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Abstract

Identifying supply chain risks and enhancing resilience have become crucial aspects
of strategic decision-making for companies. In this paper, we introduce a novel index to
quantify firm-level supply chain risks (SCR) by leveraging a cutting-edge natural lan-
guage processing technique—zero-shot prompting of large language models (LLMs)—
applied to corporate annual and quarterly reports. We validate this index through
multiple methods, including comparisons with baseline measures and human-labeled
data, visualizing and interpreting supply chain risks over time and across industries,
analyzing the index’s sensitivity to events like trade wars, and demonstrating a strong
positive correlation between the supply chain risks of suppliers and customers. We then
identify key strategies firms use to manage high supply chain risks—hiring specialists
with expertise in supply chain management. Our findings show that the acquisition of
such human capital enhances supply chain resilience through geographic diversification
and multi-sourcing of suppliers, while also reducing the need for large inventory buffers
when facing significant supply chain risks.
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Building resilient American supply chains will necessitate enhancing domestic manu-
facturing capacity, supporting America’s competitive edge in research and development,
encouraging innovation, reinforcing critical infrastructure, and creating well-paying jobs.

— Executive Order on White House Council on Supply Chain Resilience, June 14, 2024

1 Introduction

In recent years, businesses have faced growing susceptibility to disruptions in their sup-
ply chains, which can significantly threaten their operational stability. Events such as global
pandemic (e.g., COVID-19), geopolitical tensions (e.g., U.S.-China trade war and Ukraine
war), and climate change (e.g., natural disasters such as Hurricane Katrina) have heightened
these risks, attracting considerable attention from researchers, practitioners, and policymak-
ers. Consequently, accurately assessing supply chain risks and enhancing resilience have
become critical aspects of corporate strategy for production and operations.

Accurate risk assessment is essential for formulating strategies to prevent or mitigate
potential disruptions. However, this process typically requires detailed information that
companies hold but is not commonly accessible to the public. To accurately assess risks,
we have developed a firm-level index of supply chain risks by analyzing their annual and
quarterly reports, specifically SEC 10-K and 10-Q filings from the EDGAR database. Our
methodology primarily employs zero-shot prompting of large language models (LLMs). Our
dataset, which spans from 2001 to 2022, comprises over 436,000 reports from 14,270 unique
firms. Given the extensive size of our dataset, direct application of an advanced LLM to all
texts is impractical, leading us to adopt a two-step approach.

First, following the established approach in risk-related literature, we filter sentences
related to risks using dictionary-based approach with the dictionary provided by Hassan et al.
(2019). Second, we prompt large language models (LLMs) in a zero-shot manner to determine

whether the topic of each sentence pertains to supply chain risks. Recent advancements in



Natural Language Processing (NLP) and LLMs, such as OpenAl’'s GPT, Google’s BERT and
Flan-T5, and Facebook’s BART (Devlin et al., 2018; Brown et al., 2020; Chung et al., 2022;
Lewis et al., 2020), have revolutionized the automatic extraction of information from textual
data (Brown et al., 2020). These models, trained on vast datasets, excel at understanding
human language, discerning context, identifying sentiment, and extracting key themes from
unstructured text.

In this paper, we primarily leverage Google’s Flan-T5 model as a sub-optimal yet efficient
alternative to more advanced models like ChatGPT for processing firms’ financial reports,
due to the high cost of using closed-source, cutting-edge models on large-scale textual data.’
After generating labels with Flan-T5, we aggregate the number of sentences related to supply
chain risks at the firm-quarter level, using the number of words in each sentence as a weight.
To conduct placebo tests, we also construct a non-supply-chain risk (Non-SCR) index by
aggregating the number of sentences containing risk-related terms that are not associated
with supply chain risks, applying the same weighting method.

To validate our approach using the Flan-T5 model, we compare it to the traditional word
dictionary method on a small set of manually labeled data. Our approach outperforms the
baseline across all metrics. To further justify the selection of Flan-T5, we compare it with
GPT-4 and demonstrate that it is an effective and cost-efficient substitute for fee-based LLMs
in our context. We also validate the firm-level supply chain risk (SCR) index by examining
its responsiveness to the U.S.—China trade war and analyzing the correlation between firms’
SCR and that of their suppliers. We find a significant increase in a firm’s SCR index when
facing a higher negative impact from the trade war. As expected, there is a strong correlation
between a firm’s SCR index and those of its suppliers and customers, while the non-supply-
chain risks (Non-SCR) of suppliers and customers show no correlation with the firm’s SCR
index. These results suggest that our measure effectively captures firm-level supply chain

risks rather than other types of risks.

!Note that, for small-scale textual analyses, such as examining skill information in job postings in Sec-
tion 2.1.2, we still use ChatGPT.



With the SCR index in hand, we delve into the characteristics of firms that correlate with
higher SCR and the strategies they employ to manage these risks. Our findings indicate that
firms in manufacturing sectors, those with larger size or market value, and those with a higher
Tobin’s Q are generally more susceptible to supply chain risks. Consistent with predictions,
a higher SCR is positively linked to a larger inventory of stock, encompassing raw materials,
work in progress, and finished goods. Additionally, companies facing elevated SCR. tend to
hold more cash and increase their accounts payable.

We then examine the strategies firms adopt to counteract heightened supply chain risks
and bolster resilience. A Deloitte survey of 600 executives reveals that three-quarters of
responding companies prioritize supply chain resilience, with key improvement enablers in-
cluding dual and multi-sourcing, enhanced demand planning and forecasting, and increased
collaboration with supply chain partners (Deloitte, 2022).2 These strategies underscore the
need for specialists skilled in supply chain management.

Using job posting data from Lightcast, we observe that firms facing higher supply chain
risks in the previous quarter tend to seek more personnel with supply chain management
skills. This pattern is not mirrored in job postings for other skillsets such as finance, health-
care, or design. To ensure that our job posting data specifically reflects responses to supply
chain risks, we construct an index for non-supply-chain risks using the same textual data
and employ this non-SCR index in a placebo test. The results indicate that the demand for
supply chain management skills does not fluctuate with higher non-SCR.

Dual and multi-sourcing are recognized as the most critical practice for enhancing supply
chain resilience, according to the Deloitte survey (Deloitte, 2022). We then explore the role
of hiring supply chain specialists in developing a diversified supplier network. By measur-
ing firms’ stock of specialists based on their recruitment demand over the last 4, 8, or 12

quarters, we find that a larger stock of supply chain specialists helps to reduce geographical

2A similar survey by the McKinsey Global Institute (MGI) among over 100 supply chain managers across
various industries reports that 90% of respondents intend to further enhance resilience, with nearly three-
quarters planning to increase spending on resilience initiatives (MGI, 2022).



concentration and expand the supplier base.

As previously mentioned, firms often maintain substantial inventories and cash in re-
sponse to higher SCR, which can be inefficient and costly. Employing a specialized supply
chain team skilled in demand and supply forecasting can potentially reduce the reliance on
buffer stocks and lower costs. Our findings align with this hypothesis: companies with a
larger stock of such specialists are better equipped to manage supply chain risks, mitigating
the need for inventory or cash buffers when facing elevated supply chain risks.

Our paper contributes to the extensive body of literature that seeks to comprehend and
quantify various variables of interest encountered by corporations (i.e., the supply chain risks
in our context) through the analysis of textual data, e.g., disclosures in financial reports and
conference calls. Researchers have utilized these textual data to develop metrics for firm-
specific idiosyncratic risks (Handley and Li, 2020), trade-policy risks (Benguria et al., 2022;
Caldara et al., 2020), Brexit risks (Campello et al., 2020), climate change (Sautner et al.,
2023; Li et al., 2024), cybersecurity (Florackis et al., 2023), among others. It is a nontriv-
ial task to quantify the variable of interest from large-scale unstructured textual data (Bao
and Datta, 2014). Manual analysis becomes impractical at scale, prompting finance and
social science researchers to adopt automated text analysis techniques (Lazer et al., 2009).
The conventional approach to textual data classification involves the creation of a keyword
set by domain experts, followed by categorizing textual data based on the constructed dic-
tionary (Bao and Datta, 2014). Examples include financial sentiment dictionary (Loughran
and McDonald, 2016), risk dictionary (Hassan et al., 2019), climate change bigrams (Sautner
et al., 2023), etc. The method is straightforward and effective, requiring minimal computa-
tional resources. However, it may not capture all semantic details and could be subject to
the biases of the experts who construct the dictionary. For tasks that require clear keyword
boundaries and limited contextual understanding, dictionary methods are highly effective.
To capture semantic nuances, the literature has increasingly adopted supervised machine

learning (SML), which involves manually labeling a set of documents to train a supervised



classifier, such as deep learning models. Despite offering greater accuracy, SML’s perfor-
mance heavily depends on the availability of high-quality labeled datasets (Zhang et al.,
2022). Recent advancements in large language models (LLMs) provide new opportunities
for automated text analysis, allowing for the extraction of more nuanced insights without
the need for labeled data.

Our work builds on these recent advancements in processing textual data and is closely
related to recent studies by Wu (2023) and Ersahin et al. (2024), both of which construct firm-
level supply chain risk using conference call data, with Wu (2023) employing machine learning
to develop a supply chain lexicon and Ersahin et al. (2024) creating a dictionary by comparing
terminology from supply chain and financial accounting textbooks. Going beyond these
dictionary-based approaches, our paper contributes a novel approach by harnessing the latest
advancements in large language models (LLMs), demonstrating an improvement in supply
chain risk construction. We employ zero-shot prompting with LLMs, which does not require
dictionary and labeled data, thus bypassing the limitations associated with dictionary-based
and SML approaches. This method allows us to analyze a vast array of textual data efficiently
and effectively, providing a more nuanced and comprehensive assessment of supply chain
risks.

Our study also contributes to the nascent literature that applies Al-powered large lan-
guage models (LLMs) to risk measurement. LLMs, particularly through techniques like
zero-shot prompting, offer a powerful new tool for understanding language with subtlety,
though their integration into academic research is still in its early stages (Kim et al., 2023;
Li et al., 2023; Jha et al., 2024; Kim et al., 2024). Our approach integrates the traditional
dictionary method with advanced, open-source LLMs, offering an efficient and cost-effective
solution for analyzing extensive textual data.

Finally, our paper contributes to the literature on the impacts of risks and firms’ responses
in managing such risks (Bloom, 2007; Gulen and Ion, 2015; Kumar et al., 2023; Campello and

Kankanhalli, 2024). Ersahin et al. (2024) provides evidence that companies are more inclined



to pursue vertical mergers and acquisitions when confronted with heightened supply chain
risk. Our research complements this by examining the role of human capital acquisition
as a strategic response to increased supply chain risks and offering preliminary evidence
of the benefits of such an approach. In the vein of our investigation, several studies have
explored the importance of human capital in managing risks across various contexts. For
example, Bana et al. (2022) finds that firms increase hiring in both cybersecurity and public
relations following a data breach. Shu et al. (2024) discover that Chinese companies hit hard
by the trade war tend to hire executives with European backgrounds and marketing skills.
Schneider et al. (2023) demonstrate that banks invest in human capital to manage risk in
the wake of the global financial crisis and the introduction of stress testing.

The rest of the paper proceeds as follows. Section 2 describes our data sources and
methodology used to quantify firm-level supply chain risks. Section 3 presents the validation
tests for our approach. Section 4 examines firms’ strategies for enhancing supply chain

resilience through human capital management. Section 5 concludes.

2 Data and Measurement Construction

2.1 Data

In this part, we introduce the data sources used in our study: SEC Edgar filings, Lightcast
job posting data, and supply chain network data from Factset Revere. These datasets form

the foundation for our analysis of supply chain risks and firms’ responses to these risks.

2.1.1 SEC Edgar Filings

To measure supply chain risks, we use the text of SEC 10-K and 10-Q filings available

in the EDGAR database.® All publicly traded firms in the U.S. are mandated to submit

SEDGAR is created by the US Security and Exchange Commission (SEC) as a database to provide free
public access to information about public companies. It aims to improve the accessibility and efficiency
of corporate filings while also improving the fairness and effectiveness of the securities markets. EDGAR



these annual and quarterly reports to the U.S. Security and Exchange Commission (SEC).
In each document, the firm discusses a series of descriptions on firm business, risk factors,
financial information, management’s discussions, etc. Although standardized in terms of
format, the SEC EDGAR filings are reflective of current business policies and conditions,
making them a reliable source for understanding firm-specific dynamics. We use a publicly
available repository of SEC/EDGAR files from The Notre Dame Software Repository for
Accounting and Finance website (Loughran and McDonald, 2016). This is a cleaned version
by removing irrelevant characters from the original SEC filings. To tailor these documents
to fit our research needs, we further removed page numbers and tables, focusing on text
content only. Our analysis covers a period of over two decades, from 2001 to 2022, and
includes 601,933 reports from 17,595 unique firms.

To ensure the relevance of our data, we limited our dataset to companies that are also
listed in the Compustat database. By merging SEC reports with the Compustat dataset
using the Central Index Key (CIK), we successfully matched 436,362 reports from 14,270
firms. Then, we employed the Natural Language Toolkit (NLTK) library to segment each
document into sentences, discarding those with fewer than ten words to eliminate headings,
table entries, and content lists, which generally provide minimal informative value. After
applying these filtering steps, we compiled a corpus 361 million sentences from 14,270 firms

and form the basis for our analysis of supply chain risks.

2.1.2 Lightcast Job Demand

We rely on job demand data from Lightcast (formerly known as Burning Glass Tech-
nologies) to identify firm-level supply chain related human capital acquisition. Lightcast,
as one of the leading vendors of labor market analytics, claims to cover the near-universe
of job postings in the U.S. It scans more than 40,000 online platforms and tracks over 200

million online job vacancies. Each job posting is parsed and de-duplicated with detailed

contains millions of companies and individual filings, and includes a public company’s various financial
information and business operations in filings required by SEC, such as 10-Ks and 10-Qs filings.



information on job title, employer name, industry code, occupation code, location, and more
importantly, the skills required for the job. The skill requirements are mapped to a detailed
taxonomy with 3 hierarchical levels including skills, skill clusters, and skill cluster families.
In detail, there are approximately 16,000 skills nested within 658 skill clusters which are
further nested within 28 skill cluster families.

Job-level skill requirements data has been used to track the diffusion of technology and
human capital. As supply chain related tasks require highly specialized human capital,
Lightcast database serves as a desirable candidate to construct firm-level acquisition of supply
chain skills. We extract information regarding firm’s investment in and adoption of supply
chain skills, and propose a skill-based measure of supply chain skill demand at the firm level.
To this end, we first assess whether a given set of job taxonomy elements (i.e., skill, skill
cluster, and skill cluster family) is pertinent to supply chain. The underlying idea is applying
zero-shot prompting of GPT-4 to classify whether a set of job taxonomy elements is related
to supply chain (Chung et al., 2022). This method identifies 841 unique supply chain skill

sets, allowing us to compute the supply chain (SC) skill investment by

1 - 1{SC skill required}

k Number of skills required,;;,

N; ’

SC Skill Investment;; =

where i,t and k index firm, time (year-quarter), and job posting, respectively. N is the
total number of job postings for firm ¢ in its quarter ¢. For job posting k in a specific quarter,
Number of skills required,,;, is the total number of required skills and 1{SC skill required } s
indicates whether any of the required skills is related to supply chain. Specifically, if a
posting requires multiple skills, its weight will be reduced accordingly. For example, if a
posting requires three skills and one of them is related to supply chain, we will assign a
weight of 1/3. Last, for the sake of robustness and to conduct placebo tests, we apply the
same classification method to differentiate between finance, healthcare and design skills.

To bridge the Lightcast data with Compustat records, we use a fuzzy name and address



matching approach following Bai et al. (2021). This method takes into account discrepan-
cies in naming conventions between parent companies and their subsidiaries, significantly
enhancing the match rate. As a result, we matched more than 4,000 unique firms (from

BGT firm name to GVKEY) spanning from 2010 to 2022.

2.1.3 Supply Chain Networks

To analyze the spread of supply chain risks across supply chain networks, we use the
FactSet Revere database to gather information on firms’ production networks. FactSet
Revere compiles data from various public sources, including annual and quarterly reports,
investor presentations, company websites, and press releases, providing one of the most
comprehensive datasets on firm-level supplier-customer relationships. The data spans from
January 2003, when the database was established, to 2022, aligning with the timeframe of
our supply chain risk index. It includes the start and end dates of each supplier-customer
relationship, which we use to create a quarterly dataset. A relationship is considered active
in a given quarter if its duration overlaps with that quarter.

We merge the FactSet Revere data with Compustat North America quarterly data using
the Committee on Uniform Securities Identification Procedures (CUSIP) code to obtain
firms’ financial indices. We then merge this with our supply chain risk index using the Central
Index Key (CIK) at the quarterly level. Financial firms (NAICS code 52) are excluded from
our analysis. Over this period, we have 653,540 firm-supplier quarterly relationships matched

to the supply chain risk index, covering 4,101 firms with 114,183 firm-quarter observations.

2.2 Measuring Supply Chain Risks

To quantify supply chain risks from annual and quarterly reports, we employ large lan-
guage models (LLMs) to analyze the semantic content of sentences for indications of supply
chain risks. However, the high computational cost of LLMs makes it impractical to directly

process all 361 million sentences in our sample with a LLM. To address this, we break it



down into two tasks: identifying whether a piece of text pertains to risks (task T1) and
supply chain (task T2).

Task T1 deals with the identification of risks. Expressions of risks typically revolves
around specific keywords and a well-developed dictionary exists in the literature (Hassan
et al., 2019). For this task, we adhere to the literature and employ the aforementioned
dictionary to sift through the text for sentences relevant to risks.* Specifically, the dictionary
of risks includes 138 words that signify risks (for instance, “threat” and “unsure”). A sentence
is classified as relevant to risks if it contains any of these keywords. Upon completing task
T1, there remains a total of 26.8 million sentences that are indicative of risks.

Task T2 pertains to the recognition of text related to supply chains, which is a consider-
ably more diverse and multifaceted subject. It incorporates terms across a broad spectrum of
areas, from sourcing and raw materials to logistics (Wu, 2023). To the best of our knowledge,
Wu is the first to propose a supply chain dictionary using a NLP technique known as word
embedding (Mikolov et al., 2013). However, such a dictionary-based approach completely
ignores the semantic of sentences, which is crucial given the complex nature of supply chains.
For instance, the sentence “additional risks are present related to our pipeline that traverses
areas in Florida where karst conditions exist” (first example in Table 2) may not be identi-
fied as relevant to supply chains using dictionary methods as it does not include any words
of the supply chain dictionary, despite its clear relevance once the sentence is semantically
interpreted.

To take into account the semantic information, recent literature refers to the supervised
machine learning (SML) approach. However, the performance of SML hinges heavily on the
availability of moderately large and high-quality labeled datasets (Zhang et al., 2022). In
addition, it may suffer from the biases embedded in the labeled datasets. In this research,
we explore a hitherto untapped approach—zero-shot prompting of LLMs (Liu et al., 2023).

This NLP method designs task-specific prompts to adapt pre-trained LLMs to a specific

4The decision to not implement a zero-shot prompting approach as in task T2 is due to the considerable
computational resources required by such large language model-based methodologies.
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task, without requiring additional training or labeled datasets. An intuitive example to
understand such an approach is directly asking ChatGPT whether a sentence is related to
supply chain or not. An ideal case would be processing all 26.8 million sentences from task
T1 using a cutting-edge LLM like ChatGPT. However, due to the limited availability of
ChatGPT (or other fee-based cutting-edge LLMs) to process huge amounts of sentences, we
chose to use Google’s FLAN-T5 model instead (Chung et al., 2022). FLAN-T5 is a state-
of-the-art language model in the T5 (Text-to-Text Transfer Transformer) family, designed

4

for various NLP tasks. It distinguishes itself by being trained in a “zero-shot” or “few-
shot” learning setting, meaning it can understand and execute tasks with no or just a few
examples. As larger models are usually associated with better performance, we use the one
with a vast number of parameters (i.e., Flan-T5-XXL?). This model serves as an efficient
approximation of the more advanced, fee-based LLMs. We will validate the performance
of the Flan-T5-XXL model in our setting in Section 3. In our context, to judge whether a
sentence pertains to supply chain, we compose a specific prompt for this task, as shown in

Table 1, and input it into the Flan-T5-XXL model. A sentence is classified as “related” if

the model generates “yes”, and “unrelated” otherwise.
[Insert Table 1 here]

We use two real-world examples to demonstrate the superiority of our proposed approach
over the dictionary method. Table 2 presents positive and negative sentences w.r.t. supply
chain relevance. For the first sentence, both human evaluation and our proposed approach
classify it as pertaining to supply chain as it highlights a specific risk associated with the
pipeline, a physical infrastructure that is crucial to the supply chain network. Yet, it does
not contain any explicit supply chain terminology. In such a scenario, the dictionary method
fails to correctly identify its relevance, due to its inability to grasp the semantic essence of

the sentence. In the second sentence, human evaluation and our model both categorize it as

Shttps://huggingface.co/google/flan-t5-xx1
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unrelated to the supply chain. Yet, the dictionary-based approach categorizes it as related to

the supply chain because “operator” and “prospect” are listed in the supply chain dictionary.
[Insert Table 2 here]

Leveraging dictionary methods for task T1 and LLM prompt engineering for task T2, we
devised an index of supply chain risks (SCR) at the firm-quarter level, from the quarterly
report in the SEC Edgar filings (as introduced Section 2.1.1). Specifically, in task T1, we
first filter out sentences that are irrelevant to risks. As a results, the quarterly report of
each firm contains on average 609 sentences (SD=548.2, MIN=0, MAX=23, 819) pertaining
to risks. Then, for each sentence, task T2 assesses its relevance to supply chain. Last, for
each firm, the quarterly index is defined as the proportion of words related to SCR. in the
quarterly report. This is calculated as the ratio of words in SCR-relevant sentences to the

total word count:
> i1 I{SCR-related };r; * NWi; 1
NW,;, ’ .

SCR@ ==

where i, ¢, and j index firm, quarter, and sentence in each quarterly report, respectively.
NW;; indicates the word count of quarterly report for firm ¢ in its quarter . For sentence
J in the quarterly report, NW;;; is the number of words and 1{SCR-related};; refers to its
relevance to SCR, which equals to 1 if the sentence is related to SCR, and 0 otherwise. The
average SCR index is 0.8%, indicating that, on average, words related to SCR account for
0.8% of the total words in a report.

To conduct placebo tests, we define a similar index, called Non-SCR, which focuses on
the sentences that are related to risks yet irrelevant to supply chain. Formally, the Non-SCR

index is defined as:

> - I{Risk-related, SC-unrelated };;; * NWy;
, : (2)
NWzt

NOH—SCRit =

where 1{Risk-related, SC-unrelated};; equals to 1 if the sentence talks about risks yet is
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irrelevant to supply chain, and 0 otherwise. NW;; and NW;;; are similarly defined as in the

definition of SCR.

2.3 Summary Statistics

Thus far, we have introduced the data sources used in our research and harnessed the
power of LLMs to quantify the supply chain risks at the firm-quarter level. Table 3 presents
the summary statistics of the SCR indices, firm level control variables, and job posting
data. All variables are at quarterly frequency and have been winsorized at the 1st and
99th percentiles to mitigate the impact of outliers. The SCR (Wu) index replicates the
dictionary-based approach described by Wu (2023) where the dictionary was extracted using
word embedding techniques. Inventory/Asset represents the ratio of inventory to total assets.
Tobin’s Q is defined as the market value of common stock plus total assets, minus the book
value of common equity, all scaled by total assets (Younge and Marx, 2012). Size is the
logarithm of total assets. ROA (return on assets) is defined as net income divided by total
assets. Supply chain skill-related job (ratio) is the proportion of job postings requiring
supply chain-related skills scaled by the total number of job postings. Hiring in the past
four quarters is measured as the logarithm of the postings requiring supply chain skills during

that period, as defined in Section 2.1.2.

[Insert Table 3 here]

3 Validation Tests of Measure

Similar to the literature (Wu, 2023), we economically validate the constructed measure us-
ing a multi-pronged approach, including comparing with baselines and human-labeled data,
visualizing and interpreting supply chain risks over time and across industries, analyzing the
sensitivity of our index to trade war, and showing the positive correlation of suppliers’ and

customers’ supply chain risks.
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3.1 Comparison with Baselines and Human-Labeled Data

To validate the performance of our proposed approach, i.e., zero-shot prompting using
Flan-T5, we manually labeled a small set of sentences and treat this manually-labeled dataset
as ground truth to compare our approach with dictionary method (Wu, 2023). Specifically,
we randomly sampled 1,500 sentences from all risk-related sentences obtained in task T1
and two raters with necessary domain knowledge dedicatedly labeled them. The consistency
rate is 92.3%, which means that two raters agreed with each other on 92.3% of the sentences.
The Cohen’s kappa score between the labels is 62.32%, suggesting moderate level of agree-
ment (McHugh, 2012). In cases of inconsistent annotations, two raters reach a consensus
through discussion.® Using the above human-labeled data, we benchmark the proposed ap-
proach against the dictionary method (Wu, 2023),” across several metrics including F1 score,
ROC AUC, accuracy, precision, and recall.® As displayed in Table 4, our proposed approach
significantly outperforms the dictionary method across all metrics.

To further assess whether Flan-T5-XXL stands as a strong candidate against leading
closed-source large language models (e.g. ChatGPT), we conducted a comparative analysis
with GPT-4. We used the same prompt for both models (see Table 1) to label the previously
sampled 1,500 sentences. The consistency rate is 94% and F1 score is 61.86%, suggesting
superior performance given that this is an extremely imbalanced classification task. Although
Flan-T5 is an open-source model, it acts as an efficient approximation of the more advanced,

fee-based large language models.

[Insert Table 4 here]

6Note that, our data is extremely imbalanced—of all risk-related sentences, only approximately 6% of the
sentences pertain to supply chain. We argue that a Cohen’s kappa score of 62.32% is an acceptable value in
our case.

"The original code and dictionary are not publicly accessible. Thus, we replicate the method based on
the descriptions provided in the paper. All elements remain the same except that the 75,000 annual reports
used to train word embedding model are randomly sampled from the period between 2001 and 2021 while
they were drawn from the period between 1994 and 2009.

8For imbalanced data, metrics such as accuracy, precision, and recall may not provide much insight (Wei
et al., 2022). They are reported here for reference.
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It is important to note that, in our comparison, the F1 scores are not as high as those
found in some traditional tasks like sentiment analysis (Medhat et al., 2014), due to a
few reasons: 1) Unlike many artificially balanced datasets, we employ random sampling
from the original context, preserving the inherent imbalance and increasing the practical
interpretation and implication; 2) The task of identifying sentences related to supply chain
is more challenging given the diverse and multifaceted nature of supply chain language. Last,
we would like to emphasize that despite the moderate performance of the proposed approach,
which may potentially lead to an underestimation of the significance level in our empirical

study, our findings presented in Section 4 retain their statistical significance.

3.2 Supply Chain Risks Over Time and Across Industries

To demonstrate the validity of our constructed index, we visualized the quarterly supply
chain risks across industries from 2001 to 2022 in Figure 1. We marked the major events
likely to influence supply chain dynamics. The average supply chain risks across all industries
is 0.8%, indicating that, on average, sentences about supply chain issues comprise 0.8% of
the total words in the report.

To enhance our understanding of how supply chain risks varies across industries, we
refer Wu (2023) to classify firms into the manufacturing and services sectors based on the
North American Industry Classification System (NAICS) 2-digit codes. Firms within the
manufacturing sector are identified by NAICS 2-digit codes 31, 32, and 33. Meanwhile, the
service sector encompasses firms with NAICS 2-digit codes 51, 52, 53, 54, 55, and 56. Our
findings reveal that the manufacturing sector exhibits a higher average supply chain risks
of 1.17%, compared to 0.24% in the services industry. This difference is expected due to
the manufacturing sector’s higher reliance on global resources. Notably, the index for the
manufacturing industry reached a peak of 1.92% in the last quarter of 2022, which suggests
that, on average, statements regarding supply chain risks accounted for 1.92% of the report’s

content during that period. The responsive surge following the supply chain disruptions

15



(especially trade war and COVID-19) clearly suggests the validity of the constructed index,
even after we applied a moving average to eliminate seasonal fluctuations. Moreover, the
decrease in index after China joined the WTO reflects the resolution of supply chain risks,

which our measure also captures.

[Insert Figure 1 here]

3.3 The Supply Chain Risks after the Trade War

In this subsection, we validate our index by investigating whether firms that were hit
harder by the trade war faced a larger increase in the supply chain risks index. On March 22,
2018, the Trump administration unexpectedly issued a presidential memorandum proposing
a tariff increase on Chinese imports. The US-China trade war is the largest trade conflict,
leading to tariff increases on about 350 billion of Chinese goods. The trade war roughly has
five rounds, resulting in the average tariff increasing from 3.1% in 2017 to 21.0% in 2020.
Table A1 in the Appendix shows the number of products (measured by Harmonized System
(HS) Codes), the value of imports of these covered products, and the tariff increase in each
round.

The US-China trade war had destructive effects on US firms’ production networks, cre-
ating a lot of uncertainty and risks for firms, as shown in Figure 1, especially for firms in
industries that were hit harder by the trade war. To further validate our index, we inves-
tigate whether firms that were hit harder by the trade war faced a larger increase in the
supply chain risks index. We construct two indices about the trade war shock to provide a
comprehensive analysis of how the trade war influences supply chain risks across different
companies. The first index aggregates the product-level tariff to the industry level (measured

by the first 4 digits of NAICS code) using the import value of each product before the trade
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war as weights. The detailed construction process is shown in the following formula:

. ij
Tariff increase;; = I;Ej [m A Tpt]
where 7,; indexes tariff in year ¢ for product p; Xj, indexes the average Chinese import value
from 2013 to 2017 for product p in industry j; £} represents all the products imported from
China in industry j.

The second index uses companies’ stock market reactions in the four-day window around
March 22, 2018, the most significant date in the US-China trade war (Huang et al., 2023).
Specifically, we define a dummy variable Large trade war shock, which equals to 1 if the firm’s
raw stock market return in this window is negative.” This index could capture the stock
market’s expectations about how badly the firm would be affected by the trade war and has

some advantages as a trade shock measure (Greenland et al., 2022; Shu et al., 2024).
[Insert Table 5 here]

Table 5 presents the results. The first three columns employ our first index of trade
war shock. Column (1) shows the effect of tariff increases on SCR without any controls
or fixed effects. Unsurprisingly, firms in the industries that had a larger increase in tariff
faced a higher supply chain risks. The results are robust no matter whether we add industry
fixed effects to control for industry-level invariant characteristics, year-by-quarter time fixed
effects to control for aggregate time-varying fluctuations or firm-level control variables or add
firm-level time-variant controls (including firm size, ROA, Tobin’s Q, and leverage). These
results imply that our SCR index captures the right information.

The last three columns in Table 5 present the difference-in-differences result taking firms
with negative stock market returns as the treatment group (hit harder by the trade war

shock). On average, firms in the treatment experienced a 0.112 standard deviations increase

9The results are similar but slightly weaker if we define the dummy variable as equal to 1 for those whose
raw stock market returns is this window are below the median.
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in SCR compared to those hit less hard.!® These results suggest that our supply chain risk
index successfully captures the large impacts of the trade war on disrupting firms’ supplier

network, resulting in a higher level of SCR.

3.4 Positive Correlation of Suppliers’ and Customers’ Supply Chain
Risks

We further validate our measure by examining the spread of supply chain risks between
suppliers and customers. Since firms are linked to each other in the production networks, if
suppliers in the upstream or customers in the downstream face higher SCR, it may transfer
to firms themselves. Therefore, we investigate the correlation between firms’ own SCR and
their suppliers’ and customers’ SCR as another validation test. We aggregate the SCR
indices of all the suppliers (customers) of a given firm in each quarter to the firm level to

construct suppliers’ (customers’) SCR.M
[Insert Table 6 here]

Table 6 presents the results. The first three columns show a strong and robust correlation
between suppliers’ SCR and firms’ own SCR, no matter whether we add the firm, time fixed
effects, or control for firms’ size and performance. When the suppliers’ SCR is higher, firms’
own SCR will also go up. Similarly, when the firm’s customers’ SCR is at a high level, it
also correlates with a high level of the firm’s own SCR, as is shown in column (4) to (6).
These results suggest that our index indeed captures risks about the supply chain, otherwise,
it should not have such a strong correlation for the supplier-customer pairs. As a placebo
test, in the following six columns, we replace suppliers’ SCR with Non-SCR index. The

construction of Non-SCR is presented in Equation 2. The results show that firms’ SCR is

10We confine our sample to the period from 2013 to 2022, as we aim to offer a comprehensive and balanced
timeframe before and after the trade war shock.

Since in the Factset dataset information about the sales between firms is mostly missing, we do not use
weight in such aggregation process.
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not correlated with either the suppliers’ or customers’ non-supply-chain-related risk index,
which strengthens our results and suggests that our SCR index indeed captures the risks
along the supply chain rather than any random or aggregate risks. Instead of aggregating
the SCR of all suppliers and customers to the firm level, Table A3 in the appendix conducts
analyses at the supplier-customer relationship level and finds similar positive correlations

between firms’ own SCR and SCR of their suppliers or customers.

3.5 Variance Decomposition of Supply Chain Risks

In this subsection, we decompose the variance of supply chain risks (SCR) to investigate
the contribution of diverse factors to SCR. Our analysis encompasses the SCR index that
tracks 14,270 firms across 367 industries (NAICS 4-digit), spanning from 2001 to 2022. This

dataset comprises 436,362 observations.
[Insert Table 7 here]

Table 7 presents the variance decomposition of SCR, examining the extent to which
different factors contribute to SCR. Economy-wide shocks, as captured by time-fixed ef-
fects, have a minimal impact on SCR, explaining approximately 2.5 percent of the variance.
This suggests that broader economic trends play a limited role in SCR fluctuations. In
contrast, four-digit NAICS industry fixed effects can explain 22.3 percent of SCR, suggest
industry-level shock can explain a quite large proportion of SCR. After adding both time and
industry-fixed effects, the R-squred increases to 24.8 percent. Thus our measure captures
aggregate and sectoral fluctuations while leaves substantial residual variation (75.2 percent)

for identification.

4 Building Resilient Supply Chains

In this section, we analyze what strategies firms take, how firms build resilient supply

chains, and whether it works in the face of higher SCR. We start by investigating the cor-
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relation between SCR and a firm’s characteristics. Following this, we examine the impact
of SCR on firms’ inventory, trade credit, and cash holdings. Finally, we explore how firms
can actively manage supply chain risks, focusing on the acquisition of human capital with

supply chain management skills and evaluating the effectiveness of these strategies.

4.1 Supply Chain Risks and Firm Characteristics

This section explores the variation of SCR across firms with different characteristics.
Specifically, we regress the firm-level SCR on a set of firm characteristics commonly related
to risk exposure, including (1) a dummy variable indicating whether firms belong to manu-
facturing, (2) whether firms belong to service, (3) the one-quarter-lagged SCR, (4) firm size,

(5) market value, (6) the value of property asset, and (7) Tobin’s Q.
[Insert Table 8 here]

Consistent with expectation, the regression results show that overall the manufacturing
sector has higher SCR, while service sector has lower SCR compared to the rest of sectors.
It is noteworthy that SCR is highly persistent as the correlation between the current SCR
and one-quarter-lagged SCR is quite high, as shown in column (3). This strong correlation
suggests that supply chain uncertainties are likely to remain stable over time and persist
from one quarter to the next. Interestingly, larger firms, as measured by the value of assets,
market value, and property assets, tend to have higher SCR indices as indicated in column (4)
to (6). This trend might be attributed to the fact that larger companies typically manage
more complex supply chains, spanning numerous countries and involving a vast network
of suppliers. This complexity makes them more vulnerable to supply chain uncertainties.
Furthermore, the analysis also uncovers a negative correlation between SCR and Tobin’s Q
as shown in column (7), indicating that an increase in the market’s valuation of a firm’s
assets relative to their replacement cost correlates with higher supply chain risks. A higher

Tobin’s Q may indicate that investors expect strong future performance. In such cases, firms
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may be under pressure to meet high expectations, which can amplify vulnerabilities in their
supply chain (Bloom, 2009). This finding highlights the potential impact of supply chain

risks on investor perception and firm valuation.

4.2 Firm-level Responses: Inventory and Cash Holding

In this subsection, we refer Wu (2023) to examine how the SCR index correlates with
actions that firms typically undertake in response to supply chain risks. Intuitively, if the
SCR index indeed captures supply chain risks well, it should be correlated with typical

’

operational ”buffers,” such as inventory, cash holding, etc (Lins et al., 2010). From the large
literature on inventory management, we know that higher supply chain risks lead to higher
inventory buffer, including raw material and intermediate goods (Wu, 2023). To compare

our findings with existing literature, we use the following identification to quantify the effect:

Yijp=a+0-SCRjp1+ 7 Xijt + 0j + 0t + €55t

where Y;;; represents multiple variables of interest, including inventory, cash holding, trade
credit. SCR;;,—1 denotes the supply chain risks faced by the firm in the previous quarter. X
is a set of control variables, including firm size (logarithm of total assets), return on assets
(ROA), Tobin’s Q, and leverage. d; represents the NAICS 4-digit industry fixed effect used to
control the influence of industry-specific attributes on the estimation. d; represents the year
by quarterly fixed effects used to control the influence of macro shocks on the estimation.
The results of our analysis are presented in table 9. Consistent with theoretical predic-
tions, column (1) demonstrate a robust positive correlation between supply chain risks, as
measured by the SCR index, and inventory levels. Specifically, a one standard deviation
increase in the SCR index from the previous quarter results in a 0.602% rise in inventory
as a percentage of total assets. To explore further, we decompose total inventory into three

distinct categories: (1) Raw Material, (2) Work in Progress, and (3) Finished Goods. Our
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analysis reveals that the SCR index is significantly correlated with all three types of inven-
tory. These results show the influence of supply chain risks across different stages of the

production cycle.
[Insert Table 9 here]

After that, we investigate the correlation between the SCR and cash holding. Consistent
with previous findings, column (5) shows a strong and positive correlation between cash
holding and the SCR from the previous quarter. This suggests that firms facing higher
supply chain risks increase their cash buffer to hedge against the risk. Similarly, we find
that SCR is positively related to accounts payable, consistent with the finding that firms
purchase more inventories in the face of higher supply chain risk. We do not see a significant
relation between SCR and accounts receivable.

As a placebo test, we employ Non-SCR index constructed in Equation 2 as our key
explanatory variable. Intuitively, firms’ inventory should not be correlated with Non-SCR,
while cash holding and trade credits may correlate with it. Results in Table 10 confirm the
predictions. Columns (1)-(4) show that firms’ inventory variables are actually negatively
correlated with Non-SCR instead of being positively correlated as shown in Table 9. This
may be due to that firms reduce production and investment in the face of higher risks which
then decreases the inventory level. Similar as responses to supply chain risk, firms also
increase cash holding and accounts payable to hedge again higher non-supply chain risks

from the previous quarter.

[Insert Table 10 here]

4.3 Enhancing Supply Chains Resilience: Human Capital Acqui-
sition

This section studies how SCR influences firms’ recruitment decisions. Intuitively, as

firms are more vulnerable to (supply chain) shocks when facing supply chain risks, they
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might hire more people to ensure continuity of operations, maintain supplier relationships,
manage risks and crisis, and control cost. Thus we expect that supply chain risks is positively
correlated with firms’ hiring strategy in specialists with supply chain management skills. To
examine this relationship, we first plot a non-parametric bin scatter of supply chain skill
investment relative to supply chain risks as in Figure 2,2 where each circle represents the
mean supply chain risks within bins optimally selected following (Cattaneo et al., 2024) and
firm characteristics and time (year-quarter) and indsutry (2-digit NAICS) FEs are controlled

for. The plot shows a clear positive relationship which confirms our hypothesis.

[Insert Figure 2 here]

We employ the following identification strategy to quantify the impact:

JObRatiOijt =+ ﬁ . SCRij,t_l + v Xijt + 5]‘ + 515 + 6z’jt

where JobRatio;;; is the ratio of posting requiring a certain skill to all job postings made
by by the firm ¢ in industry j during the quarter t. We weight the supply chain postings
based on the number of skills required in each posting. A job posting requiring more skills
is assigned a lower weight for each skill category. SCR;;;—1 denotes the supply chain risks
faced by the firm in the previous quarter. X is a set of control variables, including firm size
(logarithm of total assets), return on assets (ROA), Tobin’s Q, and leverage. §; represents
the NAICS 4-digit industry fixed effect used to control the influence of industry-specific
attributes on the estimation. d; represents the year by quarterly fixed effects used to control

the influence of macro shocks on the estimation.

[Insert Table 11 here]

Column (1) in Table 11 shows the results of the influence of SCR on firms’ job postings

that require supply chain-related skills. Consistent with results in Figure 2, column (1)

12\We also document a rising demand for supply chain expertise over the sample period.
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shows that demand for supply chain skills increases by 0.1% with one standard deviation
increase in SCR. This indicates firms experiencing higher level of supply chain risks hire
more human capital specialized in managing these challenges. Columns (2) to (4) show the
results of placebo tests, confirming that the rise in SCR specifically increases the demand for
supply chain-related jobs rather than for jobs requiring other specialized skills. Specifically,
we demonstrate SCR’s increase does not significantly affect job postings in either Finance,
Healthcare or Design sectors. This result aligns with our findings and suggests that the
increase in SCR primarily pushes up the demand for employees with supply chain-related
skills rather than other specialized skills.

To further rule out the possibility that the hirings with supply chain skills were driven
by aggregate level of risks or other types of risks rather than supply chain risks, in column
(5) to (8) of Table 11, we replace SCR with an index that indicates the risks not related
to supply chains (non-SCR) using the same textual data. We find that firms’ hiring with
supply chain management skills do not positively respond to other types of risks (non-SCR).
Firms’ hiring in other types of skills (finance, healthcare, and design) is not positively related
to non-SCR, either. These results suggest that firms demand more human capital with a
specialization in supply chain management when firms face higher supply chain risks.

Following this, we delve deep into whether firms’ hiring decisions could help them build
a more resilient supply chain and then operate more efficiently. According to the survey
by Deloitte (2022), the most important practice in enhancing supply chain resilience firms
have taken is to have dual and multi-sourcing and geographic diversification of suppliers,
while all of these require specialists with supply chain management skills to coordinate
and build. Hence, we first investigate whether the stock of human capital specializing in
supply chain management helps companies connect to more suppliers and reduce geographic
concentration.

Table 12 presents the results. We use the number of a firm’s job postings in the past 4

quarters that require skills related to supply chain management as the proxy for a firm’s stock
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of human capital in supply chain management. Tables A4 and A5 in the Appendix consider
alternative measures of such stock using the number of job postings in the past 8 and 12
quarters and find similar results. The first three columns focus on the impacts of such stocks
on the number of suppliers, showing that when the stock of human capital with supply
chain skill increases by 1%, the number of suppliers will increase by 0.073%. This effect
is significant after controlling for the effects of time, industry, and firms’ characteristics.
In the last three columns, We focus on the impacts of such human capital stock on the
geographic concentration of firms’ suppliers measured by the Herfindahl-Hirschman Index
(HHI) of a firm’s suppliers across countries. The results demonstrate that having a large stock
of human capital in supply chain management significantly reduces supplier concentration
across countries. These two sets of results suggest firms’ strategy in hiring more talents

specializing in supply chain management indeed helps firms enhance supply chain resilience.
[Insert Table 12 here]

Given that occupying a large stock of human capital in supply chain management strength-
ens the resilience of the supply chain network, firms may not need to hold a large stock of
inventory and cash as a buffer even in the face of higher SCR, as holding such buffer is
usually inefficient and costly. To test such effects, in Table 13, we interact the SCR with
firms’ stock of talents in supply chain management. Consistent with results in Table 9, we
find that firms increase inventory and cash holding when SCR is high. However, for those
with a larger stock of such human capital, the incentive of holding inventory buffers is lower,
as the coefficient of the interaction is significantly negative. When we decompose inventory
into different types: raw material, work in progress, and finished goods, we find the effect
mainly concentrates on finished goods. Similarly, the incentive of holding more cash holding
is also lower when firms have a larger stock of human capital in supply chain management.
Column (6) further demonstrates that firms with a larger stock of such human capital tend
to have higher accounts payable, which may be caused by the increased bargaining power

with their suppliers. Furthermore, we conduct robustness checks in Tables A6 and A7 of
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the Appendix using the number of job postings in the past 8 and 12 quarters and find similar
effects. These results suggest that firms’ strategy of hiring more talents with skills in supply

chain management helps firms operate more efficiently.

[Insert Table 13 here]

5 Conclusion

This paper constructs a firm-level index to measure supply chain risks by analyzing
firms’ annual and quarterly reports, primarily using zero-shot prompting of large language
models (LLMs). We validate our index through several methods, including comparisons with
baselines and human-labeled data, visualizing and interpreting supply chain risks over time
and across industries, analyzing the index’s sensitivity to trade wars, and demonstrating a
strong positive correlation between the supply chain risks of suppliers and customers.

We then examine how firms respond to increased supply chain risks. Our findings show
that firms tend to hire more specialists in supply chain management when their supply
chain risks rise. This strategy enhances supply chain resilience, as a larger stock of human
capital in supply chain management leads to a greater number of suppliers and reduces the
geographic concentration of those suppliers. Additionally, having a more substantial pool
of such specialists improves operational efficiency by lowering the need to maintain larger
buffers of inventory and cash, even in the face of heightened supply chain risks.

In the future, researchers could further validate the zero-shot prompting approach by:
(1) examining its robustness across different large language models (e.g., BERT, Flan-T5,
BART), and (2) comparing it with other existing methods (e.g., dictionary-based methods
and supervised machine learning) and alternative measures in terms of their responsiveness to
external shocks. Additionally, researchers could explore the implications of supply chain risks
by linking the proposed index to more dependent variables, such as stock market returns, to

provide more actionable insights for the supply chain management community.
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Figures

Figure 1: Average Supply Chain Risks
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Note: This figure shows the average quarterly supply chain risk (SCR) across various industries from 2001 to
2022. The quarterly average SCR. is calculated using an equally weighted moving average, incorporating the
current quarter and the previous three quarters. The green line shows the average SCR across all industries.
The red line indicates the average SCR, for manufacturing firms with 2-digit NAICS industry codes 31, 32,

and 33. The blue line represents the average SCR. for service sector firms with 2-digit NAICS codes 51, 52,
53, 54, 55, and 56.
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Figure 2: Supply Chain Risk and Supply Chain Skill Acquisition

.05 .055
1 1

Share of Job Postings Requiring Supply Chain Skills
.045
1
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Supply Chain Risks (SCR)

Note: This figure shows the relationship between supply chain risks and firms’ investment (share of job
postings) in supply chain skills. Each circle on the graph represents the average investment in supply chain
skills measured by following Cattaneco et al. (2024)
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Tables

Table 1: Prompt to Classify Whether a Sentence is Related to Supply Chain

You are an expert at classifying whether a sentence in financial report relates to supply
chain. Your job is to classify the provided sentence into one of the following labels: yes,
no.

You will return the answer with just one element: “the correct label”

Now I want you to label the following example:

Example: {sentence to classify}

Label:
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Table 2: Positive and Negative Sentences w.r.t. Supply Chain Relevance

Ground Proposed Baseline
Truth

Additional risks are present related to our
pipeline that traverses areas in Florida where 1 1 0
karst conditions exist

Our insurance may not protect us against

operating risks, including an operator of a

prospect in which we participate failing to
maintain or obtain adequate insurance

Note: The label refers to whether the sentence is relevant to supply chain. The first column presents human-
labeled results, the second column shows results generated by our proposed method, and the third column
displays results from a dictionary-based method.
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Table 3: Summary Statistics

N Mean  p50 pl0 P90 SD

SCR 436,362 0.008 0.003 0.000 0.022 0.011
SCR (standardized) 436,362 0.017 -0.428 -0.661 1.368  1.008
Non-SCR 436,362 0.100 0.092 0.046 0.165 0.048
Non-SCR  (standard- 436,362 0.000 -0.163 -1.120 1.354  0.991
ized)

SCR (Wu) 436,362 0.019 -0.265 -0.869 1.369  1.005
Inventory/Asset 436,362 8510 1.497 0.000 26.629 13.156
Raw Materials/Assset 236,211 2.580 0.000 0.000 8.328  4.927
Intermediate 234,615 1.237 0.000 0.000 4.077  2.910
Goods/Asset

Finished Goods/Asset 237,001 3.953 0.000 0.000 12.165 7.747
Cash/Asset 436,313 21.059 9.649 0.955 63.550 25.511
Account Payable/Asset 432,887 24.467 6.386 0.942 73.237 64.122
Account Receiv- 314,861 12.744 9.055 0.000 29.344 14.175
able/Asset

Tobin’s Q 436,362 6.863 1.473 0.937 6.069 29.143
Leverage 410,216  0.445 0.178 0.000 0.669  1.346
Size 436,362 5.545 5905 1.676 8.983  2.926
ROA 436,362 -0.091 0.006 -0.160 0.042 0.464
From the Ligthcast Dataset:

Supply chain skills re- 101,463 0.033 0.014 0.000 0.087  0.050
lated job (ratio)

Design skills related job 101,463 0.063 0.035 0.000 0.161 0.091
(ratio)

Finance skills related 101,463 0.038 0.004 0.000 0.093 0.105

job (ratio)
Healthcare skills related job (ratio) 101,463 0.012 0.004 0.000 0.029 0.031

Hiring in the past 4 quarters 109,811 1.621 0.892 0.000 4.450 1.855
Hiring in the past 8 quarters 99,072  2.088 1.474 0.000 5.180 2.070
Hiring in the past 12 88,312 2421 1900 0.000 5.635 2.187
quarters

Note: This table presents a summary of key indicators related to supply chain risks, inventory levels, cash
holdings, trade credits, and control variables. It also includes the ratio of skill categories in firms’ job
postings. The data covers 14,270 unique firms over the period from 2001 to 2022.
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Table 4: Performance of Proposed Approach vs. Baseline

Accuracy Precision Recall F1 Score ROC AUC
Proposed approach 93.80 75.53 53.19 61.72 75.60
Baseline (Wu, 2023) 90.70 51.11 24.47 33.09 61.02

Notes: Accuracy represents the percentage of correct predictions made by the model. Precision measures
the proportion of correct positive predictions (true positives) out of all positive predictions, including both
true positives and false positives. Recall, also known as the true positive rate, refers to the proportion of
actual positives correctly identified by the model. The F1 score is the harmonic mean of precision and
recall, providing a balanced measure that considers both false positives and false negatives. The ROC AUC
(Receiver Operating Characteristic - Area Under the Curve) quantifies the area under the ROC curve, which
plots the true positive rate against the false positive rate at various thresholds. A higher ROC AUC value
indicates better model performance.

Table 5: Trade War and Supply Chain Risks

(1) (2) (3) (4) (5) (6)
Supply Chain Risk

Tariff increase at the industry level — 3.660*** 1.190*** 1.168***
(0.152)  (0.228)  (0.223)

Large trade war shock x post trade 0.123%#*%  (.129%**  (.112%**
war
(0.029) (0.028) (0.031)
Large trade war shock 0.024 0.071%* 0.037
(0.036) (0.034) (0.036)
Log (total assets) 0.072%** 0.046%**
(0.007) (0.008)
ROA 0.013 0.269%**
(0.012) (0.093)
Tobin’s Q 0.001*** 0.003
(0.000) (0.002)
Leverage -0.005 -0.051
(0.003) (0.042)
Observations 159,509 159,508 143,957 93,753 93,753 85,873
Adjusted R-squared 0.049 0.204 0.228 0.018 0.238 0.228
Industry FE No Yes Yes No Yes Yes
Year by quarter FE No Yes Yes No Yes Yes
Sample 2013q1-2022q4

Note: This table presents the relationship between trade wars and supply chain risk. The first three columns
show the correlation between tariff increases and supply chain risk. The last three columns show how firms’
supply chain risks vary with trade war shock. The large trade war shock is a dummy variable, equal to 1
for firms with negative stock market returns within a four-day window surrounding the trade war event.
Industry fixed effects are applied at the NAICS 4-digit level. Industry fixed effects are applied at the NAICS
4-digit level. All continuous variables are winsorized at the 1st and 99th percentiles. Standard errors are
clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1.
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Table 7: Variance Decomposition of Supply Chain Risks

VARIABLES R-squared
Time FE 2.5%
Industry FE (4-digit NAICS) 22.3%
Industry FE (4-digit NAICS) x Time FE 24.8%
Number of industries 367
Number of firms 14,270
Number of observations 436,362
Sample period 2001q1-2022q4

Note: The table displays a variance decomposition analysis of supply chain risk (SCR), detailing the R~
squared values for each individual fixed effect across different levels.

Table 8: Supply Chain Risks and Firm Characteristics

(1) (2) (3) (4) (5) (6) (7)
Supply Chain Risk

Manufacturing 0.584***
(0.017)
Services -0.724%#*
(0.013)
L.SCR (standardized) 0.670%**
(0.005)
Log (total assets) 0.062%**
(0.002)
Log (market value) 0.0627%**
(0.003)
Log (property asset) 0.064***
(0.003)
Tobin’s Q -0.003***
(0.000)
Observations 436,362 436,362 414,221 436,362 436,362 230,844 436,362
Adjusted R-squared 0.106 0.148 0.578 0.272 0.269 0.245 0.254
Industry FE No No Yes Yes Yes Yes Yes
Year by quarter FE Yes Yes Yes Yes Yes Yes Yes
Sample 01q1-22q4 01ql1-22q4 01q1-22q4 01ql1-22q4 01ql1-22q4 01ql1-22q4 01ql-22q4

Notes: The table shows the variation of supply chain risks across firms with different characteristics. Industry
fixed effects are applied at the NAICS 4-digit level. All continuous variables are winsorized at the 1st and
99th percentiles. Standard errors are clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1.
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Table 12: Hiring on Suppliers Diversification

(1) (2) (3) (4) (5) (6)
Log Number of Total Suppliers Supplier HHI by Country
Log (hiring in the past 4 quar- 0.274*%%% 0.257*%* (.073%** -0.036***  -0.036*** -0.005**
ters)
(0.012) (0.013) (0.011) (0.002) (0.003) (0.002)
Log (total assets) 0.399%+* -0.064***
(0.013) (0.003)
ROA -1.838%** 0.225***
(0.242) (0.066)
Tobin’s Q 0.032%** -0.003
(0.009) (0.002)
Leverage -0.056 -0.032*
(0.069) (0.017)
Observations 75,701 75,700 70,588 75,701 75,700 70,588
Adjusted R-squared 0.174 0.394 0.574 0.057 0.274 0.366
Industry FE No Yes Yes No Yes Yes
Year by quarter FE No Yes Yes No Yes Yes
Sample 2010q1-2022q4

Note: This table shows how hiring supply chain specialists influences firms’ supplier diversification. The
Herfindahl-Hirschman Index (HHI) measures supplier concentration by summing the squared market shares
of a firm’s suppliers across various countries. The sample ranges from 2010, when the Lightcast dataset
begins, to 2022. Industry fixed effects are applied at the NAICS 4-digit level. All continuous variables are
winsorized at the 1st and 99th percentiles. Standard errors are clustered at the firm level. *** p<0.01, **
p<0.05, * p<0.1.
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Appendix

Table A1l: Timeline of Trade War

Date enacted Products (HS-10) 2017 imports ($ billion)  Tariff increase (%)
July 6, 2018 1629 340 25
August 23, 2018 401 160 25
September 24, 2018 8664 2000 10
May 10, 2019 8664 2000 15
September 1, 2019 5597 1120 15

Note: The table presents the number of products categorized by Harmonized System codes, the value of
imports for these products, and the tariff increases implemented during each round of the US-China trade
war.
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Table A2: Trade War and Supply Chain Risk

(1) (2) (3) (4) (5) (6)
Supply Chain Risk (Wu)

Tariff increase at the industry level — 2.161%%%  0.443%**  (.397***
(0.135)  (0.132)  (0.135)

Large trade war shock x post trade 0.042%** 0.099%**  (0.104™** (.089%**
war
(0.004)  (0.031)  (0.031)  (0.033)
Large trade war shock 0.045%** 0.039 -0.044 -0.061
(0.013)  (0.041)  (0.042)  (0.045)
Log (total assets) 0.000%* 0.019%*
(0.000) (0.008)
ROA -0.008** 0.460%**
(0.004) (0.110)
Tobin’s Q 159,509 159,508 143,957 0.009%**
0.018 0.142 0.153 (0.003)
Leverage -0.005 -0.103***
(0.003) (0.034)
Observations 159,509 159,508 143,957 93,753 93,753  85.873
Adjusted R-squared 0.049 0.204 0.228 0.008 0.181 0.172
Industry FE No Yes Yes No Yes Yes
Year by quarter FE No Yes Yes No Yes Yes
Sample 2013q1-2022q4

Note: This table presents the relationship between trade wars and supply chain risk, using the dictionary-
based index constructed following Wu (2023). The first three columns show the correlation between tariff
increases and supply chain risk. The last three columns show how firms’ supply chain risks vary with trade
war shock. The large trade war shock is a dummy variable, equal to 1 for firms with negative stock market
returns within a four-day window surrounding the trade war event. Industry fixed effects are applied at the
NAICS 4-digit level. All continuous variables are winsorized at the 1st and 99th percentiles. Standard errors
are clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1.

44



T0>d 4 ‘G0°0>d 4y ‘TO0>A 44y TOAS] WLIY OY) 1B POIDISNID IR SIOLD pIepURIS so[1uedIod 166 pue 18T
9} 1R POZLIOSUIM SI® SI[(RLIRA STIONUIIUOD [ [9A] NSIP-F SOIVN oY) 18 porjdde are s100pe PoxXy AIISNpPU] ‘[OA] 9)eF0I33R UR JR URYY) IOYJRI ‘[9Ad]
1red 1omo)sno-rorddns [enprAIpul o) Je Pojonpuod st SISA[eue oy, “)S S, WY o1} souengul ‘({¥HS-uoN) sonsst ureyd Addns 01 peyeforun ‘siorjddns
WO SYSII IoYJ9YM SJRN[RAD TOIUM ‘XopUl Y)S-UON ® SUIsSn §3593 0goor[d WOIJ NSl opIAoId SUWN[0d XIS 1] oY, “Y)S S, WLIY © SoOUSNQUl )G
storddns 1etjeym Surururexs Aeoymoads ‘seurojsno pue siotddns usamiaq (YHS) st urerp Ajddns jo peaids o1) MOYS SUWIN[OD XIS JSIY YT, ‘920N

¥bzz0z-1PE00g o[dureg
ESIN EIN ON SOK SOx ON LN LN ON LN LN ON A4 HAIMVND Ad YVHA
w®> m@.% OZ mwxﬁ mwxﬁ OZ m®> m@xﬂ OZ m®> w@.% OZ m,m %Hpmi@ﬁm
8€€°0 16€°0 0000  L¥C0  1I¥C0 6000 62€°0 1620 0100 Ve 0 720 800°0 porenbs-y poysnlpy
0FF'619  CCI'TL9  €TI'FL9 GI8'LCO O0FS'€S9  0PS'€S9  OFF'619  CCI'TL9  €2IFL9  GISLZ9 0FS'ES9  0FS'€S9 SUOIYBAIIS( ()

(£90°0) (680°0) (£90°0) (680°0)
#k LVT°0- 7000 #x V0" G000 05eI0AdT

(600°0) (2L70°0) (600°0) (970°0)
x910°0 €.0°0 £910°0 €200 O s.uqog,

(L92°0) (098°0) (L92°0) (098°0)
Gg0°0- T5€0- 820°0- 05€°0- Vo4

(600°0) (220°0) (600°0) (2z0°0)
*x%800°0 2e00 +xx8G0°0 €200 (sposse [e303) SorT

(€000)  (€00°0)  (110°0)
***OH0.0u *%*HHD.Ol G00°0- YOS UON ,WoIsny)
(700°0)  ($00°0)  (800°0)
0000  T00°0- 4xx120°0 gDS-uoN swrddng
F000)  (7000)  (0T0°0)
#5%800°0  5xx100°0 55466070 DS moIsny
(#000)  (700'0)  (L00°0)
#5xx110°0 540100 5448070 YOS swrddng
ysty urey)) Ajddng
(9) () (%) (9) (c) (%) (€) (c) (1) (€) (¢) (1)

DS smwwojisn)) pue stoddng usomjiaq uorje[paIo)) ¢y 9[qel

45



Table A4: Hiring on Suppliers Diversification

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

Log Number of Total Suppliers Supplier HHI by Country
Log (hiring in the past 8 quar- 0.256*** 0.242%**  (.064*** -0.034%**  _0.035%F*F  -0.005**
ters)
(0.011) (0.012) (0.010) (0.002) (0.002) (0.002)
Log (total assets) 0.406%** -0.066***
(0.013) (0.003)
ROA -1.820%** 0.230***
(0.251) (0.067)
Tobin’s Q 0.034*** -0.003
(0.009) (0.002)
Leverage -0.048 -0.035%*
(0.071) (0.017)
Observations 69,912 69,910 65,166 69,912 69,910 65,166
Adjusted R-squared 0.180 0.402 0.581 0.063 0.284 0.378
Industry FE No Yes Yes No Yes Yes
Year by quarter FE No Yes Yes No Yes Yes
Sample 2010q1-2022q4

Note: This table shows how hiring supply chain specialists influences firms’ supplier diversification. The
Herfindahl-Hirschman Index (HHI) measures supplier concentration by summing the squared market shares
of a firm’s suppliers across various countries. The sample ranges from 2010, when the Lightcast dataset
begins, to 2022. Industry fixed effects are applied at the NAICS 4-digit level. All continuous variables are
winsorized at the 1st and 99th percentiles. Standard errors are clustered at the firm level. *** p<0.01, **
p<0.05, * p<0.1.
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Table A5: Hiring on Suppliers Diversification

(1) (2) (3) (4) () (6)
Log Number of Total Suppliers Supplier HHI by Country
Log (hiring in the past 12 quarters) 0.250*** (0.237*%*%* (.061*** -0.034%**  -0.035%**  -0.005**
(0.011)  (0.012)  (0.010) (0.002) (0.002) (0.002)
Log (total assets) 0.413%*x* -0.068***
(0.013) (0.003)
ROA -1.846%** 0.245%**
(0.258) (0.069)
Tobin’s Q 0.037%%* -0.003
(0.009) (0.002)
Leverage -0.053 -0.034*
(0.072) (0.018)
Observations 63,802 63,801 59,459 63,802 63,801 59,459
Adjusted R-squared 0.185 0.411 0.591 0.069 0.293 0.392
Industry FE No Yes Yes No Yes Yes
Year by quarter FE No Yes Yes No Yes Yes
Sample 2010q1-2022q4

Note: This table shows how hiring supply chain specialists influences firms’ supplier diversification. The
Herfindahl-Hirschman Index (HHI) measures supplier concentration by summing the squared market shares
of a firm’s suppliers across various countries. The sample ranges from 2010, when the Lightcast dataset
begins, to 2022. Industry fixed effects are applied at the NAICS 4-digit level. All continuous variables are
winsorized at the 1st and 99th percentiles. Standard errors are clustered at the firm level. *** p<0.01, **
p<0.05, * p<0.1.
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