the analysis does not involve staggered adoption in the standard event-study sense.
Second, recent econometric work shows that, in settings with staggered adoption and heterogeneous
effects, conventional event-study regressions can behave poorly and can even produce misleading
lead coefficients (Sun & Abraham, 2021; Borusyak et al., 2024). These issues are not the core
identification problem in this thesis, but they motivate a restrained and non-causal use of the dynamic
specification. It is used as a diagnostic and presentation device that improves transparency, while

avoiding causal over-interpretation.

3.6 Ethical considerations and limitations

The thesis relies exclusively on aggregate secondary data from institutional sources and does not
involve personal data, human subjects, or identifiable firm-level information. Ethical risks are
therefore limited and relate mainly to accurate representation, transparent data construction, and
cautious interpretation of published statistics.

The main limitations concern the nature and timing of value-added evidence. TiVA indicators are
constructed by harmonising national accounts and input-output information within an inter-country
input-output framework, and they are not available in real time. Evidence on nowcasting highlights
that TiVA indicators are published with a significant lag, often two or three years, which limits their
ability to track recent developments as they unfold (Mourougane et al., 2023). OECD guidance also
notes that estimates for the most recent years should be interpreted with caution, especially in periods
of major disruption (OECD, 2025a). This matters directly for the present study because the analytical
window ends in 2022, a year that may reflect overlapping adjustments rather than a clean continuation
of earlier pandemic dynamics.

The thesis addresses these limitations through design and wording discipline. Results are presented
as margin-specific and year-specific adjustment patterns within a fixed-effects framework.
Mechanism discussion is framed in terms of consistency with exposure, lock-in, or adaptation

benchmarks, rather than as identification of causal mechanisms.
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3.7 Descriptive evidence from the analytical sample

Before presenting regression results, the thesis reports descriptive evidence to orient the reader and
motivate the fixed-effects structure. The descriptive section is organised margin by margin. For
backward and forward participation, Table 4 reports the average trajectory for high-technology
industries and the lower-technology comparison group over 2017-2022, together with the within-
group standard deviation across country—industry observations. This serves two functions. First, it
shows whether 2020 appears as a break year and whether 2021 and 2022 suggest reversion or
persistence patterns, supporting the year-specific interpretation discipline embedded in the regression
design. Second, it makes cross-sectional heterogeneity explicit, reinforcing why within-unit
comparisons are central. Dispersion is substantial in both margins and is especially pronounced on
the backward side, where standard deviations remain large across both technology groups throughout
the sample. This further supports the decision to rely on country—industry fixed effects rather than on

unconditional cross-sectional comparisons.

Table 4: Descriptive statistics of backward and forward participation by technology group, with dispersion measures

Backward Backward Backward | Backward | Forward | Forward Forward | Forward

Year HT Mean HT SD LT Mean LT SD HT Mean HT SD LT Mean LT SD
2017 29.263 14.439 29.482 16.971 1.109 1.524 0.925 1.704
2018 29.505 13.671 30.412 17.672 1.069 1.414 0.961 1.800
2019 29.023 13.414 30.203 17.544 1.098 1.459 0.918 1.686
2020 28.491 13.779 29.032 17.393 1.195 1.580 0.881 1.476
2021 30.416 13.462 31.075 17.367 1.188 1.626 0.921 1.528
2022 32.282 13.697 33.436 17.417 1.143 1.527 0.991 1.588

HT = high-technology; LT = lower-technology comparison group; SD = standard deviation. Values report mean participation shares
and within-group standard deviations computed across country—industry observations within each technology group and year. The
panel is balanced and includes 80 reporting economies, 6 manufacturing activity codes, and annual observations over 2017-2022.

Each year contains 160 high-technology and 320 lower-technology country—industry observations.

The descriptive averages suggest that backward participation remains broadly similar across the two
technology groups over time, whereas forward participation is consistently higher for high-
technology industries and shows a more pronounced widening in 2020-2021 relative to the lower-

technology comparison group. The dispersion measures show that this pattern unfolds against
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substantial cross-sectional heterogeneity, particularly on the backward margin. Descriptive evidence
is not used to infer causality. Its role is to improve measurement clarity and reader control by showing
what the data look like before estimation. The descriptive evidence therefore foreshadows, but does
not establish, the possibility that differential adjustment may be more visible on the forward margin
than on the backward margin. That possibility must be assessed within the fixed-effects framework,
which removes persistent country—industry differences and common year shocks before the high-
technology versus lower-technology differential is interpreted. The next chapter therefore turns to the
regression results to evaluate whether this margin-specific contrast remains visible once these

controls are introduced.

3.8 Interim summary

This chapter has translated the theoretical framework into a country—industry—year empirical design
based on OECD TiVA 2025 data. The analysis focuses on 2017-2022 and treats the 2020-2022 period
as an adjustment window to be interpreted descriptively rather than as a clean causal treatment. GVC
participation is operationalised through two distinct value-added outcomes, backward and forward
participation, while technology intensity provides the high-technology versus lower-technology
comparison used to structure heterogeneous adjustment across manufacturing activities.

The baseline specification estimates the high-technology versus lower-technology differential
separately for each participation margin, using country—industry fixed effects and year fixed effects.
Cluster-robust standard errors at the country—industry level are used to safeguard inference against
within-unit error correlation. The dynamic specification complements the baseline model by using
2019 as the benchmark year and tracing year-specific coefficients, with 2017 and 2018 interpreted as
descriptive pre-period diagnostics rather than as a causal parallel-trends test.

The chapter has also clarified the main limitations of the empirical setting. TiVA indicators are
published with a lag and the most recent years require caution, especially during periods of major
disruption. For this reason, the empirical analysis is designed to document margin-specific and year-
specific adjustment patterns, not to identify a single causal mechanism. Chapter 4 applies this design
to assess whether differential adjustment is more visible on the backward or forward margin, and

whether the observed patterns are more consistent with exposure, lock-in, or adaptation benchmarks.
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Chapter 4 — Results

This chapter presents the estimates from the dynamic specification introduced in Section 3.5. This
specification complements the baseline fixed-effects design presented in Section 3.4 by adding a
compact pre-period diagnostic, while preserving the same non-causal interpretation of the year-
specific coefficients. Unless otherwise stated, coefficients are interpreted in percentage-point terms
of the relevant participation share and as deviations from the 2019 high-technology versus lower-
technology differential. The purpose is to assess whether differential adjustment between high-
technology industries and the lower-technology comparison group is concentrated on the backward
or forward margin.

The analysis proceeds in three steps: first examining the evolution of backward participation, then
analysing forward participation, and finally evaluating the robustness of the observed patterns through

a series of post-estimation checks.

4.1 Results: backward participation

Table 5 : Dynamic specification estimates: backward participation

inte?:;lt‘ion Coefficient | Std. error p-value | Significance
Higg(—)tf;h x 0.960 0.500 <0.10 +
Higg(—)tfgh X 0.272 0.363 n.s.

Higg(—)tzegh X 0.638 0.384 <0.10 +
Hig%tzelch X 0.520 0.517 n.s.

Hig%tzezch % 0.025 0.626 n.s.

+p <0.1, * p <0.05, ** p < 0.01, *** p < 0.001

Benchmark year = 2019. Dependent variable: backward participation. All regressions include country—industry fixed effects and
year fixed effects, with cluster-robust standard errors at the country—industry level. Number of observations = 2,880. R? = 0.949.
RMSE = 3.69. Significance markers follow the dynamic-specification table conventions.

Table 5 reports the dynamic specification estimates for backward participation. Each interaction
coefficient measures the year-specific deviation in the high-technology versus lower-technology

differential relative to the omitted benchmark year 2019, conditional on country—industry fixed
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effects, year fixed effects, and country—industry clustered standard errors. Under this specification,
the backward results do not indicate a robust and persistent post-2019 divergence between the two
technology groups. Instead, they suggest a comparatively flat and imprecisely estimated pattern over
the COVID-era window.

The pre-period coefficients already call for caution in reading the backward path as a sharply
reconfigured trajectory. The estimate for 2017 is positive and only marginally significant, at 0.960
with a standard error of 0.500, whereas the coefficient for 2018 is smaller, at 0.272, and not
statistically distinguishable from zero. Descriptively, this means that the high-technology versus
lower-technology differential in backward participation is not tightly pinned down in the immediate
years preceding the 2019 benchmark.

Turning to the post-2019 years, the coefficient for 2020 is positive, at 0.638, with a standard error of
0.384, and is only marginally significant at the 10 percent level. The sign indicates that the high-
technology minus lower-technology differential is above its 2019 level in the first pandemic year, but
the estimate is not precise enough to support a strong claim of a robust shift. In 2021, the coefficient
remains positive at 0.520, yet the standard error rises to 0.517, leaving the estimate statistically
indistinguishable from zero. By 2022, the coefficient falls to 0.025, with a standard error of 0.626,
which is substantively close to zero and highly imprecise. Taken together, these results do not reveal
a stable or clearly structured reshaping of the backward participation gap between high-technology
industries and the lower-technology comparison group relative to 2019.

The backward profile is therefore best interpreted as showing limited evidence of systematic
differential adjustment. The estimates do not support a strong exposure-type reading in which high-
technology industries would exhibit a stronger and more persistent negative differential on the
backward margin than the lower-technology comparison group. Nor do they point to a sustained
positive divergence that would suggest a clear relative strengthening of high-technology upstream
integration. At this stage, the most defensible conclusion is that, once persistent country—industry
heterogeneity and common year shocks are controlled for, the backward margin does not exhibit a
robust and persistent post-2019 reconfiguration of the high-technology versus lower-technology
differential. The backward results therefore provide limited evidence of systematic differential
adjustment and are best interpreted in contrast with the more structured forward-side pattern
documented in the next section. Section 4.3 further assesses this interpretation through joint tests,

pooled post estimates, and normalisation checks.
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Figure 1 : Dynamic specification estimates: backward participation

Event-study light: Backward participation
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Points report the estimated coefficients on the interactions between the high-technology indicator and year dummies, relative to the
omitted benchmark year 2019. Bars indicate 95 percent confidence intervals. The dashed vertical line marks 2020, while the
horizontal zero line corresponds to the 2019 benchmark. The figure is interpreted descriptively as documenting the evolution of the
high-technology versus lower-technology differential in backward participation around the COVID-era window.

4.2 Results: forward participation

Table 6 : Dynamic specification estimates: forward participation

Year

interaction Coefficient Std. error prvalue Slentficance
Higg(')tle;h “ 1 0.0040 0.021 0.847

fightech* g.0ms 0.017 <0.001 e
Fightech > 0.1340 0.024 <0.001 e
Hig;tzelch ) 0.0876 0.028 0.0019 i
Higgggh 1 0.0274 0.030 0.367

+p <0.1, * p <0.05, ** p < 0.01, *** p < 0.001

Benchmark year = 2019. Dependent variable: forward participation. All regressions include country—industry fixed effects and year
fixed effects, with cluster-robust standard errors at the country—industry level. Number of observations = 2,880. R* = 0.976. RMSE =
0.25. Significance markers follow the dynamic-specification table conventions.
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Table 6 reports the dynamic specification estimates for forward participation. In contrast to the
backward margin, the forward coefficients display a more structured and precisely estimated path.
The results indicate a temporary relative strengthening of forward participation for high-technology
industries in 2020 and 2021, followed by a return toward the 2019 differential by 2022. This makes
the forward margin the clearest location in which a high-technology versus lower-technology
differential adjustment is observed in the data.

The pre-period coefficients show that the choice of 2019 as the benchmark year must be interpreted
carefully. The estimate for 2017 is essentially zero, at 0.004 with a standard error of 0.021, indicating
that the high-technology versus lower-technology differential in that year is almost identical to the
2019 benchmark. By contrast, the coefficient for 2018 is -0.0715, with a standard error of 0.017, and
is strongly statistically significant. Descriptively, this means that the high-technology minus lower-
technology differential in forward participation was lower in 2018 than in 2019. This does not
undermine the dynamic specification, but it does require a disciplined reading of the post-2019
coefficients. Given the significant 2018 pre-period coefficient in the forward specification, the post-
2019 coefficients are interpreted strictly as deviations from the 2019 benchmark rather than as
evidence built on a fully flat pre-period.

Within this benchmark-based reading, the most salient results emerge in 2020 and 2021. In 2020, the
coefficient is 0.134 percentage points, with a standard error of 0.024, and is highly statistically
significant. In 2021, the coefficient remains positive at 0.0876 percentage points, with a standard error
of 0.028, and remains statistically significant. Descriptively, this implies that high-technology
industries, relative to the lower-technology comparison group, display a stronger forward
participation differential in the first two COVID-era years compared with the 2019 benchmark. In
substantive terms, the data are consistent with a temporary strengthening of the role of high-
technology industries as suppliers of domestic value-added embodied in foreign exports. Read more
concretely, this pattern suggests that the most visible COVID-era differential is not observed primarily
through a relative weakening of high-technology industries’ imported-input-based integration.
Instead, it is more consistent with a temporary strengthening or preservation of their role as suppliers
of domestic value-added embodied in other countries’ exports. In this sense, the clearest adjustment
signal appears less on the input-dependence side than on the side of how high-technology industries
were positioned within downstream foreign export production.

By 2022, however, the coefficient turns slightly negative, at -0.0274 with a standard error of 0.030,
and is no longer statistically distinguishable from zero. The most coherent descriptive reading is
therefore one of temporary relative strengthening followed by normalisation. The high-technology

versus lower-technology forward differential rises clearly in 2020, remains positive but smaller in
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2021, and then returns toward the benchmark differential in 2022. Compared with the backward
margin, this profile is both more structured and more precisely estimated.

Taken jointly, the forward results provide the clearest evidence in Chapter 4 of margin-specific
differential adjustment during the COVID-era window. At this stage, the interpretation remains
descriptive. The estimates indicate that the relative adjustment of high-technology manufacturing is
more visible on the downstream-oriented forward margin than on the upstream input-sourcing
backward margin. Section 4.3 further assesses whether this result is driven by a single yearly
coefficient, whether it remains visible in a pooled post-period re-parameterisation, and whether it is

concentrated solely in one of the two industries included in the high-technology group.

Figure 2 : Dynamic specification estimates: forward participation

Event-study light: Forward participation
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Points report the estimated coefficients on the interactions between the high-technology indicator and year dummies, relative to the
omitted benchmark year 2019. Bars indicate 95 percent confidence intervals. The dashed vertical line marks 2020, while the
horizontal zero line corresponds to the 2019 benchmark. The figure is interpreted descriptively as documenting the evolution of the
high-technology versus lower-technology differential in forward participation around the COVID-era window.

Taken together, the dynamic specification results do not indicate a uniform adjustment across
participation margins. Instead, they point to a margin-specific pattern in which differential adjustment
is concentrated on the forward dimension of value-added participation, while the backward margin

remains comparatively stable and imprecisely estimated.
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4.3 Robustness and extensions

The dynamic specification estimates indicate that the core differential adjustment during the COVID-
era window emerges more clearly on the forward margin than on the backward margin. However, the
thesis does not rely on single-year coefficients alone. The purpose of the robustness and extension
checks is therefore threefold. First, they provide more compact summaries of whether the post-2019
profile is jointly different from the 2019 benchmark. Second, they assess whether the observed
forward pattern is broad-based or instead driven by a narrow component of the high-technology
group. Third, they test whether the apparent reversion in 2022 is statistically supported rather than
simply a visual impression from the dynamic specification plots. Importantly, all these checks retain
the same data, the same fixed-effects structure, and the same country—industry clustering scheme.
They are therefore best understood as reorganisations and extensions of the estimated coefficient
structure, not as alternative identification strategies.

A first set of checks consists of joint tests on groups of dynamic coefficients. The post-period joint
test asks whether the interactions for 2020, 2021, and 2022 are jointly equal to zero, thereby
evaluating whether the entire COVID-era profile differs from the 2019 benchmark without relying
on any single-year estimate. For backward participation, the null is not rejected: ¥*(3) = 3.310 with p
= 0.346. This is consistent with the interpretation that the post-2019 backward path is not jointly
distinguishable from the 2019 benchmark. By contrast, the same test is strongly rejected for forward
participation, with ¥*(3) = 42.869 and p = 2.62e—09. This indicates that the COVID-era forward
profile is collectively different from the 2019 benchmark, reinforcing the evidence from Section 4.2.
A second joint test examines the pre-period coefficients, namely the interactions for 2017 and 2018.
The purpose of this test is not to prove or disprove a causal parallel-trends assumption, since the thesis
remains explicitly non-causal. Rather, it serves as a descriptive check of how distinct the 2019
benchmark is from the immediately preceding years. For backward participation, the pre-period
coefficients are not jointly significant, with ¥*(2) =3.982 and p = 0.1365, which is consistent with the
earlier interpretation of a relatively noisy but not systematically displaced pre-profile. For forward
participation, the pre-period test is strongly significant, with y*(2) = 28.192 and p = 7.55¢—07. This
result is driven mainly by the negative 2018 coefficient relative to 2019 and therefore implies that the
post-2019 forward coefficients should be read transparently as deviations from a 2019 benchmark
that is already somewhat distinct from 2018.

A third check re-parameterises the dynamic specification into a pooled post specification, where the
years 2020-2022 are collapsed into a single post indicator interacted with HighTech. The purpose of

this test is to summarise the average COVID-era differential in one headline coefficient, rather than
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relying on three separate yearly interactions. For backward participation, the pooled estimate is
essentially zero, at -0.0166 with a standard error of 0.4664 and p = 0.9717. This is consistent with the
absence of a meaningful average backward differential over the COVID-era window. For forward
participation, the pooled estimate is 0.0872, with a standard error of 0.0303 and p = 0.0042, indicating
a positive and statistically significant average differential. In substantive terms, this indicates that the
clearer forward pattern identified in Section 4.2 is not driven only by one isolated yearly coefficient,
but remains visible when the post-period is summarised into a single COVID-era average.

A fourth extension investigates who drives the pooled forward result within the high-technology
group. Since the high-technology sample contains two industries, C21 and C26, the natural question
is whether the positive forward differential reflects a broader high-technology pattern or is instead
concentrated in only one sector. To address this, the pooled forward specification is decomposed into
separate post interactions for C21 and C26, while retaining the same fixed-effects and clustering
structure. The estimates show that both sectors contribute positively. For C21, the coefficient is
0.0895 with a standard error of 0.0267 and p = 0.000859. For C26, the coefficient is 0.0850 with a
standard error of 0.0423 and p = 0.04517. The evidence is therefore stronger and more precise for
pharmaceuticals, but the positive pooled forward differential is not concentrated solely in
pharmaceuticals. Computer, electronic and optical products also contribute positively, which supports
the interpretation that the aggregate high-technology result captures a broader forward-margin pattern
rather than a single-sector artefact.

The final set of checks focuses on normalisation and persistence, that is, whether the visual impression
of a positive forward differential in 2020-2021 followed by reversion toward zero in 2022 is
statistically supported. The relevant test here is not whether 2022 is itself significant, but whether the
earlier COVID-era coefficients differ from the 2022 coefficient. For forward participation, the joint
equality test of 2020 = 2022 and 2021 = 2022 yields ¥*(2) = 30.179 with p = 2.8e—07, while the
restriction that the average of 2020-2021 equals 2022 yields y*(1) =29.961 with p =4.41e—08. These
results provide strong statistical evidence that the positive forward differential observed in the first
two COVID-era years is not statistically equivalent to the 2022 differential. The apparent return
toward zero in 2022 is therefore not only a visual impression, but a formally supported change in the
forward profile. The analogous normalisation test for backward participation is not significant, with
*(1) = 1.251 and p = 0.2634, which is consistent with the broader interpretation that the backward
margin does not display a stable and precisely estimated differential pattern over the COVID-era
window.

Taken together, the full robustness sequence reinforces the central empirical message of Chapter 4.

Across joint tests, pooled post estimates, sector decomposition, and normalisation checks, the
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evidence continues to indicate that the key high-technology versus lower-technology differential
adjustment operates on the forward margin rather than the backward margin. Backward participation
does not exhibit a robust and persistent post-2019 divergence. Forward participation, by contrast,
displays a statistically meaningful relative strengthening in 2020-2021, a positive average COVID-
era differential in the pooled post specification, evidence that both C21 and C26 contribute to the
result, and strong statistical support for a shift between the early COVID-era years and 2022. These
findings do not settle the mechanism question, but they provide the empirical basis for the discussion
developed in Chapter 5.

The robustness checks therefore do not merely restate the forward result; they clarify the broader
empirical message of the chapter, namely that adjustment is not uniform across participation margins

and 1s instead concentrated on the forward side of value-added integration.

Table 7 : Post-estimation tests and robustness checks

Backward

Check C e .
participation

Forward participation Interpretation

Forward post-period

path is jointly different

Joint test, post-period v*(3) =42.869,p =

o ¥’(3)=3.310, p=0.346 - from the 2019
(2020-2022) 2.62¢-09 benchmark; backward
path is not
Backward pre-period
Joint test, pre-period | 2(2) = 3.982, p = £(2)=28.192, p= profile not jointly
2017-2018 0.1365 7.55¢-07 different from 2019;
(2017-2018) : 53¢ forward 2018 differs
from 2019
No statistically
Normalisation test: 21 — _ 21\ — _ supported backward
average of 2020-2021 () 0 2162354L p () 4 42196'28;’ p shift; forward average
equals 2022 ’ ' for 2020-2021 differs
from 2022
Joint year-specific 207 — _ Forward 2020 and 2021
equality test: 2020 = — ) ) 33;10779’ p coefficients differ
2022 and 2021 = 2022 ) jointly from 2022

All tests are based on the same fixed-effects dynamic specification used in Sections 4.1 and 4.2, with country—industry fixed effects,
year fixed effects, and cluster-robust standard errors at the country—industry level.
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Specification

Backward
pooled: HighTech
x Post(2020-
2022)

Forward pooled:
HighTech x
Post(2020-2022)

Forward split:
C21 x Post

Forward split:
C26 x Post

The pooled post specification collapses 2020-2022 into a single post indicator and retains the same fixed-effects structure and

Table 8 : Pooled post-period estimates and high-technology decomposition

Coefficient

-0.0166

0.0872

0.0895

0.0850

Std. error

0.4664

0.0303

0.0267

0.0423

p-value

0.9717

0.0042

0.000859

0.04517

Interpretation

No statistically
meaningful
average COVID-
era differential
Positive average
forward
differential over
the COVID-era
window
Positive and more
precisely
estimated
contribution from
pharmaceuticals
Positive
contribution also
present for
computer,
electronic and
optical products

clustering scheme as the dynamic specification. The split specification decomposes the high-technology group into the two industries

included in the main sample.

The next chapter interprets these findings not as proof of a single mechanism, but as evidence that

the fragility—resilience debate is more informatively understood through margin-specific adjustment

patterns than through aggregate narratives of post-COVID deglobalisation or resilience.
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Chapter 5 — Discussion and implications

5.1 Summary of findings relative to the hypotheses

The hypotheses developed in Section 2.7 were formulated as interpretive benchmarks mapped to
year-specific coefficients and to the asymmetry between backward and forward participation. They
were not designed as causal tests of a single shock. Read in this way, the evidence does not provide
uniform confirmation of one benchmark across all margins and years. Instead, it points to a selective
pattern: the more structured high-technology differential emerges on the forward margin, while the
backward margin remains comparatively weak and imprecisely estimated.

This matters first for HI. Under the exposure benchmark, disruption onset should have produced a
more adverse adjustment for high-technology industries on the backward margin, with the backward
response more pronounced than the forward response. That pattern does not emerge in the data. In
2020, the backward coefficient is not negative and is only marginally significant, while the forward
coefficient is positive, precisely estimated, and clearly different from zero. H1 is therefore not
supported in its expected backward-led form. The results do not show the kind of immediate input-
side differential disruption that the exposure benchmark would have made most plausible.

The 2021 evidence also weakens the bottleneck-persistence benchmark formalised in H2a. If
upstream constraints had remained binding in the expected backward-led form, the backward
differential should have remained clearly negative and persistent into 2021. Instead, the backward
estimate remains statistically weak, offering no robust support for a sustained backward-side
divergence between high-technology industries and the lower-technology comparison group. H2b is
not supported in its strict backward-reversion form. The data do not show the specific backward-side
reversion originally mapped in Section 2.7. What they show instead is a temporary strengthening on
the forward margin in 2020 and 2021, followed by normalisation in 2022. The evidence is therefore
more consistent with selective adjustment than with the specific backward-oriented profile initially
associated with adaptation. In this narrower sense, the results do not confirm H2b as formulated,
although they remain compatible with the broader intuition that post-shock adjustment need not take
the form of persistent backward-side disruption.

H3 likewise receives only limited support. The muted and imprecise backward path is compatible
with the idea that reconfiguration may be constrained by relationship-specific investments, switching
costs, and slow adjustment. Yet a strong lock-in reading would also imply more limited movement,
and more limited asymmetry, across both participation margins. That is not what the results show.

The forward margin displays a structured and statistically meaningful response over 2020-2021, and
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the robustness checks indicate that the post-2019 forward profile is jointly different from the 2019
benchmark, whereas the backward post-period path is not. The evidence therefore aligns with the
lock-in benchmark only insofar as the backward margin remains subdued. It does not support a
symmetric lock-in pattern across the two margins.

H4 is more directly consistent with the empirical design. The 2022 coefficient was deliberately left
without a directional sign prediction and treated as an interpretive guardrail within a compounded-
shock environment rather than as a simple continuation of the initial pandemic phase. The results fit
this cautious framing. On the forward margin, the earlier positive differential does not persist into
2022, and the normalisation tests indicate that the 2020—-2021 pattern is statistically distinct from the
2022 coefficient. On the backward margin, the analogous normalisation test is not significant, which
is consistent with the broader finding that the backward side does not display a stable and precisely
estimated differential pattern over the COVID-era window. Rather than behaving like a homogeneous
third COVID year, 2022 appears as a year in which earlier patterns either dissipate or lose precision
under overlapping stressors.

Taken together, the results do not validate a single benchmark across all margins and years. They
indicate that post-2020 adjustment is selective, unevenly distributed across participation margins, and
more visible on the forward side than on the backward side. Overall, the findings are more consistent
with asymmetric and margin-specific adjustment than with uniform confirmation of exposure, lock-

in, or adaptation in their strongest forms.

5.2 Debate adjudication: fragility versus resilience

The empirical results clarify the fragility—resilience debate, but they do so in a qualified way. They
do not support a simple verdict in favour of either generalized fragility or generalized resilience. A
fragility-oriented reading emphasises propagation through supplier linkages, limited short-run
substitutability, and the possibility that disruptions affecting upstream inputs can generate sizeable
spillovers across firms, sectors, and countries. This logic is consistent with evidence on supplier
shocks, imported-input disruptions, and COVID-era bottlenecks (Barrot & Sauvagnat, 2016; Boehm
et al., 2015; Rees & Rungcharoenkitkul, 2021). If this mechanism had dominated the high-technology
versus lower-technology comparison in a simple way, the clearest empirical signature would have
been a negative and persistent backward-side differential.

That is not what the results show. The backward margin does not reveal a robust, stable, and precisely
estimated adverse differential for high-technology industries relative to the lower-technology

comparison group. This weakens the strongest version of a fragility interpretation in which post-2020
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adjustment is primarily visible through imported-input dependence. The findings therefore do not
support a generalized account of high-technology vulnerability operating mainly through the foreign-
input content of exports.

At the same time, the results do not support a simple resilience narrative understood as unchanged
integration or smooth absorption of the shock. The forward margin displays a clear temporary
strengthening in 2020 and 2021, followed by normalisation in 2022. The post-2020 period is therefore
not empirically flat. It is not a case of unchanged participation across all dimensions, nor of symmetric
adjustment across margins. This is consistent with the broader literature cautioning against treating
reshoring or broad retrenchment as an automatic resilience solution, and with work emphasising
diversification, substitutability, and adjustment within international production networks (Miroudot,
2020; OECD, 2020; IMF, 2022; Baldwin & Evenett, 2020).

The main implication for the debate is therefore that fragility and resilience should not be evaluated
through a single aggregate notion of GVC participation. Once backward and forward participation
are kept separate, the empirical picture becomes more precise. The evidence does not point to a
uniform contraction in value-added integration, but neither does it suggest complete continuity. It
points instead to selective adjustment: the most visible differential response appears on the forward
margin, while the backward margin remains comparatively muted.

In this sense, the thesis contributes to the fragility—resilience debate by showing that the interpretation
of post-COVID GVC adjustment depends on where adjustment becomes visible. The COVID-era
window does not appear as evidence of generalized deglobalisation, but it also does not support the
view that international production networks absorbed the shock without meaningful reconfiguration.
Under the non-causal interpretation adopted in this thesis, the most defensible conclusion is that post-
2020 adjustment was margin-specific, temporally uneven, and more visible in high-technology
industries’ role within foreign downstream export production than in their reliance on foreign inputs
for their own exports. The next section develops this margin asymmetry in mechanism-consistent

terms.

5.3 Mechanism-consistent interpretation and margin asymmetry

The central empirical finding of the thesis is not simply that high-technology industries adjusted
differently from the lower-technology comparison group. It is that this differential adjustment is
concentrated on the forward margin rather than on the backward margin. This distinction matters
because backward and forward participation capture different roles within global production

networks. Backward participation reflects the foreign value-added embodied in domestic exports,
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while forward participation reflects domestic value-added embodied in other countries’ exports. Their
divergence is therefore not a residual detail, but the main interpretive signal of the analysis.

This pattern qualifies a uniform exposure interpretation. The exposure benchmark was theoretically
plausible: if production depends on specific imported inputs and short-run substitution is limited, then
disruption should be expected to appear most clearly on the margin tied to foreign input dependence.
This logic is consistent with evidence that supplier shocks can impose substantial losses on
downstream customers when inputs are difficult to replace (Barrot & Sauvagnat, 2016), that
imported-input disruptions can transmit strongly to output under rigid production technologies
(Boehm et al., 2015), and that COVID-era bottlenecks were especially severe in upstream industries
and generated international spillovers through GVCs (Rees & Rungcharoenkitkul, 2021). Yet the
Chapter 4 results do not show a robust negative differential on the backward margin. The clearest
high-technology differential is therefore not observed where a simple imported-input exposure story
would have led us to expect it.

The results are also only partly compatible with a lock-in interpretation. Relationship-specific
investments, incomplete contracts, and switching costs can make cross-border production
relationships sticky and slow to adjust. Nunn (2007) links relationship-specific investments and
incomplete contracting to frictions in trade in intermediates, while Antras and Chor (2013) show how
sequential production and relationship-specific investments can create bargaining frictions along the
chain. Gereffi et al. (2005) similarly emphasise that different governance structures imply different
degrees of coordination and switching costs. These arguments help explain why immediate
adjustment may be muted. However, a strong lock-in interpretation would predict limited movement
across both margins. The evidence does not fit that symmetric version. The backward margin remains
subdued, but the forward margin displays a structured and temporary strengthening in 2020-2021.
A more plausible interpretation is therefore one of selective, adaptation-oriented adjustment. This
does not mean that the thesis identifies adaptation causally. It means that the observed margin
asymmetry is more consistent with a pattern in which adjustment occurs unevenly across roles in the
value chain rather than through a uniform contraction of participation. Firm-level evidence on
diversification and reconfiguration supports the plausibility of this reading. Lebastard et al. (2023)
show that diversification across sourcing countries can mitigate the impact of supply bottlenecks for
exporters. Lin et al. (2021) find that supply-base diversification is associated with better performance
during disruption and recovery. Ersahin et al. (2023) link supply-chain risk to supplier reconfiguration
and, for some firms, greater vertical integration. These contributions do not directly identify the
mechanism in this thesis, but they make selective reconfiguration a plausible benchmark against

which to interpret the observed forward-led pattern.
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Read substantively, the results suggest that the most visible COVID-era differential did not concern
high-technology industries’ relative dependence on foreign inputs for their own exports. If that had
been the dominant empirical margin, the backward results should have been more clearly negative
and persistent. Instead, the more structured signal appears on the forward side. This is consistent with
a temporary strengthening or preservation of high-technology industries’ role as suppliers of domestic
value-added embodied in other countries’ exports. In practical terms, the adjustment appears less as
a generalized input-side breakdown and more as a temporary change in how high-technology
industries were positioned within downstream foreign export production.

The following interpretive matrix summarises how different empirical signatures map onto the
mechanism benchmarks developed in Chapter 2. Its purpose is not to classify outcomes causally, but
to clarify why the observed combination of weak backward evidence and stronger forward evidence

matters for interpretation.

Table 9 : Interpretive matrix of margin-specific GVC adjustment

Benchmark
Empirical Backward most
Forward pattern Interpretive meaning
signature pattern consistent
with
Stronger
differential Weak, secondary, Adjustment is primarily
Backward-led adjustment on or delayed Fragility / visible through imported-
vulnerability backward, response on exposure input dependence and
especially at forward bottleneck sensitivity
disruption onset
Adjustment remains muted
Symmetric Limited Limited ) because cross-border
Lock-in ) .
inertia movement movement relationships are costly and
slow to reconfigure
Adjustment is selective and
margin-specific, with the
Clear temporary . clearest change emerging
Forward-led No robust _ Adaptation- )
_ _ strengthening on . through high-technology
selective differential oriented ) ) o
' forward, followed ) industries’ role within
reconfiguration adjustment o adjustment )
by normalisation downstream foreign export

networks rather than through

imported-input dependence
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Read through this interpretive device, the evidence is most consistent with forward-led selective
reconfiguration rather than with backward-led vulnerability or symmetric inertia. The defining
empirical signature is not a generalized contraction in participation, but a margin-specific adjustment
concentrated on the forward side. This matters because it indicates that post-2020 change became
visible through the location of adjustment across distinct value-added margins, not through a single
aggregate movement in GVC integration. The mechanism interpretation therefore remains
disciplined: the thesis does not prove adaptation, but it indicates that the observed pattern is more
consistent with selective adjustment than with the strongest forms of either imported-input fragility

or symmetric lock-in.

5.4 Theoretical contribution

The theoretical contribution of this thesis does not lie in proposing a new general theory of global
value chains. Its contribution is more specific: it sharpens the terms of the fragility—resilience debate
by showing that post-shock adjustment is more informative when analysed through distinct value-
added participation margins rather than through a single aggregate notion of GVC integration. Once
backward and forward participation are treated as structurally different roles in global production
networks, competing interpretations no longer need to be evaluated against one undifferentiated
outcome. They can instead be assessed according to where adjustment becomes visible.

This matters because the strongest fragility and resilience narratives often operate at a high level of
aggregation. A fragility reading expects disruption to travel through production linkages and
constrained inputs, while a resilience reading emphasises adaptation, diversification, and
reconfiguration. The thesis does not resolve this debate by selecting one narrative in absolute terms.
It shows that the debate becomes analytically sharper when the empirical object is disaggregated by
margin. A backward-led pattern would have supported a stronger exposure interpretation centred on
imported-input dependence. A symmetric absence of movement would have been more compatible
with lock-in or inertia. The observed forward-led pattern instead points to selective adjustment
concentrated in a different role within the value chain.

A second theoretical contribution concerns the role of technology heterogeneity. The high-technology
versus lower-technology comparison is not treated as a deterministic explanation of adjustment.
Technology intensity does not directly measure governance frictions, input specificity, or resilience
capacity. Its theoretical value lies in providing a disciplined axis along which heterogeneous

adjustment can be observed. The thesis shows that this axis becomes most informative when
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combined with margin asymmetry: the relevant question is not only whether high-technology
industries adjusted differently, but on which value-added margin that difference became visible.

The theoretical contribution is therefore best understood as a refinement of an existing debate. The
thesis does not claim that high-technology industries are inherently more fragile or more resilient.
Nor does it claim that forward participation mechanically identifies adaptation. Rather, it shows that
post-2020 GVC adjustment is better interpreted when three elements are kept together: the fragility—
resilience debate, the backward—forward distinction, and technology intensity as the empirical
heterogeneity axis. This framework makes it possible to read the results as evidence of selective,
margin-specific adjustment rather than as support for a broad narrative of either generalized fragility

or generalized resilience.

5.5 Measurement and interpretation discipline

The measurement contribution of the thesis is best understood as part of its interpretation discipline,
not as a separate final objective. The thesis adopts a value-added perspective because the fragility—
resilience debate cannot be assessed adequately if international integration is observed only through
gross trade flows. When production is fragmented across countries and intermediate goods cross
borders multiple times, gross trade statistics record the gross value of goods at each crossing rather
than the value added created at each stage. This can obscure where value is actually generated and
transmitted within global production networks (Johnson & Noguera, 2012). Koopman et al. (2014)
address this problem by decomposing gross exports into domestic value added, foreign value added,
returned domestic value added, and double-counted terms, showing why gross-trade aggregates can
be misleading in fragmented production systems.

Within this context, the OECD TiVA framework provides the empirical basis for observing value-
added participation across countries and industries (OECD, 2025a). This matters for the thesis
because the question is not simply whether trade flows changed after 2020, but where value-added
participation adjusted within global production networks. The value-added lens therefore serves the
substantive research question: it allows the analysis to move from broad claims about GVC fragility
or resilience to a more precise assessment of adjustment across distinct forms of participation.

The key measurement choice, however, is not only the move from gross trade to value-added trade.
It is the decision to keep backward and forward participation separate. Backward participation
captures the foreign value-added embodied in domestic exports, while forward participation captures
domestic value-added embodied in other countries’ exports. These two indicators reflect different

roles in global production and are not directly interchangeable. Collapsing them into a single
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participation index would have weakened the central empirical insight of the thesis, because the main
differential adjustment appears on the forward margin while the backward margin remains
comparatively muted.

The measurement payoff is therefore interpretive. The thesis shows that the conclusion one draws
about post-2020 GVC adjustment depends on how participation is measured and disaggregated. A
gross-trade perspective would not distinguish clearly between imported-input dependence, domestic
value added transmitted abroad, and repeated border crossings of embodied content. A single
aggregate value-added participation measure would also risk hiding the asymmetry between
backward and forward adjustment. By preserving the margin distinction, the thesis makes visible a
forward-led pattern that would be much harder to interpret under a more aggregated measurement
strategy.

At the same time, this measurement discipline does not remove the limits of the empirical design.
Value-added indicators do not identify causal mechanisms on their own, and the TiVA framework
remains subject to publication lags and caution in the most recent years. The contribution is therefore
not to claim that measurement alone settles the fragility—resilience debate. It is to show that the debate
can be evaluated more carefully when GVC participation is observed through value-added margins

that correspond to different roles in international production.

5.6 Policy implications

The policy implications of this thesis are deliberately cautious. The results do not support policy
narratives that interpret the COVID-era window as straightforward evidence of a uniform retreat from
global value chains. At the same time, they do not support a complacent view in which all dimensions
of international production are treated as equally resilient. The main policy lesson is therefore
diagnostic rather than prescriptive: resilience policy should begin by identifying which dimension of
value-added participation is under stress, rather than assuming that international integration is either
uniformly fragile or uniformly resilient.

This distinction matters because backward and forward participation capture different forms of
exposure. Backward participation reflects the foreign value-added embodied in domestic exports and
is therefore more closely related to imported-input dependence. Forward participation reflects
domestic value-added embodied in other countries’ exports and captures a country’s or industry’s role
as a supplier into downstream foreign export production. The findings of this thesis suggest that these
two dimensions should not be monitored as if they were interchangeable. In the empirical results, the

clearer differential movement is forward-led rather than backward-led. A policy diagnosis focused
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only on foreign-input dependence would therefore miss an important part of how post-2020
adjustment became visible.

This has direct implications for how resilience should be assessed. Future monitoring of GVC
vulnerability should distinguish between at least two questions. The first is whether domestic
exporters rely heavily on foreign value added that may be disrupted by upstream bottlenecks. The
second is whether domestic industries occupy roles in foreign export networks that may expand,
contract, or reconfigure under stress. The first question concerns input-side exposure; the second
concerns downstream foreign-export embeddedness. The evidence in this thesis indicates that the
latter dimension can become especially informative, at least in the high-technology versus lower-
technology comparison examined here.

This does not imply that policy should favour a uniform strategy of reshoring, diversification, or
retrenchment. Existing literature already cautions against treating shorter or more domestic supply
chains as automatically more resilient. Miroudot (2020) argues that the relevant starting point is to
identify what actually failed during the crisis, rather than assuming that reshoring is a general solution.
OECD (2020) similarly notes that domestic inputs were also disrupted and frames resilience in terms
of transparency, agility, risk management, and supplier diversification. Baldwin and Evenett (2020)
caution against turning inward in a system built on international production interdependence, while
Bonadio et al. (2021) show that renationalising supply chains would not generally have made
countries more resilient to pandemic-induced contractions.

The policy implication is therefore not “less GVC,” but better margin-specific diagnosis of GVC
exposure and adjustment. Policy-makers should therefore be cautious about treating GVC
participation as a single aggregate vulnerability indicator. A sector may appear stable on the
imported-input side while still undergoing meaningful adjustment in its role as a supplier to foreign
export production. Conversely, input-side fragility may matter in other contexts even when forward
participation remains stable. The appropriate policy response should therefore depend on the margin,
sector, and time profile under consideration.

In this sense, the thesis contributes to policy debate by refining the object of diagnosis. It suggests
that resilience policy should monitor how vulnerability and adaptation are distributed across distinct
value-added roles, rather than relying on aggregate narratives of deglobalisation, reshoring, or
generalized resilience. Under the non-causal interpretation adopted in the thesis, this is the strongest
policy conclusion that can be drawn: better resilience strategy requires knowing where adjustment is

taking place before deciding what kind of intervention is warranted.
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5.7 Managerial implications

For managers, the main implication of the thesis is that international integration should not be treated
as a one-dimensional exposure. Dependence on foreign inputs and participation as a supplier into
downstream foreign export chains are different forms of global embeddedness, and they need not
adjust in the same way under stress. A firm, sector, or business unit may appear internationally
integrated while still being exposed through structurally different channels. For this reason, a single
metric of how globalised an activity is can be misleading when resilience assessment matters most.
Because the empirical evidence is industry-level and value-added based, these implications should be
read as diagnostic principles rather than as firm-level causal prescriptions.

The findings suggest that managers may benefit from distinguishing between two monitoring
questions. The first concerns upstream sourcing: how strongly does performance depend on foreign
inputs embodied in own exports? The second concerns downstream positioning: how strongly does
the firm’s or sector’s role depend on supplying domestic value added that is subsequently embodied
in other countries’ exports? These are not interchangeable perspectives. In this thesis, the clearer
differential adjustment emerges on the forward side, which means that the most informative signal is
not primarily a weakening of imported-input-based integration, but a temporary change in the role of
high-technology industries within foreign export production.

This distinction matters for managerial diagnosis. Monitoring only foreign suppliers may miss
important forms of adjustment that occur through foreign customers, downstream export networks,
or changes in the demand for domestic value added abroad. Conversely, monitoring only downstream
sales or customer exposure may miss vulnerabilities linked to imported inputs. A more complete
resilience assessment should therefore keep upstream sourcing exposure and downstream foreign-
export embeddedness analytically separate, especially in sectors where production networks are
complex and cross-border roles are highly specialised.

The thesis does not imply that one managerial response is universally appropriate. Existing firm-level
evidence suggests that resilience-oriented responses may include broader supply-base diversification
(Lin et al., 2021), cross-country sourcing diversification that mitigates the impact of bottlenecks
(Lebastard et al., 2023), supplier reconfiguration toward closer or domestic suppliers and, for some
firms, greater vertical integration (Ersahin et al., 2023), as well as breaking and rebuilding links with
larger or better-connected suppliers when exposed to disruption (Khanna et al., 2022). These
strategies should be read as possible instruments of selective adjustment, not as automatic

prescriptions.
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The managerial implication is therefore diagnostic before it is strategic. The need for diversification,
reconfiguration, vertical integration, or supplier upgrading cannot be inferred from a generic measure
of international exposure alone. It depends on which margin of participation is under stress, how the
firm or sector is positioned across upstream and downstream relationships, and whether the relevant
adjustment concerns input dependence, foreign customer networks, or both. In this sense, the thesis
suggests that resilience management should begin by mapping the specific value-added role through
which exposure becomes visible, rather than by assuming that global integration is either uniformly

risky or uniformly protective.

5.8 Additional limitations and future research

The limitations of the thesis do not invalidate its findings, but they define the conditions under which
the forward-led asymmetry documented here should be interpreted. The first limitation is the non-
causal nature of the empirical design. The 2020-2022 window combines multiple overlapping
stressors, including the pandemic itself, recovery bottlenecks, energy and commodity shocks, and
broader geopolitical disruption. For this reason, the thesis does not identify clean treatment effects of
a single event. Its results should instead be read as differential adjustment patterns across technology
groups, years, and participation margins within a disciplined interpretive framework.

A second limitation concerns the data infrastructure. TiVA indicators are not available in real time
and are generally published with a delay of two or three years, which constrains their usefulness for
monitoring recent developments as they unfold (Mourougane et al., 2023). OECD guidance also
advises caution in interpreting the most recent years, because those estimates rely on extrapolations
that become less secure in periods of major disruption (OECD, 2025a). This matters directly for 2022,
which is likely to reflect multiple overlapping adjustments rather than a clean continuation of the
earlier pandemic phase.

A third limitation concerns the heterogeneity design. The high-technology versus lower-technology
comparison is useful as a transparent and disciplined empirical axis, but it remains a simplification
of broader differences in governance structure, input specificity, market power, and network position.
Technology intensity should therefore be treated as an analytically useful classification, not as a direct
proxy for a single mechanism. This limitation is especially important because the thesis interprets
margin asymmetry as mechanism-consistent evidence rather than as causal identification of exposure,
lock-in, or adaptation.

These limitations point naturally toward future research. A first extension would be temporal. As more

recent TiVA vintages become available, future work could assess whether the forward-led pattern
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documented here persisted, reversed, or diffused more broadly after 2022. A second extension would
be measurement-based. Comparing value-added indicators with gross-trade evidence could clarify
more explicitly what is gained and what is lost when post-shock adjustment is observed through one
lens rather than the other. A third extension would concern heterogeneity. Future studies could test
whether similar margin-specific asymmetries emerge when industries are grouped by input
concentration, upstreamness, dependence on critical intermediates, or governance structure rather
than by technology intensity alone.

Finally, future research could widen the sectoral and historical scope. The present thesis is deliberately
focused on manufacturing and on the 2020-2022 COVID-era adjustment window. Further work could
examine whether forward-led adjustment is specific to this context or whether similar margin-specific
patterns appear across other sectors, other shocks, and other phases of global value chain stress. In
this way, the thesis points to a path for analysing GVC resilience not through aggregate integration
alone, but through the specific value-added margins and industry characteristics through which

adjustment becomes visible.
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Chapter 6 — Conclusion

6.1 Answer to research questions

This thesis examined whether high-technology manufacturing industries exhibited a systematically
different adjustment in value-added global value chain participation relative to the lower-technology
comparison group over the 2020-2022 period. The answer is qualified but clear. High-technology
industries did not exhibit a uniformly stronger adjustment across a single undifferentiated notion of
GVC participation. Instead, the evidence points to a selective and margin-specific pattern: differential
adjustment is weak on the backward margin and more clearly visible on the forward margin.

With regard to the first sub-question, concerning backward participation, the evidence does not
indicate a robust and persistent differential reconfiguration associated with technology intensity. Once
country—industry fixed effects and common year shocks are taken into account, the backward margin
remains comparatively weak and imprecisely estimated throughout the adjustment window. In
substantive terms, high-technology industries do not appear to have experienced a stable or clearly
structured backward-side adjustment relative to the lower-technology comparison group. The results
therefore do not support a simple interpretation in which imported-input dependence became the main
location of differential post-2020 adjustment.

The answer to the second sub-question is clearer. Technology intensity is associated with a clearer
adjustment pattern on the forward margin than on the backward margin. Relative to the lower-
technology comparison group, high-technology manufacturing industries display a temporary
strengthening of forward participation in 2020 and 2021, followed by normalisation in 2022. This
means that the adjustment is not symmetric across margins. The forward margin shows a clearer and
more precisely estimated differential pattern, while the backward margin remains comparatively
muted. RQ2 is therefore answered affirmatively, but in a qualified sense: forward participation
displays a technology-related adjustment pattern, and that pattern is asymmetric relative to the
backward margin.

Taken together, these answers indicate that the thesis does not support a narrative of uniform high-
technology retreat from global value chain participation during 2020-2022. At the same time, it does
not support the view that integration remained unchanged across all dimensions. The most accurate
conclusion is that post-2020 adjustment in manufacturing was selective, temporally uneven, and
concentrated on the forward side of value-added participation. Read substantively, the most visible

differential did not concern high-technology industries’ reliance on foreign inputs for their own
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exports. It concerned their temporary role as suppliers of domestic value added embodied in other
countries’ exports.

This conclusion must be read within the temporal and interpretive limits of the study. The year 2020
captures disruption onset, 2021 corresponds to a period of severe bottlenecks and supply-chain
pressure, and 2022 belongs to a compounded-shock environment rather than to a clean continuation
of the initial pandemic phase. Within these limits, the thesis indicates that COVID-era GVC
adjustment is better understood through margin-specific value-added participation than through an

aggregate measure of integration alone.

6.2 Key takeaways

The first takeaway is that the fragility—resilience debate becomes too coarse when global value chain
participation is treated as a single aggregate object. The evidence does not support a generalized
fragility narrative in which international production networks simply translate the shock into uniform
vulnerability. At the same time, it does not support a generalized resilience narrative in which the
shock is absorbed without meaningful adjustment. The thesis instead points to a more selective
reading: adjustment is visible, but it is uneven across margins and phases of the 2020-2022 window.
The second takeaway is that margin asymmetry is the main interpretive result of the study. Backward
and forward participation capture different roles within global production networks, and the empirical
evidence shows that they do not move symmetrically. The backward margin remains comparatively
weak and imprecisely estimated, while the forward margin displays the clearer differential pattern.
This matters because it shifts interpretation away from broad claims about global integration and
toward a more precise question: where within the structure of value-added participation does
adjustment become visible?

The third takeaway concerns measurement. The value-added perspective matters because it is aligned
with the object under study: participation in fragmented cross-border production. Yet the thesis also
indicates that value-added measurement alone is not enough. The analytical payoff comes from
preserving the distinction between backward and forward participation. Without that distinction, the
forward-led nature of the main result would be much harder to detect and interpret.

The final takeaway concerns scope and discipline. The thesis does not claim to explain all forms of
GVC adjustment, nor does it identify a causal effect of the pandemic. Its contribution is narrower: it
shows that, within manufacturing and over the 2020-2022 window, post-shock adjustment is better

understood as selective, margin-specific, and technology-structured rather than as a uniform
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movement in aggregate GVC integration. In this sense, the thesis illustrates the value of aligning

theory, measurement, and empirical design without overstating what the data can identify.

6.3 Final remarks

This thesis does not point to a generalized retreat from global value chains, nor to a fully unchanged
pattern of integration across the COVID-era window. It indicates instead that post-shock adjustment
in manufacturing was more selective than broad aggregate narratives would suggest. Once
participation is observed through a value-added lens and separated into backward and forward
dimensions, the empirical picture becomes more precise. Adjustment does emerge, but not uniformly,
and not in a way that can be captured through a single undifferentiated idea of global integration.
The clearest signal is concentrated on the forward side of value-added participation, while the
backward side remains comparatively muted. This does not prove a single mechanism, but it clarifies
how the fragility—resilience debate should be read in this setting. The relevant question is not only
whether global value chains were fragile or resilient after 2020. It is where adjustment became visible,
which industries displayed it more clearly, and which margin of participation carried the strongest
empirical signal.

The broader implication is methodological as well as substantive. Clearer interpretation does not
necessarily require stronger causal claims. In this thesis, it comes from aligning theory, measurement,
and empirical design: a debate framed around fragility and resilience, a value-added lens that
separates backward and forward participation, and a technology-intensity comparison that structures
industry heterogeneity. Within that framework, the thesis indicates that post-COVID GVC adjustment
is best understood as selective, margin-specific, and temporally uneven rather than as a uniform

movement toward either deglobalisation or unchanged resilience.
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