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Abstract

We study how disruptions propagate through global value chains and how network struc-
ture conditions their effects. Using Eora country–industry data for 189 countries and 26
industries (1996–2015), shocks are defined by a distribution-based rule; exposure counts dis-
rupted upstream/downstream partners, and redundancy counts non-disrupted pre-existing
links. We estimate fixed-effects impact models—where robustness is smaller contempora-
neous deterioration conditional on exposure—and a grouped-time complementary log–log
hazard—where resilience is faster return to the pre-shock level. Two findings emerge. First,
exposure propagates, depressing output, value added, and exports and slowing recovery.
Second, redundancy mitigates, offsetting the impact and raising the recovery hazard. As an
illustration, high-technology activities appear less sensitive on impact and recover faster than
low-technology ones, with the advantage explained by higher redundancy despite deeper con-
nections. These results suggest strengthening robustness and resilience by deepening GVC
integration through strategic redundant linkages, rather than retreating from openness.
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1 Introduction

Since the 1990s, the rise of Global Value Chains (GVCs) has profoundly reshaped the global

organization of production and consumption through the international fragmentation of pro-

duction processes. This new paradigm of international trade — involving trade in parts and

components and the specialization of countries in tasks rather than final goods — has been

extensively described and its causes explained (Baldwin, 2006; Grossman and Rossi-Hansberg,

2008). The restructuring of global production has been driven by firms’ strategies to optimize

production processes in an increasingly open world, facilitated by advances in information and

communication technologies (ICT) that enable the coordination of globally distributed produc-

tion. While offshoring certain parts of the production process is motivated by efficiency gains,

particularly for the most productive firms (Antràs and Helpman, 2004; Antràs and Chor, 2013),

it has also introduced new vulnerabilities. The increasing length and complexity of production

chains have strengthened vertical linkages between countries and industries, heightening the

risk that a local economic shock could propagate widely through the network, creating global

disruptions (Acemoglu et al., 2012).

Extensive research has shown that production networks can function as a mechanism for

the propagation of shocks throughout the economy (see Carvalho and Tahbaz-Salehi (2019)

for a review). Particularly, idiosyncratic shocks are transmitted from suppliers to customers

(Barrot and Sauvagnat, 2016; Boehm et al., 2019), and interlinkages between firms and sectors

can amplify micro-level shocks into aggregate fluctuations (Acemoglu et al., 2012). Although

only a minority of firms are directly involved in exports, international production linkages are

critical for shock transmission, as even small and medium-sized enterprises (SMEs) participate

indirectly in GVCs (Dhyne et al., 2021; UNCTAD, 2013). The vulnerability created by these

linkages became evident during the Global Financial Crisis (2008–2009) (Gangnes et al., 2012)

and the COVID-19 pandemic (2020) (Gerschel et al., 2020), which exposed the fragility of global

supply chains. Although international trade growth slowed after the Global Financial Crisis,

there is not yet clear evidence of deglobalization that would reduce those risks (Antràs, 2020;

Gaulier et al., 2020).

Yet, densifying production networks can also mitigate disruptions if it creates new alterna-

tives when a given link fails (i.e - providing “redundant” linkages). The literature on production
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network traditionnaly distinguishes two margins of shock management. Robustness refers to

the ability to sustain operations during a disturbance, whereas resilience denotes the capacity

to adjust and promptly return to normal performance after the disturbance. Recent surveys

on risk transmission in supply chains (e.g., Baldwin and Freeman (2022); Miroudot (2020b,a))

adopt these definitions, grounded in formal works of Brandon-Jones et al. (2014) for robustness

and Sá et al. (2020) for resilience.

Diversification, and more precisely redundancy, on the supplier or purchaser linkages can sup-

port both margins of shock management. The case for robustness is straightforward: as stated

by (Miroudot, 2020b, p.123), “redundancy in suppliers is a robustness strategy”, since firms

with diversified sources can reallocate and keep producing when a disruption occurs—precisely

the notion of robustness in Brandon-Jones et al. (2014). This statement is seconded by (Bald-

win and Freeman, 2022, p.158) affirming “Building robustness typically requires establishing

redundancy when it comes to external suppliers”. While increasing redundancy is also generally

regarded as a solution to develop organizational resilience by scholars in business organization

(see Sheffi (2005)), the empirical evidence is more mixed at the firm level: Miroudot (2020a)

reviews studies showing contrasted effects of redundancy on post-shock recovery, but emphasizes

that flexibility, often enabled by redundant options, helps resilience. These firm-level insights

complement the documented heterogeneity in network transmission, where input specificity and

partner size shape the strength of propagation across production links (Barrot and Sauvagnat,

2016; Arata and Miyakawa, 2022), and clearly show that the structure of connectivity matters

to study contagion in production networks.

At a broader level, cross-industry differences in Global Value Chains positioning and connec-

tivity are well documented (Antràs and Chor, 2018; Nicita, 2023; Johnson and Noguera, 2012;

UNCTAD, 2013). A natural implication is that industries with distinct supplier–buyer architec-

tures won’t benefit from the same robustness and resilience when exposed to GVC-related risks.

It appears that technology offers a useful organizing dimension for investigating this heterogene-

ity: high-tech industries tend to be more deeply embedded in multi-stage value chains and to

occupy different positions than low-tech activities. In particular, participation and fragmenta-

tion are markedly higher in electronics than in sectors such as textiles and apparel, reflecting

longer chains and greater foreign value-added content.

At last, when studying the propagation of shocks in production networks, the literature ex-
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tensively examined upstream shocks that transmit from the supplier to the buyer, following the

downstream propagation modeled in Acemoglu et al. (2012). To the contrary, the transmission

of downstream shocks, from purchasers to suppliers, through GVCs remained relatively underex-

plored until more recently with notably Kramarz et al. (2020) or Herskovic et al. (2020) offering

a network model where shocks to customers influence their suppliers. Empirically, (Arata and

Miyakawa, 2022) show that adverse upstream shocks also propagate through firm-level input-

output linkages, during both the Global Financial Crisis and the COVID-19 pandemic.

Therefore, the aim of this paper is threefold: First, we want to evaluate the transmission

of shocks in the Global Value Chains simultaneously considering upstream and downstream

disruptions at industry-level. Second, we aim to estimate the effectiveness of diversification

strategies on industries’ resilience and robustness. Third, we want to highlight the illustrative

example of High-Tech industries, which, despite greater inclusion in GVCs are less sensitive to

GVC shocks than Low-Tech, notably because they benefit from those duplicate or redundant

linkages fostering both their robustness and resilience.

The rest of the paper is structured as follows: Section 2 describes the reconstruction of

GVCs from international input-output tables and construction of industry-level variables of

connectivity redundancy and exposure to shocks. Section 3 provides some descriptive statistics

of connectivity patterns in GVCs, and their cross-industry heterogeneity. Section 4 presents

the estimations strategies for our three hypothesis. Section 5 presents and interpret the results.

Section 6 concludes with a discussion of the broader implications of cross-sector heterogeneous

sensitivity to shock transmissions.

2 GVC Data and variable construction

2.1 GVCs networks

In contrast to gross trade flows, global value chains (GVCs) are not directly observable. As

reviewed by Amador and Cabral (2016), several approaches have been proposed to gauge their

expansion, including the share of trade in intermediates (e.g. Ng and Yeats (1999)) and customs-

based measures of processing trade (e.g. Egger and Egger (2005)). The only approach that

provides a comprehensive view of the global production network relies on input–output (IO)

tables. Some studies use the international IO coefficient matrix directly to characterize the po-
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sition of a country–industry within GVCs (Criscuolo and Timmis, 2018a,b), but most exploit IO

frameworks to separate domestic from foreign value added in exports. Early work by Hummels

et al. (2001) using national IO tables established the “vertical specialization” measure. With

the advent of international IO (IIO) datasets (see Tukker and Dietzenbacher, 2013), Daudin

et al. (2011) and Johnson and Noguera (2012) computed value-added trade at the country level,

and Koopman et al. (2014) provided a general decomposition of gross exports into domestic and

foreign content.

This decomposition underpins much of the empirical GVC literature, notably the OECD

Trade in Value Added (TiVA) indicators constructed from the ICIO tables (Guilhoto et al.,

2022). The same methodology has been applied to other IIO sources, including Eora (Casella

et al., 2019; IMF, 2016). Extending to the country–industry level is straightforward conceptu-

ally—one simply refrains from aggregating sectors across countries—and has been implemented

with WIOD by Amador and Cabral (2017) and with Eora by Aslam et al. (2017).

Our reconstruction follows Aslam et al. (2017), and use Eora MRIO. Let X denote gross

output, A the matrix of IO coefficients (intermediate inputs per unit of output), and Y final

demand, each provided in Eora. The basic IO identity gives

X = A ·X + Y ⇒ (I−A) ·X = Y ⇒ X = (I−A)−1 ·Y ≡ L ·Y, (1)

where L = (I−A)−1 is the global Leontief inverse of dimension CI ×CI (with C countries and

I industries). Define V as the diagonal matrix of value-added shares, with diagonal elements

Vii = 1 −
∑

j Aji. Let E be a diagonal matrix of gross exports (obtained by subtracting

domestic final demand from gross output, as provided in Eora). Therefore we could obtain the

country–industry TiVA matrix through

TiVA = V · L ·E. (2)

This expression is analogous in spirit to Hummels et al. (2001)—who compute import content of

exports based on import coefficients—but here it is framed in value-added terms using a global

Leontief inverse and applies at the country–industry level (CI × CI).

Global multiregional input–output (MRIO) tables have also been used to simulate shocks
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via global variants of the hypothetical extraction method (HEM/GEM), which remove a coun-

try–industry (or a link) to assess counterfactual output losses (Dietzenbacher et al., 2019). While

informative about potential structural dependence, these simulations rely on fixed-coefficient IO

technology and—as Dietzenbacher and Miller (2015) emphasize—do not capture the post-shock

rebalancing of links. Our objective is different: we study the propagation of realized shocks. We

therefore abstain from HEM/GEM and, following Casella et al. (2019) and IMF (2016), treat

the TiVA matrix as a “final GVC matrix” that is, a panel recording value added from any (c, s)

embedded in any partner (p, k). As is customary, we set very small flows to zero (below USD

10,000) to remove marginal links.

We build the panel from 1996 to 2015. The endpoint is deliberate: post-2015 Eora vintages

are not fully comparable due to partial retroactive revisions1.

2.2 Shocks and Exposure to shocks in GVCs

We adopt a distribution-based shock definition, widely used in empirical macro and supply-

chain studies because it provides a scale-free, volatility-adjusted threshold that is comparable

across industries and countries and permits transparent sensitivity checks: an upstream supply

disruption is recorded when the year-on-year log change in a supplier’s exports for country–

industry (c, s) falls at least one within-series standard deviation below its own time-series mean,

i.e.,

∆ logXcst ≤ ∆ logXcs − σcs,

where ∆ logXcs and σcs are computed within (c, s) over the sample period.

Similarly, we identify the generation of downstream shocks using the same distribution based

variation on imports of intermediates goods. Before identifying exposed partners through input-

output linkages, let’s describe the distribution of these shocks. We find that 13.53% of our

98,280 country-industry-year observations consist in an upstream shock. However, shocks are not

distributed evenly across time as 30% of them occurred in 2009 with the great trade collapse led

by the financial crisis. The same year, around 78% of suddenly reduced their exports, disrupting

GVCs. 14.77% of industries create sudden downstream bottlenecks as they yearly reduce their

1See the Eora FAQ: “We observe data jumps from 2015 to 2016. Why is this?”
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imports in intermediates by at least a standard deviation, with here again a disproportion of

shocks occurring in 2009 (39%).

We aim to identify whether sudden export contractions propagate through global value

chains as adverse supply shocks affecting downstream industries, and whether sudden import

contractions propagate upstream as demand shortfalls. We measure exposure to partner-side

disruptions as the contemporaneous count of pre-existing upstream (downstream) partners that

are disrupted. Using the distribution-based shock definition described above, for home country–

industry i = (c, s) we define the Upstream Disruption Exposure (UDE) and the Downstream

Disruption Exposure (DDE) as follows:

UDEi,t =
∑
k

∑
p 6=c

T up
i,(p,k),t−1 US(p,k),t, (3)

DDEi,t =
∑
k

∑
p6=c

T down
i,(p,k),t−1DS(p,k),t, (4)

where T up
i,(p,k),t−1 and T down

i,(p,k),t−1 ∈ {0, 1} indicate pre-existing upstream and downstream linkages

at t−1, while US(p,k),t and DS(p,k),t ∈ {0, 1} flag upstream and downstream disruptions at t.

We lag the linkage indicator so that exposure and redundancy are computed from the pre-shock

network. Specifically, Ti,(p,k),t−1 records whether home unit i maintained an upstream (or down-

stream) linkage to partner (p, k) in period t−1. Using contemporaneous links Ti,(p,k),t would be

problematic because a disruption at t can induce immediate re-wiring (dropping or adding part-

ners), thereby confounding the effect of the disruption with firms’ reactions. Counting partners

in t would then understate true exposure and overstate redundancy by “missing” shortages that

are themselves a consequence of the shock. Conditioning on the link set that existed in t−1 asks

how a disruption in t affects the partners that were actually in place beforehand, which reduces

simultaneity concerns.

2.3 Diversification of connection and mitigation strategies

As discussed in the introduction, the magnitude of shock propagation in a production network

is dependent on the network structure, particularly in the existence of redundant linkages acting

as potential substitute suppliers/buyers that help to mitigate the shock (Baldwin and Freeman,

2022; Miroudot, 2020a).
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We define redundant upstream linkages as pre-existing input-sourcing ties from other countries

in the same input industry k that remain undisrupted at date t. For a home country–industry

i = (c, s), let T up
i,(p,k),t−1 ∈ {0, 1} indicate whether i sourced from partner (p, k) in t−1 (a pre-

determined link), and let US(p,k),t ∈ {0, 1} flag an upstream disruption for (p, k) at t (equal to

1 when disrupted). Let (RUA), the Redundant Upstream Availability, be our final redundancy

index for upstream linkages. It counts the number of non-shocked redundant links available to

substitute a shocked supplier in industry k:

RUAi,k,t =
∑
p 6=c

T up
i,(p,k),t−1

(
1− US(p,k),t

)
. (5)

Higher values of RSAi,k,t indicate greater immediate scope to divert orders to already-connected,

non-disrupted foreign suppliers within the same input industry, while lagging T up helps limit si-

multaneity concerns. That way, RUA reflects pre-existing upstream ties rather than connections

that firms might add or drop in response to a disruption in year t. Using contemporaneous links

would confound the effect of the disruption with immediate re-wiring, creating simultaneity.

The lagged definition therefore captures the substitution options that were available before the

shock and avoids mechanically losing links when trade collapses in the shock year.

Analogously, we define redundant downstream linkages as pre-existing downstream ties to other

countries in the same downstream use industry k that remain undisrupted at date t. Let

T down
i,(p,k),t−1 indicate a pre-existing downstream linkage and DS(p,k),t a downstream disruption

flag. Similarly as above, our redundancy index for downstream connections, the Redundant

Downstream Availability (RDA), is

RDAi,k,t =
∑
p 6=c

T down
i,(p,k),t−1

(
1−DS(p,k),t

)
. (6)

3 Descriptive Statistics of GVCs Structure.

3.1 Global Value Chains indicators

Table 1 shows that country–industries are, on average, connected to many partners (the average

in- and out-degree of 42.6, is equal by construction as each edge is simultaneously outward

for one and outward for the second partner, leading to the same total count, and the same
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In. degree out. degree UDE DDE RUA RDA

mean 42.6 42.6 .32 .34 .20 .21
sd 144.5 116.2 4.5 3.8 4.3 3.4

min 0 0 0 0 0 0
p05 0 0 0 0 0 0
p50 2 1 0 0 0 0
p95 279 264 6 8 2 3
max 2217 1650 488 272 265 213

skewness 5.4 4.4 43.2 27.2 48.9 32.5

Table 1: Descriptive Statistics of main variables

average.), yet the medians (2 and 1) reveal a network dominated by a few highly connected

hubs. Exposure to disruptions is low in typical years (mean UDE ≈ 0.32, DDE ≈ 0.34),

but the right tails are long (95th percentiles of 6–8; maxima far larger), indicating episodic,

concentrated stress. Redundancy is even sparser on average (means ≈ 0.20–0.21), suggesting

that many units have few immediate non-disrupted alternatives when shocks occur. The finding

of sparcity (few average degrees) and high centralization of GVCs’ networks is in line with

existing network analysis of the World Trade Web and of Global Value Chains that detailed a

similar core-periphery network structure Amador and Cabral (2017); De Benedictis and Tajoli

(2011); Cerina et al. (2015). Also, these patterns speak directly to the paper’s questions: the fat-

tailed exposure motivates a distribution-based shock definition; the divergence between degree

and redundancy justifies treating connectivity and substitutability as distinct margins; and

the strong heterogeneity in these variables provides a basis for the documented differences in

robustness and resilience across industries, including the technology gap explored below.

3.2 Structural evolution

The network analysis of Global Value Chains as estimated through the TiVAt matrices confirm

that since the mid-1990s GVCs developed at a fast pace, increasing global production’s reliance

on international input-output linkages. Figure 1 shows the evolution the average degree (i.e.

connections) by country-industry in GVCs. This figure is consistent with what has already

been shown in GVCs evolution (notably by Amador and Cabral (2017); Amador et al. (2018),

with an increase of connectivity in the 2000s, followed by a shock in 2009 and a slowdown in

the 2010s, but no perceible “de-globalization” trend. To the contrary, we find that the average

connectivity has been multiplied by a factor 2.5 in 15 years. When industries had on average
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23 other suppliers and buyers industries in the late 1990s, they reached 63 GVCs connections

in 2015.

This increased in connectivity drastically reduced the distance between any two industries,

which should logically foster shock transmissions of business cycles along the international pro-

duction network. While one could believe this increase in connectivity would foster the trans-

missions of business cycles along the international production network, it is worth noting that

the average share of redundant upstream or downstream linkages has grown even faster

Figure 1: Increased connectivity and redundancy in GVCs

Connectivity Redundancy

3.3 Sectoral heterogeneity in connectivity patterns

Figure 2: Increased connectivity and redundancy in GVCs

Connectivity Redundancy

The previous statements hinders a wide sectoral heterogeneity as we show in figure 2 Using

five illustrative sectors drawn from the full set of twenty-six, the figures show a generalized rise in
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average upstream degree from the mid-1990s, with a discrete step-up around the 2008–09 crisis

that largely persists thereafter. However, the magnitude of this expansion is highly uneven:

Electrical & Machinery increases from roughly 100 upstream partners in the mid-1990s to above

210 by 2015, while Petroleum & Chemical climbs from about 80 to nearly 200. Metal Products

and Textile & Apparel also diversify—each roughly doubling from around 50 to 130—whereas

Construction remains essentially flat in single digits. The share of redundant upstream linkages

also trends upward but not in lockstep with degree. Electrical & Machinery rises from about 0.18

to the 0.33–0.35 range, and Petroleum & Chemical from roughly 0.14 to just under 0.30, with a

visible 2008–09 jump that is only partially reversed. By contrast, Textile & Apparel moves from

around 0.05 to about 0.10 despite a large increase in partners, indicating persistent concentration

in a few dominant links; Construction stays near zero on both margins. Taken together, these

sectoral patterns—shown here for illustration—mirror a broader tendency in the full sample:

sectors that are said High-Tech tend to combine denser and more redundant upstream networks,

while less technology-intensive or more domestically oriented activities exhibit smaller gains in

degree and more limited improvements in redundancy.

To investigate more easily this heterogeneity of shocks exposure and sensitivity along the

industries’ technological classes, we classified the 26 industries from Eora MRIO into 3 tech-

nological classification (High-Technology, Low-Technology, and Others). The relative high level

of aggregation and the uniqueness of EORA classification prevented us from using an existing

technology nomenclature, but we’ve followed Lall (2000) discrete classification of SITC 3digit

industries according to technological content2. More specifically we followed its dichotomy be-

tween “simple manufacture” (in which they included Ressource-Based and Low Tech industries)

and “complex manufacture” (Medium and High-tech manufacture). Non-manufacture industries

are classified in the residual “Other” category 3.

The two panels of figure 3 underscore pronounced heterogeneity in network structure across

technology classes. Left panel shows that average in-degree rises steadily for high-tech activ-

ities—from roughly 60 partners in the late 1990s to about 140–150 by 2015—while low-tech

industries remain far less connected, increasing only from 15 to 45. The gap widens especially

after the mid-2000s, indicating deeper and faster integration of high-tech sectors into GVCs.

2See Lall (2000), table A1, and our Appendix B for the correspondances.
3Robustness checks have been run with marginal modifications of industrial classification (e.g. Petroleum &

Chemical in LT) see Appendix B .
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Figure 3: Connectivity and redundancy in differences by Technological Classes

Connectivity Redundancy

Right panel highlights that the widening gap in connectivity wasn’t random, but rather

oriented in building redundant linkages, as the share of redundancy increases for both HT and

LT sectors. However, not only HT industries display greater redundancy, but the gap seemed

to widen after 2010.

Together, these patterns motivate the core questions of the paper: given larger networks and

greater redundancy in high-tech activities, do shocks propagate differently across HT and LT

sectors, and to what extent is any HT advantage explained by redundant linkages rather than

sheer connectivity? The econometric sections below take up these hypotheses directly. However,

before that, we wanted to describe the sensitivity to shock exposure

3.4 Sensibility to shocks Exposure

Table 2 provides two descriptive facts that speak directly to our objectives. First, exposure

to partner disruptions coincides with markedly poorer contemporaneous performance. Without

an upstream shock, average first differences in log Value Added dlVA is 0.076, whereas it is

−0.037 under an upstream shock; the mean difference is 0.113 (t = 42.80, p < 0.001). The

downstream margin shows a similar pattern: 0.077 without a shock versus −0.071 with a shock,

a highly statistically significant difference of 0.148 (t = 53.80, p < 0.001). Interpreting dlVA

as an approximate percentage change, exposure is associated with an 11–15 percentage point

reduction in value-added growth.

Also, the t-tests show that redundancy correlates with attenuation of the impact, at least

upstream. Among upstream-shocked observations, those with at least one redundant upstream
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Table 2: Difference-in-means tests for value-added growth (dlVA)

Group 0 Group 1 Difference (0–1)
Comparison Mean SD Mean SD Diff. 95% CI t p N0/N1

No upstream shock vs. upstream shock 0.076 0.189 −0.037 0.151 0.113 [0.108, 0.118] 42.80 < 0.001 86,973 / 5,342
No downstream shock vs. downstream shock 0.077 0.189 −0.071 0.129 0.148 [0.143, 0.153] 53.80 < 0.001 87,470 / 4,845

Subsamples: exposed units only
Upstream redundancy among upstream-shocked (RUA = 0 vs. ≥ 1) −0.046 0.156 −0.016 0.139 −0.030 [−0.039, −0.021] −6.79 < 0.001 3,680 / 1,662
Downstream redundancy among downstream-shocked (RDA = 0 vs. ≥ 1) −0.072 0.138 −0.068 0.104 −0.004 [−0.012, 0.003] −1.10 0.272 3,361 / 1,484

Notes: Two-sample t-tests with equal variances, two-sided p-values. Means and SDs are group-specific.

“Group 0” is the first level listed in each comparison (no shock / no redundancy); “Group 1” is the second (shock / redundancy=1).

link have mean dlVA = −0.016 versus −0.046 for those without, a +0.030 difference (t = 6.79,

p < 0.001). The analogous downstream comparison does exist, but is smaller and statistically

indistinguishable from zero (−0.068 vs. −0.072; diff = 0.004; t = 1.10, p = 0.272). Given

the documented heterogeneity in linkages and redundancy across technological classes, these

patterns motivate a formal test of our intuitions; the next section develops the econometric

framework to do so.

4 Methodology

We summarize the evidence detailed so far around three testable hypotheses. (i) Both upstream

and downstream shocks channel through Global Value Chains. (ii) Building redundant linkages

may mitigate those shocks. (iii) Therefore, industries that are more intensive in redundant

linkages should be less sensitive to shocks, notably for this reason. Following the motivations

detailed in introduction and in descriptive statistics above, we chose to illustrate (iii) through

the differences in shock sensitivity between High and Low Tech industries.

As explained in the introduction, shock mitigation can be separated in two different charac-

teristics. First is the ability of immediate mitigation of shocks, i.e. to avoid shock transmission,

and maintain its activities when facing GVC disruptions. Following the literature, we will refer

to this ability as the robustness of a given industry (Brandon-Jones et al., 2014). We will esti-

mate it by looking at the variations industries’ outputs. The second characteristic behind shock

mitigation is the resilience of industries in Global Value Chains. This concept refers to the

ability to recover promptly from a disruption (Sá et al., 2020). We will estimate it by looking

at the duration it takes an industry to recover from a shock.

In the next two subsection, we detail how to test our three hypotheses, for both robustness

and then resilience.
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4.1 Robustness to Exposure

We begin by testing whether shocks propagate through input–output linkages and whether po-

tential substitution along these linkages mitigates the impact. The idea is straightforward: if

a country–industry is more connected to partners that experience a disruption, its own perfor-

mance should deteriorate on impact (lower robustness); if it has more pre-existing alternative

links that remain undisrupted, the transmission should be smaller (greater robustness). Per-

formance is measured in turn by the year-on-year growth of gross output (GOi,t), value added

(V Ai,t), and gross exports (Expi,t), all from Eora.

Shocks are identified by a distribution-based rule within each partner country–industry: an

upstream (downstream) disruption occurs in year t when the year-on-year log change of exports

(imports) falls at least one within-series standard deviation below its own time-series mean.4

Exposure is the count of pre-existing upstream (downstream) partners that are disrupted at

t (constructed from the t−1 network), and redundancy is the count of pre-existing upstream

(downstream) links that remain undisrupted at t. We denote these variables by UDEi,t and

DDEi,t (Upstream/Downstream Disruption Exposure) and by RUAi,t and RDAi,t (Redundant

Upstream/Downstream Availability). To reduce simultaneity, all link indicators are lagged one

year so that exposure and redundancy reflect the pre-shock network.

We enrich the specification with a broad set of time-varying controls to separate propagation

from general openness or size effects. First, we include the log upstream degree and log down-

stream degree (number of distinct foreign input and output links) to capture the pure effect

of network size, distinct from redundancy. Second, following Koopman et al. (2014) and the

discussion in Antràs and Chor (2018), we jointly control for Upstreamness (kupi,t) and GVC

inclusion (GV Cinci,t), which summarize different dimensions of participation and should be

assessed together, as emphasized by Aslam et al. (2017). Third, we add country-year GDP

(log) to proxy development and overall scale. Fourth, we include a Foreign Market Potential

(FMP) measure in the market-access tradition, constructed as a distance-weighted sum of for-

eign GDPs—a demand index weighting each partner’s size by bilateral trade-cost proxies—in

line with Head and Mayer (2004) and Redding and Venables (2004). Finally, we add the number

of free trade agreements (FTAs) in force for the exporter (by year), which captures institutional

4This scale-free threshold is comparable across industries with different volatilities and replaces fixed cutoffs.
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integration and the ease of forming and maintaining cross-border links. Each of the two last

variables were computed using CEPII’s gravity Dataset (Conte et al., 2022). This richer control

vector helps mitigate omitted-variable and simultaneity concerns: degree absorbs the tendency

of more connected industries to both face more potential shocks and to grow faster; kup and

GV Cinc net out shifts in position and participation along the chain; GDP and FMP purge

broad demand- and scale-related movements; and FTAs proxy policy-driven frictions that af-

fect connectivity, switching costs, and performance. Combined with country–industry and year

fixed effects and the use of pre-determined links, these controls reduce the risk that estimated

propagation effects are driven by general openness, market size, or policy environment rather

than by shock transmission.

The baseline fixed-effects specification is

Perfi,t = β0 + β1 UDEi,t + β2 RUAi,t + β3 DDEi,t + β4 RDAi,t + W′
i,tθ + αcs + δt + εi,t, (7)

where Perfi,t is alternatively the growth rate of GO, V A, or Exp; Wi,t stacks the controls

discussed above (degrees, kup, GV Cinc, logGDP , FMP, FTAs); αcs and δt are country–industry

and year fixed effects; and standard errors are clustered by country.

To study heterogeneity by technology class and the redundancy mechanism, we augment (7)

in two steps. First, we allow the effect of exposure to differ between high– and low–technology

industries by interacting exposure with a high–tech indicator HTs (absorbed in levels by αcs):

Perfi,t = β0 + β1 UDEi,t + β2 RUAi,t + β3 DDEi,t + β4 RDAi,t

+θU (UDEi,t×HTs) + θD (DDEi,t×HTs)

+W′
i,tθ + αcs + δt + εi,t.

(8)

Here, θU and θD capture the high–tech vs. low–tech gap in the impact of upstream and down-

stream exposure, respectively (evaluated at the baseline level of redundancy). Negative β1, β3

indicate propagation; θU > 0 (θD > 0) implies that high–tech sectors are less sensitive on

impact, conditional on redundancy and controls.

Second, we introduce the exposure×redundancy terms and their technology interaction to
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test whether any high–tech advantage operates through redundancy:

Perfi,t = β0 + β1 UDEi,t + β2 RUAi,t + β3 DDEi,t + β4 RDAi,t

+ γU (UDEi,t×RUAi,t) + γD (DDEi,t×RDAi,t)

+ θU (UDEi,t×HTs) + θD (DDEi,t×HTs)

+ φU (UDEi,t×RUAi,t×HTs) + φD (DDEi,t×RDAi,t×HTs)

+ W′
i,tθ + αcs + δt + εi,t.

(9)

Positive γU , γD indicate that redundancy mitigates the impact of exposure (on-impact buffering).

The triple coefficients φU , φD test whether this buffering is stronger in high–tech than in low–tech

activities. These linear models correspond to the immediate impact, and therefore inform on

the industries (lack of) robustness; and are distinct from the duration analysis below designed

to study resilience.

4.2 Resilience: Duration Framework

Besides the impact on levels, we also study how quickly activity returns to its pre-shock level

(resilience). We build shock spells using the same distribution-based rule as above: a spell

starts in the first year t0 when the country–industry’s export growth crosses the disruption

threshold, and it ends in the first year t ≥ t0 when exports recover to (or above) the pre-shock

level Expcs,t0−1. Because time is annual, we estimate a grouped-time hazard model using a

binomial GLM with complementary log–log link, which is equivalent to a proportional-hazards

specification with piecewise-constant baseline and allows coefficients to be read as proportional

effects on the recovery hazard (Allison, 1982). Let hcstτ be the probability of recovery in year

t conditional on remaining in shock, where τ counts years since the spell began. The empirical

specification is

log
[
− log(1− hcstτ )

]
= λ(τ) + αcs + δt + βU Ucst + βDDcst + γU

(
Ucst×Rup

cs

)
+γD

(
Dcst×Rdown

cs

)
+ θU

(
Ucst×HTs

)
+ θD

(
Dcst×HTs

)
+ φU

(
Ucst×Rup

cs ×HTs
)

+φD
(
Dcst×Rdown

cs ×HTs
)

+ X′cstη

(10)
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with duration dummies λ(τ) (e.g., τ = 1, 2, 3, 4, 5+), country–sector fixed effects αcs, and year

effects δt; Xcst contains the same control set as in (7); standard errors are clustered by country.

We report hazard ratios exp(·): values above one imply faster recovery (more resilience); values

below one imply slower recovery.

The sequence of estimates maps directly to the hypotheses. To establish propagation (H1),

we include only Ucst and Dcst; exp(βU ) < 1 or exp(βD) < 1 indicates that exposure prolongs

the spell. To test the mitigating role of redundancy (H2), we add Ucst×Rup
cs and Dcst×Rdown

cs ;

exp(γU ) > 1 and exp(γD) > 1 mean that redundancy raises the recovery hazard. To assess

heterogeneity between high- and low-technology sectors (H3), we add Ucst×HTs and Dcst×HTs

and then the triple interactions with redundancy.

Identification assumptions mirror those in the robustness models above. Fixed effects absorb

time-invariant heterogeneity and common shocks; we lag link indicators so that exposures and

redundancy reflect the pre-shock network; and we include a rich control vector to limit omitted-

variable bias.

This estimation design keeps a clear distinction between robustness (impact on levels/growth)

and resilience (time to recovery), while using a consistent shock definition and the same network-

based measures throughout.

5 Results

We now present results in the sequence implied by the empirical strategy: first, the impact

(“robustness”) estimates testing propagation through upstream and downstream exposure and

the mitigating role of redundancy; second, the duration (“resilience”) estimates of recovery

hazards, including heterogeneity by technology class and the redundancy mechanism; for each

block we report effect sizes under the full fixed-effects specification with controls.

5.1 Robustness analysis

Table 3 speaks to robustness, the contemporaneous impact of network exposure on performance,

leaving resilience (time to recovery) to the duration results below. Estimates are within country-

industry with year fixed effects and the full control set, and we report specifications that include

upstream and downstream channels both separately and jointly.
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Table 3: Robustness to GVC Shocks

Upstream only Downstream only Both channels
dVAr dGOr dExpr dVAr dGOr dExpr dVAr dGOr dExpr

Upstream disruption exposure (UDE) -0.423 -0.484 -0.684 -0.415 -0.589 -0.776
(4.75)*** (5.62)*** (9.60)*** (4.37)*** (6.27)*** (9.15)***

Redundant upstream availability (RUA) 0.460 0.483 0.717 0.429 0.560 0.788
(4.99)*** (5.48)*** (9.63)*** (4.48)*** (5.93)*** (9.16)***

Downstream disruption exposure (DDE) -0.527 -0.347 -0.322 -0.419 -0.227 -0.129
(6.62)*** (4.83)*** (4.24)*** (5.20)*** (3.07)*** (1.57)

Redundant downstream availability (RDA) 0.590 0.397 0.357 0.499 0.330 0.205
(7.01)*** (5.20)*** (4.46)*** (5.77)*** (4.12)*** (2.39)**

Log upstream degree -0.816 -0.069 2.694 -0.814 -0.052 2.679 -0.796 -0.053 2.705
(2.33)** (0.30) (7.13)*** (2.33)** (0.23) (7.10)*** (2.27)** (0.23) (7.15)***

Log downstream degree 4.438 3.273 3.789 4.420 3.299 3.764 4.450 3.294 3.805
(6.46)*** (7.43)*** (8.30)*** (6.44)*** (7.51)*** (8.24)*** (6.47)*** (7.48)*** (8.32)***

Upstreamness (kup) 3.066 3.156 -7.615 3.227 3.293 -7.539 3.165 3.091 -7.688
(1.40) (1.97)** (2.06)** (1.48) (2.07)** (2.02)** (1.45) (1.93)* (2.07)**

Log GVC inclusion -1.287 -1.485 -5.782 -1.295 -1.475 -5.758 -1.289 -1.432 -5.736
(1.62) (2.42)** (6.79)*** (1.63) (2.41)** (6.78)*** (1.62) (2.34)** (6.75)***

Log GDP 0.544 0.232 -0.112 0.507 0.200 -0.143 0.520 0.219 -0.119
(4.00)*** (4.51)*** (2.35)** (3.75)*** (3.87)*** (3.12)*** (3.85)*** (4.23)*** (2.48)**

Foreign market potential (log) 0.431 0.199 0.311 0.438 0.217 0.337 0.423 0.196 0.309
(1.93)* (1.34) (1.74)* (1.98)** (1.42) (1.88)* (1.95)* (1.33) (1.73)*

Free trade agreements (log count) -0.284 -0.147 -0.011 -0.281 -0.140 -0.003 -0.288 -0.156 -0.019
(2.14)** (1.24) (0.10) (2.12)** (1.18) (0.02) (2.18)** (1.33) (0.17)

Constant -30.374 -18.022 -20.326 -29.580 -17.670 -19.868 -29.735 -17.620 -20.081
(5.47)*** (5.54)*** (5.16)*** (5.36)*** (5.35)*** (5.05)*** (5.43)*** (5.46)*** (5.10)***

R2 0.17 0.38 0.52 0.17 0.38 0.52 0.17 0.38 0.52
Observations 29,296 29,301 29,301 29,296 29,301 29,301 29,296 29,301 29,301
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country–industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

The exposure coefficients support H1 (propagation). In the upstream-only block, adding

one disrupted pre-existing upstream partner is associated with a decline of roughly 0.42 in

value-added growth, 0.48 in gross-output growth, and 0.68 in export growth. When upstream

and downstream exposure enter together, the upstream effect remains sizeable—about 0.78 in

absolute value for exports and 0.59 for gross output—pointing to upstream disturbances as the

dominant channel for contemporaneous trade outcomes once common variation across margins

is partialled out. Downstream exposure is also negative and economically meaningful when

considered alone (around 0.53 for value added and 0.35 for gross output) and continues to matter

for value added and output in the joint specification, although the export coefficient becomes

small and imprecise. As a guide to magnitudes, moving from zero to three disrupted upstream

partners is associated with an export-growth shortfall on the order of two to two-and-a-half

percentage points in these units.

Redundancy coefficients support H2 (mitigation). In the upstream-only block, one additional

non-disrupted upstream link is associated with increases of about 0.46 in value-added growth,

0.48 in gross-output growth, and 0.72 in export growth. In the joint specification, the upstream

redundancy effect for exports (about +0.79) is nearly the mirror image of the upstream exposure
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effect (about −0.78), consistent with a near one-for-one offset on average: adding one viable

upstream alternative roughly counterbalances the impact of one additional disrupted partner.

Downstream redundancy shows the same qualitative pattern—for instance, about +0.59 for

value added in the downstream-only block—though the offset is smaller than upstream in the

joint columns. Taken together, the results indicate that exposure transmits adverse shocks while

pre-existing alternative links attenuate their immediate effect.

The controls move in line with priors. Greater downstream degree correlates with stronger

contemporaneous performance across outcomes, and upstream degree is strongly related to ex-

port growth while showing a negative association with value added. Upstreamness carries a

negative sign in the export regressions, and higher GVC inclusion is associated with lower con-

temporaneous growth once fixed effects and macro controls (GDP, foreign market potential, and

free-trade agreements) are included. Overall fit is stable across specifications. These findings

establish the impact margin—robustness—while the next section examines whether the same

mechanisms shape the speed of recovery.

We now test the third hypothesis by augmenting the specification with the relevant inter-

action terms. For brevity, we report results for value-added growth (dVAr) only; the estimates

for gross output and exports are qualitatively similar as shown in the previous table, and value

added is the most economically salient outcome.

Table 4 reports within country–industry estimates for value–added growth with year fixed

effects and the full control set. The first column includes upstream and downstream exposure

and redundancy without heterogeneity; column (2) adds interactions with the high–technology

indicator; column (3) introduces the redundancy mechanism through exposure×redundancy

terms and their interactions with high–technology. These results speak to the impact margin

(robustness) only; resilience is analyzed separately in the duration models.

The exposure coefficients point to propagation along input–output linkages. In column (1),

an additional disrupted pre–existing upstream partner is associated with a decline in value–added

growth of about 0.41 points, and downstream exposure is of comparable magnitude. These

effects remain negative and precisely estimated once heterogeneity and mechanism terms are

introduced. In the full specification (column (3)), the upstream and downstream exposure

coefficients are large in absolute value (about −1.88 and −2.23), underscoring the strength of

contemporaneous transmission when both channels are modelled jointly.
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Table 4: Robustness to GVC Shocks: interactions

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: dV Ar

Upstream exposure (UDE) -0.415 -0.408 -1.884
(4.37)*** (4.30)*** (17.26)***

Downstream exposure (DDE) -0.419 -0.431 -2.229
(5.20)*** (5.32)*** (22.76)***

Redundant upstream availability (RUA) 0.429 0.444 1.817
(4.48)*** (4.59)*** (14.84)***

Redundant downstream availability (RDA) 0.499 0.514 2.559
(5.77)*** (5.85)*** (19.91)***

Upstream × High-tech (U HT) 0.080 0.045
(2.15)** (1.30)

Downstream × High-tech (D HT) 0.020 0.005
(0.50) (0.10)

Upstream × Redundancy (U R) 0.001
(2.60)**

Downstream × Redundancy (D R) 0.001
(3.10)***

U R × High-tech (U R HT) 0.002
(2.10)**

D R × High-tech (D R HT) 0.001
(2.00)**

Log upstream degree -0.796 -0.798 -1.262
(2.27)** (2.28)** (3.14)***

Log downstream degree 4.450 4.480 4.257
(6.47)*** (6.51)*** (6.85)***

Upstreamness (kup) 3.165 3.193 5.233
(1.45) (1.46) (2.10)**

Log GVC inclusion -1.289 -1.325 1.276
(1.62) (1.67)* (1.46)

Log GDP 0.520 0.519 0.365
(3.85)*** (3.85)*** (3.68)***

Foreign market potential (log) 0.423 0.424 0.262
(1.95)* (1.95)* (1.85)*

Log FTAs -0.288 -0.287 -0.712
(2.18)** (2.18)** (4.85)***

Constant -29.735 -29.852 -13.057
(5.43)*** (5.45)*** (3.37)***

R2 0.17 0.17 0.06
Observations 29,296 29,296 29,296
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Redundancy mitigates the impact in a quantitatively meaningful way. In column (1), one

additional non–disrupted upstream link is associated with an increase in value–added growth of

roughly 0.43 points, nearly offsetting the upstream exposure effect on average; the downstream

redundancy term displays the same pattern. In column (3), the main redundancy terms are

sizable and positive (around +1.82 upstream and +2.56 downstream), while the corresponding

exposure terms remain strongly negative, implying substantial on–impact buffering from the

stock of viable alternative links. Moreover, the exposure×redundancy interactions in column

(3) are positive, indicating that the marginal damage of an extra disruption is smaller when

redundancy is higher.

The technology interactions reveal systematic heterogeneity and its mechanism. In column

(2), the upstream exposure interacted with the high–technology indicator is positive and statis-

tically distinct from zero, suggesting that high–technology sectors are less sensitive to upstream

disruptions on impact, holding redundancy constant. Once the mechanism is introduced in

column (3), the direct upstream high–tech interaction becomes small and loses precision, while

the triple interactions of exposure with redundancy and high–technology turn positive and sta-

tistically significant. This pattern is consistent with the view that the high–tech advantage

in robustness operates through redundancy: where redundancy is higher, the attenuation of

exposure is stronger for high–technology industries than for low–technology ones.

The control variables behave in line with economic priors. Greater downstream degree

correlates with stronger contemporaneous performance, and upstream degree is positively related

to value–added growth once other covariates are held fixed. Upstreamness and GVC inclusion

capture positioning and participation along the chain, while macro controls (GDP, foreign market

potential, and free–trade agreements), together with fixed effects, limit confounding from general

openness, market size, and common shocks. Overall, the estimates indicate that disruptions at

partners transmit on impact, that pre–existing alternative links dampen this transmission, and

that the high–technology versus low–technology gap in robustness is explained by the greater

payoff of redundancy in high–technology activities.

5.2 Resilience across Technological Classes

Table 5 reports complementary log–log estimates of the recovery hazard, interpreted as resilience:

hazard ratios above one indicate faster recovery, ratios below one indicate slower recovery. The
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Table 5: Recovery Hazard (cloglog GLM)

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: Pr(recovery in t | still in shock at t− 1)

Hazard ratios reported (exp(β̂))

Upstream exposure (UDE) 0.920 0.920 0.900
(3.10)*** (3.08)*** (5.10)***

Downstream exposure (DDE) 0.950 0.950 0.930
(2.60)*** (2.58)*** (4.20)***

Redundant upstream availability (RUA) 1.030 1.031 1.040
(3.20)*** (3.25)*** (3.80)***

Redundant downstream availability (RDA) 1.020 1.021 1.028
(3.00)*** (3.05)*** (3.10)***

Log upstream degree 0.970 0.970 0.968
(2.20)** (2.18)** (2.25)**

Log downstream degree 1.050 1.051 1.048
(5.10)*** (5.15)*** (5.00)***

Upstreamness (kup) 0.985 0.985 0.983
(1.70)* (1.72)* (1.85)*

Log GVC inclusion 0.992 0.992 0.995
(1.20) (1.22) (0.90)

Log GDP 1.030 1.030 1.028
(3.00)*** (3.02)*** (2.85)***

Foreign market potential (log) 1.010 1.010 1.009
(1.60)* (1.58) (1.55)

Log FTAs 1.008 1.008 1.010
(1.50) (1.52) (1.70)*

UDE × High-tech (U HT) 1.050 1.010
(2.30)** (1.00)

DDE × High-tech (D HT) 1.015 1.005
(0.90) (0.40)

UDE × RUA (U R) 1.010
(2.50)**

DDE × RDA (D R) 1.008
(2.20)**

U R × High-tech (U R HT) 1.010
(2.00)**

D R × High-tech (D R HT) 1.009
(1.80)*

Constant 0.40 0.40 0.42
(4.20)*** (4.18)*** (4.00)***

Observations 28,940 28,940 28,940
Clusters (country) 177 177 177
Log-likelihood −12,480 −12,472 −12,455
Pseudo R2 0.26 0.26 0.27
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes
Duration controls (τ dummies) Yes Yes Yes

Clustered z-statistics in parentheses. Clustered SEs by country * p < 0.10, ** p < 0.05, *** p < 0.01.

Hazard ratio > 1 implies faster recovery (greater resilience); < 1 implies slower recovery.
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exposure terms enter with ratios below unity throughout, consistent with propagation along

input–output links prolonging distress. In the baseline column, an additional disrupted upstream

partner is associated with a hazard ratio of about 0.92, and the downstream counterpart is

around 0.95; in the full specification these tighten to roughly 0.90 and 0.93. In percentage

terms, one more disrupted upstream (downstream) link is associated with about a 10% (7%)

lower probability of exiting the spell in a given year, conditional on the control set.

Redundancy mitigates this persistence. Both redundant–upstream and redundant–downstream

availability enter above unity—about 1.03–1.04 upstream and 1.02–1.03 downstream—implying

that one additional viable pre-existing link is associated with a 3–4% (upstream) or 2–3% (down-

stream) increase in the annual recovery probability. Moreover, the interaction terms between

exposure and redundancy are themselves above unity in the full model, indicating that the

marginal damage from an extra disruption is smaller where redundancy is higher; this is the

resilience analogue of the mitigation mechanism documented in the impact regressions.

The technology interactions point to systematic heterogeneity and its channel. When added

on their own, the upstream exposure interacted with the high-technology indicator yields a

hazard ratio modestly above one, indicating faster recovery in high-technology activities for

a given level of exposure. Once the mechanism is introduced, the direct upstream high-tech

interaction shrinks toward one and loses precision, while the triple interactions of exposure with

redundancy and high-technology become positive and statistically significant. This pattern is

consistent with the view that the high-tech advantage in resilience operates through redundancy:

where substitutable links are available, the attenuation of exposure is stronger in high-technology

industries than in low-technology ones.

The controls move in plausible directions for recovery dynamics. Greater downstream de-

gree is associated with a higher hazard, upstreamness is mildly below unity, and higher GDP

correlates with faster recovery, while foreign market potential and the count of free-trade agree-

ments play smaller roles once network and macro controls are included. Taken together, the

estimates indicate that exposure slows recovery, redundancy speeds it up, and the high- versus

low-technology gap in resilience is explained by a stronger payoff from redundancy in high-

technology activities.

Table 6 presents complementary log–log estimates of the recovery hazard. Ratios below

one indicate that exposure slows recovery, while ratios above one indicate that redundancy
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Table 6: Recovery Hazard (cloglog GLM): Exposure, Redundancy, and Technology Heterogene-
ity

(1) Baseline (2) + HT interactions (3) + Redundancy × HT (full)
Dependent variable: Pr(recovery in t | still in shock at t− 1)

Hazard ratios reported (exp(β̂)); cloglog link; clustered SEs by country

Upstream exposure (UDE) 0.920 0.920 0.900
(3.10)*** (3.02)*** (5.10)***

Downstream exposure (DDE) 0.950 0.950 0.930
(2.70)*** (2.62)*** (4.10)***

Redundant upstream availability (RUA) 1.030 1.031 1.040
(3.40)*** (3.45)*** (3.70)***

Redundant downstream availability (RDA) 1.020 1.021 1.028
(3.00)*** (3.10)*** (3.20)***

Log upstream degree 0.970 0.970 0.968
(2.20)** (2.18)** (2.25)**

Log downstream degree 1.050 1.051 1.048
(5.10)*** (5.15)*** (5.00)***

Upstreamness (kup) 0.985 0.985 0.983
(1.80)* (1.82)* (1.90)*

Log GVC inclusion 0.993 0.993 0.995
(1.30) (1.32) (0.90)

Log GDP 1.030 1.030 1.028
(3.00)*** (3.02)*** (2.85)***

Foreign market potential (log) 1.010 1.010 1.009
(1.60)* (1.58) (1.55)

Log FTAs 1.009 1.009 1.010
(1.70)* (1.72)* (1.80)*

UDE × High-tech (U HT) 1.050 1.010
(2.40)** (1.00)

DDE × High-tech (D HT) 1.015 1.005
(0.80) (0.40)

UDE × RUA (U R) 1.012
(2.60)**

DDE × RDA (D R) 1.009
(2.30)**

U R × High-tech (U R HT) 1.012
(2.00)**

D R × High-tech (D R HT) 1.009
(1.80)*

Constant 0.40 0.40 0.42
(4.20)*** (4.18)*** (4.00)***

Observations 28,940 28,940 28,940
Clusters (country) 177 177 177
Log-likelihood −12,480 −12,472 −12,455
Pseudo R2 0.06 0.06 0.07
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes
Duration controls (τ dummies) Yes Yes Yes
Link / family cloglog / binomial cloglog / binomial cloglog / binomial

Clustered z-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Hazard ratio >1 implies faster recovery (greater resilience); <1 implies slower recovery.
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speeds it up. In the baseline column, an additional disrupted upstream (downstream) partner is

associated with a hazard ratio around 0.92 (0.95), implying roughly a 8–10% (5–7%) reduction

in the annual probability of exiting a shock spell, conditional on controls. These exposure effects

remain negative and precisely estimated in the richer specifications.

Redundancy systematically mitigates persistence. The stock of viable pre-existing links

enters above unity—about 1.03–1.04 upstream and 1.02–1.03 downstream—so one more alter-

native supplier or buyer raises the yearly recovery probability by roughly 2–4%. Moreover, the

exposure×redundancy terms exceed one in the full model, indicating that the marginal damage

from an extra disruption is smaller when redundancy is higher; this is the resilience counterpart

of the mitigation pattern documented in the impact regressions.

Technology interactions reveal a clear heterogeneity and its channel. When added alone, the

upstream exposure interacted with the high-technology indicator yields a hazard ratio modestly

above one, suggesting faster recovery in high-technology activities at a given exposure level.

Once the mechanism is included, the direct high-technology interaction shrinks toward one and

loses precision, while the triple interactions of exposure with redundancy and high-technology

are positive and statistically significant. This pattern is consistent with the view that the high-

technology advantage in resilience operates through redundancy: where substitutable links are

available, exposure is attenuated more strongly for high-technology industries than for low-

technology ones. Controls move in plausible directions, with higher downstream degree and

GDP associated with quicker recovery and upstreamness slightly below unity. Overall, the

estimates indicate that exposure prolongs distress, redundancy accelerates recovery, and the

high- versus low-technology gap in resilience is explained by stronger payoffs to redundancy in

high-technology sectors.

6 Conclusion

We show in this paper three main results. First, disturbances among established partners indus-

tries in global value chains do propagate along input–output linkages. When a country–industry

faces more upstream (or downstream) disruptions in the network, its own production and exports

fall more on impact and the return to normal is slower, even after we control for country–sector

and time effects. Second, redundancy in linkages mitigates both margins. Where there are more
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pre-existing alternative ties that are not disrupted, the negative effect of exposure is smaller and

the probability of recovery is higher. Third, these patterns are not the same across industries:

activities commonly classified as high-technology combine denser and more redundant connec-

tions and, as a result, are more robust and more resilient than low-technology activities. Tests

with triple interactions indicate that part of the high- versus low-tech difference works precisely

through redundancy.

These results have country-level implications. The sectoral composition of production helps

to explain why some economies absorb global shocks better than others. Countries with a larger

weight in electronics, machinery, and some chemicals tend to reallocate and recover faster;

countries concentrated in low-technology or more domestically oriented sectors tend to be more

exposed. At the same time, our estimates suggest that resilience is not only a property of “being

high-tech.” It depends on how linkages are organized. Policy can raise resilience inside low-

and middle-tech bases by promoting more substitutable upstream and downstream connections,

without needing a rapid change in the whole industrial mix.

Policy recommendations follow directly from the mechanism. If redundancy reduces trans-

mission, then measures that increase the set of feasible alternative partners—especially across

different locations and legal systems—should improve both robustness (smaller initial drop) and

resilience (faster recovery). This includes trade facilitation and logistics that lower search and

switching costs, programs that help certify and qualify new suppliers, support for standards

interoperability, stable customs and regulatory cooperation, and access to trade finance when

firms add a second source.

These points are relevant for the current debate on reshoring. A general retreat from in-

ternational trade will not automatically produce resilience if it reduces the number of credible

alternatives. Thinner networks can make a single disruption more damaging because there are

fewer options to switch. Friend-shoring that only relocates activity inside a small club may also

leave exposure highly correlated. The main objective should be diversification across several

reliable jurisdictions and routes, not only relocation.

We also note that redundancy is costly. Keeping extra partners, dual-sourcing, and holding

options in contracts and inventories all require resources. The gains we estimate are average

effects and can vary by sector. In very specific inputs or very modular technologies, the marginal

benefit of one more partner may be different. For this reason, policy should focus on identified
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bottlenecks—places where exposure is high and redundancy low—rather than impose broad

rules everywhere.

On methods, our approach complements hypothetical-extraction exercises by studying the

transmission of realized shocks in panel data and by separating robustness (impact on lev-

els/growth) from resilience (time to recovery). We construct exposure and redundancy from

lagged linkages to limit simultaneity, and we use rich fixed-effects specifications with extensive

controls. Some caveats remain. Fixed effects absorb time-invariant heterogeneity but cannot

fully eliminate time-varying confounders (e.g., policy changes or macro shocks at the coun-

try–sector–year level). Measurement relies on MRIO/TiVA quality, and our distribution-based

threshold may miss rare but consequential tail events or misclassify idiosyncratic volatility. In

the duration analysis, the discrete-time cloglog model imposes a proportional-hazards structure

and results can be sensitive to the definition of recovery and to right-censoring of spells. Redun-

dancy and connectivity can adjust endogenously after shocks, so estimates should be read as

short- to medium-run associations around pre-shock structures. Finally, the data end in 2015,

so external validity does not cover the post-2016 period (trade tensions, COVID-19, and recent

fragmentation).

Given today’s environment—geopolitical tensions, sanctions and export controls, climate

shocks, and health emergencies—the frequency and co-movement of disruptions are high. In

such conditions, resilience depends not only on domestic capacity but also on the architecture

of international connections. Countries that keep open and diversified access to inputs and

markets, and that invest in the practical arrangements that make switching feasible, are better

placed to limit spillovers and resume growth after a disturbance.

Future research should move in two directions. First, firm-level data linking plants to multi-

tier suppliers and customers would allow a deeper view of the substitution margin and its costs.

Second, dynamic models of network formation under risk could quantify the trade-off between

efficiency and insurance, and help set sector-specific targets for redundancy. For now, the main

message of this paper is practical: deeper participation in global value chains can go together

with, and even support, resilience—provided the network is built to allow substitution.
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A Robustness Checks

A.1 Alternative threshold

We re-estimate the models using alternative within-series thresholds set at 0.75 and 1.25 standard
deviations below the mean growth, instead of the baseline 1 s.d. rule. We present the results of
estimations (5), (6) and (7) under these alternative thresholds, to be compared with table 4.

Table 7: Robustness to GVC Shocks (0.75 s.d. shock definition): interactions

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: dV Ar

Upstream exposure (UDE) -0.285 -0.279 -1.552
(5.05)*** (4.96)*** (15.10)***

Downstream exposure (DDE) -0.305 -0.314 -1.895
(6.05)*** (6.22)*** (19.80)***

Redundant upstream availability (RUA) 0.350 0.362 1.505
(5.50)*** (5.68)*** (13.10)***

Redundant downstream availability (RDA) 0.420 0.436 2.295
(6.15)*** (6.40)*** (17.45)***

Upstream × High-tech (U HT) 0.060 0.035
(2.30)** (1.15)

Downstream × High-tech (D HT) 0.015 0.004
(0.45) (0.08)

Upstream × Redundancy (U R) 0.0010
(2.90)***

Downstream × Redundancy (D R) 0.0009
(3.40)***

U R × High-tech (U R HT) 0.0015
(2.00)**

D R × High-tech (D R HT) 0.0010
(1.90)*

Log upstream degree -0.780 -0.783 -1.230
(2.20)** (2.21)** (3.05)***

Log downstream degree 4.380 4.415 4.210
(6.35)*** (6.40)*** (6.70)***

Upstreamness (kup) 3.140 3.165 5.120
(1.44) (1.45) (2.05)**

Log GVC inclusion -1.270 -1.305 1.240
(1.60) (1.65)* (1.43)

Log GDP 0.518 0.517 0.362
(3.82)*** (3.81)*** (3.62)***

Foreign market potential (log) 0.421 0.422 0.257
(1.93)* (1.93)* (1.81)*

Log FTAs -0.286 -0.285 -0.705
(2.14)** (2.14)** (4.72)***

Constant -29.620 -29.740 -12.980
(5.38)*** (5.40)*** (3.35)***

R2 0.17 0.17 0.06
Observations 29,296 29,296 29,296
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

The qualitative conclusions are unchanged, alleviating concerns that results hinge on the
specific cutoff. Specifically, with a looser cutoff (0.75 s.d., table 7), exposure coefficients are
smaller in magnitude yet remain precisely estimated and negative, while redundancy terms stay
positive and significant and the interaction patterns—both exposure × redundancy and the
redundancy × high-tech moderation—continue to indicate mitigation and technological hetero-
geneity. Under a stricter cutoff (1.25 s.d. table 8), exposure effects become more pronounced
in absolute value, as expected when focusing on rarer, more severe events, but some associated
t-statistics are lower. Redundancy retains a buffering role and several interaction terms remain
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Table 8: Robustness to GVC Shocks (1.25 s.d. shock definition): interactions

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: dV Ar

Upstream exposure (UDE) -0.620 -0.612 -2.304
(3.10)*** (3.02)*** (14.20)***

Downstream exposure (DDE) -0.655 -0.670 -2.751
(3.55)*** (3.62)*** (17.10)***

Redundant upstream availability (RUA) 0.605 0.618 2.110
(3.85)*** (3.95)*** (11.20)***

Redundant downstream availability (RDA) 0.705 0.728 3.020
(4.20)*** (4.35)*** (15.60)***

Upstream × High-tech (U HT) 0.095 0.055
(1.90)* (1.20)

Downstream × High-tech (D HT) 0.030 0.010
(0.70) (0.22)

Upstream × Redundancy (U R) 0.0012
(2.10)**

Downstream × Redundancy (D R) 0.0014
(2.50)**

U R × High-tech (U R HT) 0.0025
(1.80)*

D R × High-tech (D R HT) 0.0018
(1.70)*

Log upstream degree -0.805 -0.807 -1.290
(2.30)** (2.31)** (3.18)***

Log downstream degree 4.465 4.495 4.280
(6.50)*** (6.55)*** (6.90)***

Upstreamness (kup) 3.185 3.210 5.280
(1.46) (1.47) (2.08)**

Log GVC inclusion -1.300 -1.340 1.290
(1.63) (1.70)* (1.47)

Log GDP 0.522 0.521 0.367
(3.87)*** (3.86)*** (3.70)***

Foreign market potential (log) 0.424 0.425 0.265
(1.96)* (1.97)* (1.86)*

Log FTAs -0.289 -0.288 -0.715
(2.19)** (2.19)** (4.88)***

Constant -29.840 -29.960 -13.130
(5.47)*** (5.49)*** (3.39)***

R2 0.16 0.16 0.06
Observations 29,296 29,296 29,296
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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significant, though not all. Taken together, these results indicate that the main conclusions are
not driven by the particular cutoff used to identify shocks: propagation on impact is present,
redundancy mitigates, and high-technology activities exhibit a more favorable mitigation profile,
even if statistical strength varies with definition severity.

A.2 Placebo “lead” specifications

As a timing check and placebo test, we re-estimate the impact model replacing current exposure
with its one-period lead, UDEi,t+1 and DDEi,t+1. This serves as a placebo because, under our
design, a disruption realized in t+1 has no causal pathway to affect performance in t; any ap-
parent effect of future exposure on current outcomes would indicate that the baseline estimates
are inadvertently capturing slow-moving unobservables, common trends, or anticipatory adjust-
ments rather than true contemporaneous propagation. Consequently, significant lead coefficients
would signal residual confounding, whereas coefficients statistically indistinguishable from zero
support the timing assumptions and the exogeneity of our exposure measures.

Table 9: Placebo (Lead) Exposure: Value-Added Growth with Lead UDE/DDE and Interactions

(1) Lead baseline (2) Lead + HT interactions (3) Lead + Redundancy × HT
Dependent variable: dV Ar

Lead upstream exposure (UDEt+1) -0.031 -0.029 -0.045
(0.48) (0.45) (0.62)

Lead downstream exposure (DDEt+1) 0.012 0.010 -0.030
(0.18) (0.16) (0.51)

Redundant upstream availability (RUA) 0.055 0.058 0.072
(1.10) (1.15) (1.32)

Redundant downstream availability (RDA) 0.040 0.042 0.061
(0.95) (0.99) (1.27)

Upstream × High-tech (U HT, lead) 0.014 0.009
(0.30) (0.20)

Downstream × High-tech (D HT, lead) -0.005 -0.003
(0.10) (0.06)

Lead upstream × RUA (U R, lead) 0.0002
(0.50)

Lead downstream × RDA (D R, lead) 0.0001
(0.42)

U R × High-tech (U R HT, lead) 0.0002
(0.60)

D R × High-tech (D R HT, lead) 0.0001
(0.55)

Log upstream degree -0.770 -0.771 -0.980
(2.18)** (2.18)** (2.50)**

Log downstream degree 4.320 4.335 4.180
(6.20)*** (6.23)*** (6.50)***

Upstreamness (kup) 3.110 3.120 4.950
(1.43) (1.44) (2.00)**

Log GVC inclusion -1.250 -1.275 1.210
(1.60) (1.65)* (1.40)

Log GDP 0.515 0.516 0.360
(3.80)*** (3.81)*** (3.60)***

Foreign market potential (log) 0.420 0.421 0.255
(1.92)* (1.93)* (1.80)*

Log FTAs -0.285 -0.284 -0.700
(2.15)** (2.15)** (4.70)***

Constant -29.500 -29.600 -12.900
(5.35)*** (5.37)*** (3.30)***

R2 0.16 0.16 0.06
Observations 29,296 29,296 29,296
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

In table 9, we present the results of estimations (5), (6) and (7) under these alternative
specifications, to be compared with table 4.

The coefficients on lead upstream and downstream exposure are small in magnitude and sta-
tistically indistinguishable from zero across all columns, and the interaction terms with high–tech
status and with redundancy (including the triple interactions) are likewise null. Fit is marginally
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lower relative to the baseline, while the coefficients on controls remain stable. The absence of
any systematic association between future exposure and current value–added growth indicates
that the patterns documented in the main results do not arise “in advance” and are therefore
unlikely to be driven by slow–moving unobservables, anticipatory behavior, or residual common
shocks. This placebo strengthens the interpretation of the contemporaneous estimates as evi-
dence of on–impact propagation moderated by redundancy and of the heterogeneity patterns
uncovered in the main tables; by contrast, when using lead exposure, the three mechanisms do
not materialize, as expected under correct timing.
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B On Technology Classification

B.1 Details of matching EORA industries with Lall’s technological classes

Table 10 details the matching between EORA industrial classification and Lall (2000) industry
classification.

Table 10: Industries breakdown into technological classes

Eora Industry Lall’s corresponding industry Category

Agriculture RB 1: Agro-based LT
Fishing RB 1: Agro-based LT

Mining and Quarrying Primary products (pp) LT
Food & Beverages Agro-based LT

Textiles and Wearing Apparel LT1: Textile, garment and footwear LT
Wood and Paper Agro-based LT

Petroleum, Chemical and Non-Metallic Mineral Products RB 2: Other LT
Metal Products MT2: Metalworking HT

Electrical and Machinery HT 1: Electronic and electrical HT
Transport Equipment MT 1: Automotive HT
Other Manufacturing - Other

Recycling - Other
Electricity, Gas and Water RB 2: Other LT

Construction RB 2: Other LT
Maintenance and Repair - Other

Wholesale Trade - Other
Retail Trade - Other

Hotels and Restaurants - Other
Transport - Other

Post and Telecommunications - Other
Financial Intermediation and Business Activities - Other

Public Administration - Other
Education, Health and Other Services - Other

Private Households - Other
Others - Other

Re-export & Re-import - Other

B.2 Changing classification of industry “Petroleum, Chemical and Non-Metallic

Mineral Products”

While most of the industry matching is easy regarding Lall (2000) classification, one industry in
EORA classification is troublesome: “Petroleum, Chemical and Non-Metallic Mineral Products”.
While Petroleum and Non-metallic mineral products clearly correspond to ressource-based in-
dustries, and can be classified among Low Technology sectors, Chemicals to the contrary is
rather High-Tech, notably as it encompasses pharmaceutical products. As a robustness check
to our hypothesis, we changed the “Petroleum, Chemical and Non-Metallic Mineral Products”
industry to High-Tech, and reproduce estimations from equations (7) to (9) by dividing across
the new technological classes.

The results do not change significantly from tables (4) and (5), and the main findings of
our analysis still hold, showing that they were not driven by this particular industry, but by
structural differences between high- and low-tech sectors.

The resilience analysis is also confirmed. In table 12 column (2), the upstream high-tech
interaction exceeds unity and is statistically different from one, indicating that—conditional on
the same upstream exposure and controls—high-tech sectors recover faster than low-tech sectors.
When we introduce the mechanism in column (3), the direct high-tech interactions attenuate
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Table 11: Robustness to GVC shocks. Alternative Tech Classes

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: dV Ar

Upstream exposure (UDE) -0.415 -0.406 -1.900
(4.37)*** (4.28)*** (17.50)***

Downstream exposure (DDE) -0.419 -0.433 -2.240
(5.20)*** (5.35)*** (22.90)***

Redundant upstream availability (RUA) 0.429 0.446 1.800
(4.48)*** (4.62)*** (15.10)***

Redundant downstream availability (RDA) 0.499 0.516 2.580
(5.77)*** (5.90)*** (20.20)***

Upstream × High-tech (U HT) 0.095 0.028
(2.40)** (0.85)

Downstream × High-tech (D HT) 0.015 0.004
(0.40) (0.08)

Upstream × Redundancy (U R) 0.001
(2.80)***

Downstream × Redundancy (D R) 0.001
(3.20)***

U R × High-tech (U R HT) 0.0025
(2.50)**

D R × High-tech (D R HT) 0.0015
(2.20)**

Log upstream degree -0.796 -0.800 -1.270
(2.27)** (2.29)** (3.18)***

Log downstream degree 4.450 4.485 4.240
(6.47)*** (6.53)*** (6.80)***

Upstreamness (kup) 3.165 3.200 5.260
(1.45) (1.47) (2.12)**

Log GVC inclusion -1.289 -1.330 1.290
(1.62) (1.68)* (1.47)

Log GDP 0.520 0.522 0.368
(3.85)*** (3.88)*** (3.70)***

Foreign market potential (log) 0.423 0.426 0.265
(1.95)* (1.96)* (1.86)*

Log FTAs -0.288 -0.286 -0.715
(2.18)** (2.17)** (4.88)***

Constant -29.735 -29.860 -13.020
(5.43)*** (5.46)*** (3.38)***

R2 0.17 0.17 0.06
Observations 29,296 29,296 29,296
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes

t-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 12: Resilience to GVC shocks. Alternative Tech Classes

(1) Baseline (2) + HT interactions (3) + Redundancy × HT
Dependent variable: Pr(recovery in t | still in shock at t− 1)

Hazard ratios reported (exp(β̂)); cloglog link; clustered SEs by country

Upstream exposure (UDE) 0.920 0.919 0.895
(3.10)*** (3.15)*** (5.40)***

Downstream exposure (DDE) 0.950 0.949 0.925
(2.60)*** (2.70)*** (4.50)***

Redundant upstream availability (RUA) 1.030 1.032 1.045
(3.20)*** (3.45)*** (4.10)***

Redundant downstream availability (RDA) 1.020 1.022 1.032
(3.00)*** (3.20)*** (3.35)***

Log upstream degree 0.970 0.970 0.967
(2.20)** (2.23)** (2.35)**

Log downstream degree 1.050 1.051 1.049
(5.10)*** (5.25)*** (5.05)***

Upstreamness (kup) 0.985 0.984 0.982
(1.70)* (1.80)* (1.95)*

Log GVC inclusion 0.992 0.993 0.996
(1.20) (1.25) (1.05)

Log GDP 1.030 1.031 1.029
(3.00)*** (3.05)*** (2.95)***

Foreign market potential (log) 1.010 1.011 1.009
(1.60)* (1.68)* (1.62)

Log FTAs 1.008 1.009 1.013
(1.50) (1.65)* (1.95)*

UDE × High-tech (U HT) 1.065 1.008
(2.60)** (0.90)

DDE × High-tech (D HT) 1.022 1.006
(1.15) (0.50)

UDE × RUA (U R) 1.013
(3.30)***

DDE × RDA (D R) 1.011
(3.00)***

U R × High-tech (U R HT) 1.020
(3.30)***

D R × High-tech (D R HT) 1.015
(2.80)***

Constant 0.40 0.41 0.44
(4.20)*** (4.20)*** (4.00)***

Observations 28,940 28,940 28,940
Clusters (country) 177 177 177
Log-likelihood −12,480 −12,468 −12,448
Pseudo R2 0.06 0.06 0.07
Year FE Yes Yes Yes
Country–industry FE Yes Yes Yes
Duration controls (τ dummies) Yes Yes Yes
Link / family cloglog / binomial cloglog / binomial cloglog / binomial

Clustered z-statistics in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Hazard ratio > 1 implies faster recovery (greater resilience); < 1 implies slower recovery.
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to unity and lose significance, while the triple terms that load exposure on redundancy in high-
tech sectors become both economically and statistically meaningful. This pattern supports our
intuitions: the resilience gap between high- and low-tech sectors is not a pure technology fixed
effect; it operates through stronger mitigation from redundant links. In other words, for a given
exposure, increases in redundancy raise the recovery hazard more in high-tech activities than
in low-tech ones, which is consistent with high-tech sectors being more resilient because their
pre-existing networks offer more effective substitute pathways.

38



 

DOCUMENTS DE TRAVAIL GREDEG PARUS EN 2025
GREDEG Working Papers Released in 2025

2025-01	 Bruno Deffains & Frédéric Marty
		  Generative Artificial Intelligence and Revolution of Market for Legal Services
2025-02	 Annie L. Cot & Muriel Dal Pont Legrand
		  “Making war to war” or How to Train Elites about European Economic Ideas: Keynes’s Articles 	
		  Published in L’Europe Nouvelle during the Interwar Period
2025-03	 Thierry Kirat & Frédéric Marty
		  Political Capitalism and Constitutional Doctrine. Originalism in the U.S. Federal Courts
2025-04	 Laurent Bailly, Rania Belgaied, Thomas Jobert & Benjamin Montmartin
		  The Socioeconomic Determinants of Pandemics: A Spatial Methodological Approach with 
		  Evidence from COVID-19 in Nice, France
2025-05	 Samuel De La Cruz Solal
		  Co-design of Behavioural Public Policies: Epistemic Promises and Challenges 
2025-06	 Jérôme Ballet, Damien Bazin, Frédéric Thomas & François-Régis Mahieu			 
		  Social Justice: The Missing Link in Sustainable Development
2025-07	 Jérôme Ballet & Damien Bazin
		  Revoir notre manière d’habiter le monde. Pour un croisement de trois mouvements de pensée: 	
		  capabilités, services écosystémiques, communs
2025-08	 Frédéric Marty
		  Application des DMA et DSA en France : analyse de l’architecture institutionnelle 
		  et des dynamiques de régulation
2025-09	 Éléonore Dodivers & Ismaël Rafaï
		  Uncovering the Fairness of AI: Exploring Focal Point, Inequality Aversion, and Altruism in 		
		  ChatGPT’s Dictator Game Decisions
2025-10	 Hayk Sargsyan, Aleksandr Grigoryan & Olivier Bruno
		  Deposits Market Exclusion and the Emergence of Premium Banks
2025-11	 Lubica Stiblarova & Anna Tykhonenko
		  Talent vs. Hard Work: On the Heterogeneous Role of Human Capital in FDI Across 
		  EU Member States
2025-12	 Mathieu Chevrier
		  Social Reputation as one of the Key Driver of AI Over-Reliance: An Experimental Test with 		
		  ChatGPT-3.5
2025-13	 Rania Belgaied
		  L’accessibilité aux médecins généralistes libéraux pour la ville de Nice
2025-14	 Lorenzo Corno, Giovanni Dosi & Luigi Marengo
		  Behaviours and Learning in Complex Evolving Economies
2025-15	 Grégory Donnat
		  Real Exchange Rate and External Public Debt in Emerging and Developing Countries
2025-16	 Michela Chessa
		  Politics as A (Very) Complex System: A New Methodological Approach to Studying 
		  Fragmentation within a Council
2025-17	 Mathieu Lambotte & Benjamin Montmartin
		  Competition, Conformism and the Voluntary Adoption of Policies Designed to Freeze Prices



2025-18	 Leonardo Ciambezi & Alessandro Pietropaoli
		  Relative Price Shocks and Inequality: Evidence from Italy
2025-19	 Matteo Orlandini, Sebastiano Michele Zema, Mauro Napoletano & Giorgio 
		  Fagiolo
		  A Network Approach to Volatility Diffusion and Forecasting in Global Financial Markets
2025-20	 Daniele Colombo & Francesco Toni		
		  Understanding Gas Price Shocks: Elasticities, Volatility and Macroeconomic Transmission
2025-21	 Simone Vannuccini		
		  Move Fast and Integrate Things: The Making of a European Industrial Policy for Artificial 
		  Intelligence
2025-22	 Patrice Bougette, Oliver Budzinski & Frédéric Marty 		
		  Revisiting Behavioral Merger Remedies in Turbulent Markets: A Framework for Dynamic 
		  Competition
2025-23	 Amal Ben Khaled, Rami Haj Kacem & Nathalie Lazaric 		
		  Assessing the Role of Governance and Environmental Taxes in Driving Energy Transitions: 
		  Evidence from High-income Countries
2025-24	 Sandye Gloria 		
		  Emergence. Another Look at the Mengerian Theory of Money
2025-25	 Barbara Brixová, Anna Tykhonenko, Ľubica Štiblárová & Marianna Siničáková 		
		  Middle Income Convergence Trap Phenomenon in CEE Countries
2025-26	 Grégory Donnat, Maxime Menuet, Alexandru Minea & Patrick Villieu
 		  Does Public Debt Impair Total Factor Productivity?
2025-27	 Nathalie Lazaric, Loubna Echajari & Dorota Leszczyńska
 		  The Multiplicity of Paths to Sustainability, Grand Challenges and Routine Changes: The Long 	
		  Road for Bordeaux Winemakers
2025-28	 Olivier Brette & Nathalie Lazaric
 		  Some Milestones for an Evolutionary-Institutional Approach to the Circular Economy 
		  Transition
2025-29	 Pierre Boutros, Eliana Diodati, Michele Pezzoni & Fabiana Visentin
 		  Does Training in AI Affect PhD Students’ Careers? Evidence from France
2025-30	 Luca Bargna, Davide La Torre, Rosario Maggistro & Benjamin Montmartin
 		  Balancing Health and Sustainability: Optimizing Investments in Organic vs. Conventional 
		  Agriculture Through Pesticide Reduction
2025-31	 Jean-Luc Gaffard
 		  Equilibre général et évolution: un éclairage théorique
2025-32	 Patrice Bougette, Frédéric Marty & Simone Vannuccini
 		  Competition Law Enforcement in Dynamic Markets: Proposing a Flexible Trade-off between 		
		  Fines and Behavioural Injunctions
2025-33	 Taekyun Kim, Gabriela Fuentes & Simone Vannuccini
 		  When Robots Met Language (Models): An Exploration of Science and Strategy in the 
		  vision-language-action Models Space
2025-34	 Frédéric Marty & Thierry Warin
 		  Prévenir les risques de parallélisme de comportements par développeur commun : de la 
		  constatation des limites des règles de concurrence au retour du Nouvel Instrument Concurrentiel
2025-35	 Luca Fontanelli, Mauro Napoletano & Angelo Secchi
 		  Rethinking Volatility Scaling in Firm Growth
2025-36	 Charlie Joyez
 		  Connectivity and Contagion: How Industry Networks Shape the Transmission of Shocks in 		
		  Global Value Chains


	Introduction
	GVC Data and variable construction
	GVCs networks
	Shocks and Exposure to shocks in GVCs
	Diversification of connection and mitigation strategies

	Descriptive Statistics of GVCs Structure.
	Global Value Chains indicators
	Structural evolution
	Sectoral heterogeneity in connectivity patterns
	Sensibility to shocks Exposure

	Methodology
	Robustness to Exposure
	Resilience: Duration Framework

	Results
	Robustness analysis
	Resilience across Technological Classes

	Conclusion
	Robustness Checks
	Alternative threshold
	Placebo ``lead'' specifications

	On Technology Classification
	Details of matching EORA industries with Lall's technological classes
	Changing classification of industry ``Petroleum, Chemical and Non-Metallic Mineral Products'' 


