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Tracking the expected, ongoing, and realized impacts of economic shocks is a fundamental

challenge in economics, crucial for formulating effective economic policy responses and en-

hancing our understanding of the functioning of the economy. Comprehending how events

such as natural disasters, wars, or political crises affect businesses and employment is essen-

tial for developing policies to mitigate adverse events and manage systemic risks. Similarly,

discerning why firms respond differently to proposed reforms or technological changes can

inform more effective policy design and facilitate smoother technological transitions. At a

broader level, tracing the propagation of supply, demand, and other economic shocks across

firms, sectors, and countries is key to testing and refining our understanding of how the

economy functions.

Traditionally, economic surveillance has relied on data from surveys or accounting sources,

such as firms’ profit, investment, or employment figures. We argue that systematically ana-

lyzing earnings conference call transcripts, job postings, patents, and other texts produced

as part of routine business operations represents a sea change in our ability to track and

understand economic shocks. These texts vastly expand the available data and contain

information about decision-makers’ expectations, perceived risks, costs, and opportunities

that are difficult or impossible to extract from conventional sources. Given the richness of

this information, we anticipate that future economic surveillance will rely as heavily on the

analysis of these texts as it does on survey data and accounting numbers today.

To illustrate our approach, consider Russia’s large-scale invasion of Ukraine on Febru-

ary 24, 2022. Within hours of this escalation, Geox S.p.A., an Italian shoe manufacturer,

held its quarterly earnings call. The call focused on the unfolding crisis, with analysts and

investors inquiring about contingency plans, revenue dependencies, and strategic options

in light of potential global embargoes, disrupted supply chains, and interrupted interbank

communications. Geox was not unique; management of numerous corporations engaged in

similar discussions during earnings calls in the following days, anticipating impacts ranging

from high natural gas prices to potential asset seizures and increased defense budgets. As
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political leaders and policymakers were still assessing the situation, decision-makers within

firms and capital market participants were already discussing the potential effects of the war

on their business activities and operations.

Systematic analysis of earnings-call discussions and other corporate textual sources en-

hances our ability to comprehend the impact and transmission of shocks in four distinct ways.

It enables near real-time measurement of risks, costs, and opportunities firms associate with

specific shocks, policies, regulations, and crises, eliminating the need for costly surveys. This

approach traces shock-induced risk transmission and potential contagion across firms, sec-

tors, and regions without imposing structural assumptions or relying on input-output tables.

It also facilitates measurement of past expectations related to historical events, such as the

2003 SARS outbreak (Hassan et al., 2023) or the 2017 Tax Cuts and Jobs Act (Gallemore

et al., 2024), overcoming post-event surveys’ limitations in reconstructing pre-event expecta-

tions. Finally, it enables cardinal comparison of different risks, revealing, for example, that

US-based firms in 2023 devoted twice as much attention to inflation-related risks as to those

stemming from geopolitics or trade wars.

In the subsequent sections, we present and discuss simple computational linguistics tech-

niques that enable these capabilities, primarily using transcripts of firms’ quarterly earnings

conference calls. Many scholars, central banks, think tanks, and international organizations

are currently integrating these techniques into their economic surveillance activities.1 The

article concludes by presenting applications that extend these techniques to other corporate

text sources, including patents and job postings. We demonstrate how to use these sources to

trace the origin and spread of technological innovations across geography, industries, firms,

and occupations.

1Recent applications include Correa et al. (2023) on trade uncertainty and bank lending, Albrizio et al.
(2023) on cross-country firm expectations, Gosselin and Taskin (2023) on economic slack, Alfaro and Chor
(2023) on supply chain reallocation, and Ma and Zimmermann (2023) on monetary policy and innovation.
The IMF’s World Economic Outlook (October 2022, April 2023, October 2023) analyzes supply chains,
inflation expectations, and other macroeconomic risks (Staff, 2022; Ahn et al., 2023; Albrizio et al., 2023).
The European Central Bank tracks corporate sentiment (Andersson et al., 2023), and the European Bank for
Reconstruction and Development’s 2022 Transition Report examines supply chain resilience post Covid-19
(Faella et al., 2022).
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A unifying principle in all of these applications is the effectiveness of simplicity and clar-

ity over complexity. Our approaches are typically straightforward and easily interpretable,

avoiding intricate linguistic and econometric models. We contend that the primary frontier

in economic text analysis lies not in the development of advanced techniques, but in making

vast, untapped datasets available for research (Bae et al., 2023).

We begin by introducing earnings conference call transcripts as a data source, followed

by an outline of the building blocks underlying our approach and the basic text processing

prerequisites, before going into the details of various economic surveillance options.

1. Earnings Conference Calls: A Marketplace of Information

Until about 30 years ago, publicly listed firms primarily communicated with shareholders

through accounting disclosures. However, financial statements and regulatory filings provide

an incomplete representation of economic reality, mainly recording past events due to ac-

counting standards that permit only gradual reflection of news in earnings. Moreover, these

numbers offer limited context about how or why shocks impact or are expected to impact

firms.

In recent decades, technological advancements and regulatory changes such as Regulation

Fair Disclosure in the US have elevated earnings conference calls as outlets for corporate

information. These calls serve as platforms for market participants to gain additional insights

into companies’ outlooks, encompassing past achievements and future potential. Typically

held quarterly following earnings releases, these calls have become a primary means for global

publicly listed firms to communicate with shareholders and stakeholders.

Earnings conference calls, usually broadcasted live over the Internet, differ significantly

from written regulatory filings such as SEC Forms 10-K and 10-Q. They allow financial

analysts to probe management with questions, forcing anticipation and response to possibly

uncomfortable inquiries. Being largely unscripted and conducted live, they often lead to more

candid and open discussions. Management is less likely to use legal language and boilerplate
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jargon, making information more accessible and comprehensible (Bae et al., 2023; Frankel

et al., 1999).2 Additionally, international listed firms either conduct their earnings calls

in English or provide translations, enabling rapid assembly of directly comparable datasets

across more than 12,500 firms in nearly 90 countries.

In summary, for essentially each set of accounting numbers available through databases

such as Standard & Poor’s Compustat, earnings call transcripts offer substantial comple-

mentary textual narrative. Released simultaneously, this narrative provides valuable context

about firms’ current and future situations. Consequently, any economic analysis relying on

firms’ accounting data could benefit from leveraging this additional information.

Earnings call transcripts are widely accessible through various channels. These include

firms’ investor relations websites, financial news platforms such as Yahoo! Finance, investor

community websites like Seeking Alpha, transcription services such as EarningsCast, the

SEC’s EDGAR database, and data providers like London Stock Exchange Group (LSEG,

formerly Refinitiv, Eikon). This wide availability ensures that researchers and policymakers

have easy access to this rich source of corporate information.

2. Decoding Shocks: Exposure, Risk, and Sentiment

Exposure

Our basic premise is that the time people devote to discussing a particular topic in their

communication reflects its importance. This intuition extends to firms and their commu-

nication practices, including their regular earnings conference calls. These calls typically

last between 45 minutes and an hour (Matsumoto et al., 2011), requiring participants to

judiciously select the most significant topics for discussion within this limited time frame.

Based on this intuition, we informally refer to the number of sentences participants

2Under the “safe harbor” protection, US securities law shields managers making forward-looking state-
ments in earnings calls. This enables more candid disclosures about ongoing and future issues not yet
reflected in accounting numbers, economic shocks influencing current or future results, and the company’s
challenges, risks, or opportunities.
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dedicate to a given topic in firm i’s quarter t earnings conference call as the firm’s “exposure”

to that topic:

(1) TopicExposurei,t =
Count of sentences on a given topici,t

Total number of sentencesi,t

This simple metric allows us to quantify a firm’s exposure to specific issues. For instance,

by counting the sentences discussing matters related to Russia’s invasion of Ukraine as a

percentage of the total sentences in the earnings conference call, we can gauge which firms

are exposed to the Russian-Ukrainian conflict and the relative importance of this exposure

compared to other topics.3

For certain research questions, this off-the-shelf measure of topic-specific exposure suffices

(Hassan et al., 2023). However, our approach is adaptable and can be extended along various

dimensions. For example, by analyzing the context in which a topic is mentioned, we can

infer how a given shock is expected to affect the firm.

Risk

For some applications, we might be interested in the level of risk or uncertainty a firm

encounters due to a shock, specifically focusing on the shock’s second-moment impact. Our

text-based approach offers a means to measure the ebbs and flows in the level of risk or

uncertainty faced by individual firms and, when aggregated, by the economy as a whole.

Figure 1, Panel A illustrates this concept with a time series plot of OverallRisk faced

by US-listed firms. We measure this as the average percentage of sentences in these firms’

3Our earlier work (e.g., Hassan et al., 2019, 2023, 2024) includes extensive audits with human coders
evaluating the odds of type 1 (i.e., false-positive) and type 2 (i.e., false-negative) classification errors. These
audits support the validity and reliability of our classification algorithms.

5



earnings call transcripts that mention “risk,” “uncertainty,” or their synonyms:4

(2) OverallRiski,t =
Count of sentences mentioning “risk,” “uncertainty,” or synonymi,t

Total number of sentencesi,t

During our sample period, discussions of risk and uncertainty on earnings conference calls

show distinct trends. The early years (2002-2007) reflect the “great moderation” (Benati

and Surico, 2009; Gaĺı and Gambetti, 2009), with fewer than 1.6% of sentences on average

mentioning risk or uncertainty. This changes dramatically in 2008 Q4 when the Global

Financial Crisis leads to a peak of 2.2%. Additional peaks occur during the European

Sovereign Debt Crisis of 2011-2012 and the Covid-19 pandemic, reaching up to 2.8%.

At this aggregate level, this basic tally of risk and uncertainty discussions during earnings

conference calls by publicly listed international firms shows a strong correlation with the

Chicago Board Options Exchange (CBOE) volatility index (VIX): ρ = 0.635 (not tabulated).

Compared to VIX and other aggregate indicators, a big advantage of our approach is the

ease of disaggregation. Starting with generic unconditional risk discussed in the earnings

call, we can easily obtain disaggregated metrics down to the firm, sector, and regional level

(independently of whether the firm has options traded on its stocks), and also by topic.

Figure 1, Panel B illustrates such a topic decomposition by enumerating only those sen-

tences that feature a discussion of uncertainty and risk that also contain the word “Brexit.”

This decomposition forms the basis for our paper investigating the global impact of Brexit

uncertainty, Hassan et al. (2024), in which we analyze the effects of uncertainty related to the

UK’s departure from the European Union (EU) on listed firms from 82 different countries.5

The time-series pattern shows distinct peaks in Brexit-related concern expressed in earn-

ings call discussions immediately after the UK’s vote to leave the EU in 2016. Although

4We use the Oxford English Dictionary to obtain all single-word synonyms of “risk,” “risky,” “uncertain,”
and “uncertainty” (excluding “question” and “questions”). In total we have 131 synonyms, the top 10 of
which (when sorted by frequency) are: “variable,” “possibility,” “pending,” “chance,” “doubt,” “prospect,”
“exposed,” “variability,” “likelihood,” and “threat.” This is as in Hassan et al. (2019).

5Another recent example of TopicRisk is a measure of trade policy uncertainty (Hassan et al., 2019;
Correa et al., 2023).
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average BrexitRisk subsides in 2017, it increases sharply in the second half of 2018 when the

details of Theresa May’s agreement with the EU became clear, along with the difficulties

in obtaining parliamentary approval. In 2019, the prospect of a no-deal Brexit under Boris

Johnson kept uncertainty high until Brexit finally took effect on January 31, 2020. Excerpts

from top-scoring earnings-call transcripts explicitly highlight these concerns and enable us

to pinpoint these periods of high uncertainty to specific Brexit-related events.

More generally, we refer to the number of sentences in firm i’s quarter t earnings call

that mention a given topic (e.g., Brexit, Russia’s invasion of Ukraine, artificial intelligence)

in conjunction with a synonym of risk or uncertainty, as TopicRisk. Specifically:

(3) TopicRiski,t =
Count of sentences on a given topic and a risk/uncertainty synonymi,t

Total number of sentencesi,t

This approach to identifying topic-specific risk discussions can provide powerful insights

into the uncertainty generated by specific shocks and events. Moreover the time series of

topic-specific risk are “self-labeling,” allowing us to better understand each peak by system-

atically reading the excerpts driving it. Building on this conditional analysis of text, we can

further distinguish whether a given shock represents “good news” or “bad news” for a firm,

capturing its first-moment impact.

Sentiment

Motivated by Loughran and McDonald (2011), who developed a sentiment lexicon tailored

to financial text, we repurposed this lexicon-based sentiment analysis to understand the

directional impact (i.e., positive versus negative) of specific shocks at the firm level.6

Following our approach to measuring topic-specific risk (see expression 3), we capture

textual sentiment for topic-related sentences, denoted TopicSentiment, as:

6Loughran and McDonald (2011) recognized that words like “liabilities” carry different connotations in
business communication compared to everyday language.
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(4) TopicSentimenti,t =
Count of positive minus negative sentences on a given topici,t

Total number of sentencesi,t

A sentence is flagged positive if it contains at least one positive tone word (e.g., “good,”

“strong,” “great”) and no negative tone words, and negative if it has at least one negative

tone word (e.g., “loss,” “decline,” “difficult”) and no positive tone words.

Figure 2 demonstrates how TopicSentimentit can assess the directional impact of shocks

or events on various firms, sectors, or countries.7,8 Panel A compares the average sentiment

firms associate with different shocks: Russia’s invasion of Ukraine in 2022, the 2020 outbreak

of Covid-19, the 2016 prospect of Brexit, and major artificial intelligence (AI) developments

(e.g., breakthroughs in Generative Pre-trained Transformer (GPT) models, including Chat-

GPT) in 2023.9

AI-related discussions are generally more positive, with 42.1% of all AI sentences contain-

ing positive sentiment words and only 10.2% negative, resulting in a net sentiment of +0.32.

This contrasts with the significantly negative average sentiment for Brexit (2016), Covid-19

(2020), and Russia (2022, postinvasion). Whiskers indicate standard errors, estimated in

panel regressions.

Despite these average sentiments, substantial heterogeneity emerges when decomposed

by firm, country, and sector. Panel B of Figure 2 shows highly positive AI-related discussions

for Alphabet, NVIDIA, and Microsoft, companies heavily involved in AI development. AI

discussions are quite negative for firms concerned about intellectual property rights, such as

News Corp, Universal Music Group, and Warner Music Group.

Panels C and D of Figure 2 demonstrate the usefulness of aggregated textual analysis

7Executives have gradually adopted more optimistic vocabulary in earnings calls over time (Cao et al.,
2023), resulting in a noticeable trend in OverallSentiment (not shown for brevity). In most applications,
this inflation of positive language can be easily controlled by including time fixed effects.

8Another potential concern is the use of negation, such as “not good” or “not terrible” (Loughran and Mc-
Donald, 2011). However, we have found this to be rare, with negligible effects once measures are aggregated
to the transcript (firm-quarter) level.

9Taskin and Ruch (2023) measure demand- and supply-related sentiment in earning calls.
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by focusing on Russia (2022) and Covid-19 (2020) sentiment at country (Panel C) and

industry sector (Panel D) levels, respectively.10 While firms generally associate negative

sentiment with Russia-related geopolitical developments and economic uncertainties, this

effect is strongest for firms in Finland, Germany, and Denmark, with concerns revolving

around regional security, energy markets and supplies, and economic ties. Targeted reading

of the underlying transcripts reveals that Japanese and South Korean firms are concerned

about the impact on trade access to, from, and through Russian territory.

Covid-19, another negative shock, shows varied impacts across industries even in its early

stages. Panel D reveals anticipated benefits in sectors like Video Tape Rental and Offices and

Clinics of Doctors and Medicine. This effect may be due to an increase in the demand for

streaming and health care services. Contrasting with these benefits are expected economic

headwinds in Life Insurance and Motion Picture Theaters sectors, with Covid mortality-

related payouts and restrictions on public gatherings taking their tolls.

Lexicon Construction

Each of our measures of topic exposure, risk, and sentiment requires a systematic procedure

for flagging sentences that mention a given topic. For this task, researchers have three basic

options.

Keyword-based approach. The most straightforward approach is keyword-based, espe-

cially when the topic of interest pertains to a specific, well-defined event or policy.11 To

digress briefly, this process usually begins with a set of annotated sentences obtained from

human readers, flagging those that discuss the topic of interest. Next, we select keywords

or phrases that closely mimic this human classification within the sample of previously an-

notated text. These keywords or phrases are frequent in sentences discussing our topic and

10To measure RussiaExposure, we search the text of earnings calls for a list of about a hundred frequently
used uni- and bigrams related to Russia, identified through word embeddings trained on our repository of
earnings-call transcripts.

11For example, in Hassan et al. (2024) the single keyword “Brexit” sufficed to accurately identify conver-
sations on that topic.
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infrequent in those that do not. To check their effectiveness out-of-sample, we sample new

sentences from our corpus and assess the rate of false positives and false negatives. This pro-

cess may prompt changes to our set of keywords, followed by further sampling and iteration

until we identify a set that performs well on our corpus.12 To illustrate, to identify supply

chain-related discussions in Hassan et al. (2023), we started with “supplier” and “supply”

and, thus, iteratively built a comprehensive set of keywords. While flexible, this approach

can be quite labor intensive.

An alternative approach is semi-supervised, which does not necessitate beginning with an

annotated sample of sentences. In Kalyani et al. (2023), for example, to identify job postings

for research and development positions, we started with a set of phrases (“research,” “and

develop,”...), and used a large language model (LLM) to identify other phrases commonly

used in similar context – effectively using the LLM like a custom-trained thesaurus. We,

then, iteratively refined our list by sampling excerpts to check for false positives and adding

suggested phrases that met a threshold of true positives.

Similarly, in Sautner et al. (2023), we employed a machine learning approach to identify

climate change discussions in earnings-call transcripts, again starting with a small set of

climate-related words, and iteratively expanding this set to obtain a comprehensive library

of relevant phrases. In addition to its capability to capture context-specific language and

track the evolution of climate change discourse, researcher involvement in this approach is

confined to selecting initial seed words.

Training libraries. If the topic of interest is more abstract or general, a keyword-based

approach can often be unwieldy. In such instances, replacing human judgement with training

libraries proves to be more straightforward. Here, the simplest approach to consider is the

numerical statistic used in information retrieval and text mining: term frequency-inverse

12This systematic approach requires that the topic has existed long enough for researchers to annotate a
sufficient number of sentences. For Covid-19 (Hassan et al., 2023), no such training data were available at
the outbreak’s onset. Instead, we relied on a list of Covid-19 synonyms maintained by the World Health
Organization, supplemented by cross-referencing with contemporaneous newspaper articles and online re-
sources.
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document frequency, or tf × idf in short (Song and Wu, 2008; Manning et al., 2008). We

apply this approach in Hassan et al. (2019) to differentiate between political and non-political

risk discussions, and in Hassan et al. (2023) to assess the risks firms associate with various

countries. This approach requires a large corpus of text representative of discussions on

the topic in question, such as textbooks from relevant fields (e.g., in Hassan et al. (2019),

one on politics and another on non-politics). From these sources, we extract and tally the

occurrences of bigrams (two-word combinations), identifying those that are frequent in one

dataset but not in the other. This typically results in a list of thousands of topic-related

bigrams, which are assigned weights proportional to their frequency in the training library.

Compared to a keyword-based approach, reliant on a handful of manually selected keywords,

a training library-based approach generally captures a much broader range of language used

to discuss a topic. From our experience, this breadth allows for the detection of more subtle

and indirect references to the topic.

Large language models. Recently, researchers have started to use LLMs either extrapo-

late from an initial annotated set (similar to Sautner et al. 2023) or, in the extreme, to feed

an entire earnings-call transcript into ChatGPT and let it classify what topic a given text

fragment (e.g., sentence, paragraph, section) is about (Jha et al., 2024). While promising,

it remains unclear whether fully automated approaches outperform the lower-tech methods

outlined above (e.g., Vafa et al., 2024).

In sum, different applications warrant slightly different methods for picking keywords.

Our view is to err on the side of simplicity and use relatively straightforward approaches

whenever feasible.

3. Cardinal Risk Comparison

Our approach enables a cardinal comparison of different risks, which is valuable in many

contexts. The axes in Figure 1, Panels A and B, are directly comparable, both measured as
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percentages of total sentences in earnings calls. For instance, if in 2016 Q3, listed firms glob-

ally averaged 6.85 sentences discussing risks, with 0.098 related to Brexit, we can conclude

that Brexit contributed 1.43 percent to overall risk discussions at that time.

This cardinal decomposition, which assigns a share of overall risk to specific sources, is

new in the literature.13 It quantifies the time devoted to discussing risk related to particular

topics during earnings calls. Panel C of Figure 1 illustrates this approach, showing the

share of risk-related sentences attributable to Covid-19, inflation, supply chain disruptions,

Brexit, trade policy, Russia, and AI. It reveals the evolving prominence of different risk

sources over time. Trade policy risk peaked during the Trump years at about 0.98 percent

of risk mentions in 2018 Q3, comparable to Brexit’s impact. The Covid-19 crisis followed,

accounting for 9.88 percent of all risk sentences in 2020 Q2. Later, in 2021, Covid-19’s direct

impact gave way to uncertainty about inflation and supply chain challenges. Globally, these

dwarf uncertainty related to Russia’s invasion of Ukraine, though this pattern reverses for

German firms, where 4.02% of risk sentences in 2022 Q1 relate to Russia. AI discussions

remain a minor risk driver for the average firm in our sample.

4. First- vs. Second-Moment Impacts

The ability to use text to break down shock exposure represents notable progress. From an

econometric perspective, it is important to consider both the uncertainty (second-moment)

effect and the first-moment impact of a shock (Berger et al., 2019). As Hassan et al. (2019)

highlight, a key difficulty in isolating the second-moment effect is the potential strong corre-

lation between innovations in shock variance and innovations in their conditional mean. For

instance, consider a music company that becomes aware of advances in AI models capable

of imitating artists’ voices. These advances represent both bad news (a potential drop in the

net present value of its earnings due to competition from AI-produced content) and increased

13The closest analog is attributing excess returns to risk factors in empirical asset pricing. However, these
methods generally do not allow an assessment of which shock is responsible for what share of the overall
uncertainty faced by a given firm at a particular time, even when combined with an event study.
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uncertainty (the potential for legal action or changes in legislation to protect its copyright).

If we observe a drop in the music company’s hiring or planned investments, it raises a

crucial question: Is this decline due to the anticipated negative impact of the new technology

on its business (first-moment impact), or is it due to uncertainty about future legislation or

court decisions? Disentangling these two factors is key for policymakers deciding whether to

pass new legislation or not.

To illustrate these ideas, Table 1 presents a compilation of excerpts related to AI from

earnings-call transcripts, organized into Panels A through C depending on whether man-

agement expresses uncertainty, negative or positive sentiment, respectively, toward AI. The

excerpts highlight the concerns of Spotify and News Corp, prominent players in the me-

dia and entertainment industry, about uncertainty about who will own the copyright and

intellectual property of AI’s creations. In terms of negative sentiment, Chegg Inc., an edu-

cational support services company, experienced a significant drop of more than 40% in its

shares after management announced during the earnings call for 2023 Q1 that ChatGPT has

a detrimental impact on its business (Min, 2023). Lastly, the management of Alphabet and

Microsoft expresses their anticipation of benefiting from AI, such as exploring new business

opportunities.

Table 2 presents ordinary least squares regressions of the quarterly capital investment rate

of firms against risk and sentiment measures for a sample of publicly listed US companies. In

the first column, we report the association between the investment rate and our text-based

measure of unconditional risk: a higher overall risk is negatively correlated with investment

(coeff.=-0.039, s.e.= 0.006). Faced with a spike in uncertainty, firms prefer to ‘wait and see’

before committing to any new hiring or investment projects (e.g., Pindyck (1991); Dixit and

Pindyck (1994)). Moving on to column 2, in which we examine specifically AI sentiment

and AI risk. Breaking down the AI shock into risk and sentiment components, we see that,

on the margin, additional risk arising from AI also has a significantly negative effect on

investment (coeff.=-0.333, s.e.=0.125). At the same time, we see firms with positive AI
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sentiment significantly expanding their investment (coeff.=0.073, s.e.=0.041), while we do

not see a significant association between negative AI sentiment and investment (though the

coefficient has the intuitively plausible negative sign).

In combination with our summary statistics from Figure 2, we have now gleaned some

insight into firms’ attitudes toward AI and how recent advances in AI are shaping the in-

vestment activities of listed firms.

Column 3 expands on our previous work on Brexit (Hassan et al., 2024). The Brexit

referendum took place in 2016. The UK and the EU ratified the withdrawal agreement at

the end of 2019, and the UK officially left the European Union in 2020. In our paper, we

analyze the effects of Brexit-related uncertainty up to the ratification of the exit agreement.

We document significant impacts of this uncertainty on investment and employment growth

in firms outside the UK. For these firms, Brexit acted as an uncertainty shock until the

terms of Brexit became clear. During the pre-ratification period, we observe a large negative

coefficient on Brexit Risk (coeff.=-0.298, s.e.=0.136) but no significant effects of Brexit

sentiment, indicating that Brexit mainly delayed firm investment.

With the benefit of hindsight, we now see that after the implementation of hard Brexit,

the effect of Brexit uncertainty turns insignificant. Instead, Brexit develops into a negative

shock for affected firms: the coefficient on negative Brexit sentiment is negative and sig-

nificant (coeff.=-0.256, s.e.=0.154), highlighting the adverse impact on firms following this

major political event.

5. Shock-Induced Risk Transmission and Contagion

Another promising application of our methodology is to measure the risk that international

firms associate with a specific country (Hassan et al., 2023). This approach makes visible

how a crisis in one country affects risk perceptions of firms in other countries.

In Panel A of Figure 4, we provide an example of shock-induced risk transmission. The

Figure illustrates how sudden geopolitical events, such as the invasion of Ukraine by Russia
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on February 24, 2022, can ripple through the global economy, showing the varying effect on

firms in different countries.

The figure plots the relationship between the average discussions of Russia risk before

and after the invasion. Significant increases in risk discussions postinvasion, as indicated by

the position of data points on the y-axis compared to their preinvasion levels on the x-axis,

highlight the invasion’s impact on firms’ perceptions of risk associated with Russia.

The purple line represents the predicted value of postinvasion discussions based on prein-

vasion levels. Points above this line, such as the one representing Austria, indicate countries

where the increase in Russia-related risk discussions exceeds expected values. Conversely,

points below the purple line, such as Finland, represent countries where the increase is less

than expected.

This representation allows us to quickly characterize the ripple effect that a crisis has

on international firms. The 45-degree line represents the typical transmission of risk from

Russia to firms in other countries during normal times. The farther a destination country is

above this line, the more concerned its firms are about risks from Russia during the crisis. In

our previous work, we refer to the distance between the 45-degree line and the median des-

tination country as the crisis’ “global impact.” The slope of the regression line indicates the

degree of “bilateral transmission,” showing how much more concerned traditionally affected

countries are. Finally, the R2 of the regression line measures the “regularity” of transmis-

sion, indicating how closely the crisis transmission follows the usual pattern during noncrisis

periods (Hassan et al., 2023).

Overall, in the case of the Russian invasion, we observe a global impact of 1.51 (the

median country’s distance to the 45-degree line), a high degree of bilateral transmission (the

regression line’s steep slope of 6.97), and a high level of regularity (the fitted line’s R2 of

73%). In other words, the surge in concerns about risks from Russia was significant but

concentrated mainly in European firms with historically high economic interactions with

Russia, with little unexpected transmission beyond this group.
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Contrast these metrics with the Global Financial Crisis (GFC) originating in the United

States in 2008 Q1-Q3. The GFC had a greater global impact (2.27), with all countries

far above the 45-degree line, regardless of their historical exposure to the US. However, it

exhibited more moderate bilateral transmission (the fitted line is close to one). Furthermore,

the GFC stands out for its high degree of irregular transmission (0.55—much lower than most

other crises in our sample), consistent with its global transmission pattern. Thus, the GFC

was a more global crisis, affecting firms in many countries in unpredictable ways, whereas

the crisis following Russia’s invasion of Ukraine had more concentrated impacts, following

more predictable paths.

These varying transmission patterns reflect the complex nature of risk transmission, in-

fluenced by factors such as financial dependence, trade connections, geographic proximity,

dependence on natural resources, and historical political relations. For instance, significant

increases in Russia-related risk discussions in countries farther from the war in Ukraine, such

as Italy and Singapore, underscore the sometimes unexpected nature of risk transmissions

across global networks. An examination of the underlying text reveals that Singaporean

firms are particularly concerned about market access to and through Russia.) 14

Taken together, Figure 4 captures the increased global business anxiety in response to the

two crises, offering a quantifiable measure of how geopolitical instability can disrupt global

economic interactions and alter corporate risk exposures.

6. Earnings Conference Calls: Pitfalls and Lessons Learned

Cheap Talk

Economists typically approach the spoken word with some skepticism, as economic theory

emphasizes scenarios in which agents have significant incentives to misrepresent or fabricate

14We study the global impact of the Brexit and the fallout of the 2011 Fukushima nuclear disaster in
(Hassan et al., 2024). We find similar, seemingly surprising patterns for these shocks with noticeable effects
in countries that at first sight might appear relatively detached from the event but upon closer inspection
have significant connections.
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information in “cheap talk” (Crawford and Sobel, 1982). Although we initially shared this

view, our findings, and those found in other studies, suggest that discussions in earnings

conference calls generally reflect decision makers’ genuine beliefs. Thus, on the whole, it

appears sensible to take what call participants say at face value.

First, during earnings calls, management does not have unrestricted freedom to speak.

Financial analysts ask questions and there are consequences when managers evade them.

Academic research shows that market reactions are immediate to the way managers respond

to inquiries, and analysts often follow up with additional questions or expand on queries that

were not fully addressed (Hollander et al., 2010; Mayew et al., 2020; Lee, 2016; Bochkay et al.,

2020). Fumbling or evading specific questions can lead to immediate stock price reactions.

The outright lying or willful withholding of pertinent information is illegal and can have

serious consequences. Moreover, our method counts the words of management and analysts.

Even when managers want to avoid answering questions about a topic, analysts’ questions

will count toward the exposure, risk, and sentiment measures.

Second, earnings calls are a repeating game, in which executives know that they will

interact with the same analysts and shareholders in the future. Poor performance by execu-

tives can significantly harm their reputation (Kim et al., 2023) and future career prospects.

In this sense, earnings calls are closer to a setting where participants have an incentive to

communicate truthfully.As a case in point, we often see executives volunteering unfavorable

information in their presentation, presumably so that the management team can discuss and

frame such negative information on their own terms, rather than being forced to disclose in

response to probing analyst questions.15

Some straightforward remedies have proven effective in our research in case concerns

remain about the impact of strategic disclosure on textual measures. For example, studies

in finance suggest that (unexpected) declines in a firm’s financial performance increase the

15As with surveys, earnings conference calls reflect the subjective opinions and beliefs of key decision-
makers. These viewpoints may diverge from the firm’s objective economic fundamentals. However, even if
the executives’ views are biased, they are still likely to drive the firm’s future decision making, serving as a
crucial but difficult-to-observe ingredient for many economic models (Flynn and Sastry, 2022).
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incentive of managers to distract the attention of shareholders away from reported earnings

by misrepresenting information during earnings calls. Therefore, a reasonable check is to

evaluate whether estimates on the measured exposure, risk or sentiment change when in-

corporating controls for recent earnings surprises and recent stock returns patterns in the

period leading up to the earnings call (Hassan et al., 2019; Sautner et al., 2023).16

Pre-Processing

In contrast to many other text-analysis applications, our experience with earnings-call tran-

scripts has shown that it is generally not helpful to pre-process the text by stemming, lem-

matizing, removing punctuation, etc. For example, unlike conventional practice, we find it

useful to preserve capitalization (e.g., to distinguish the animal “turkey” from the country

“Turkey”). Similarly, since our methods are simple and do not require much computational

power, we have not found much benefit in removing stop words, punctuation, or stemming

words. Instead, we prefer to keep the original text as intact as possible, and in fact struc-

ture our code in such a way that we can, at any time, call up and read the text underlying

each data point. This practice has proven extremely valuable when interpreting time varia-

tion in our constructed measures: any variation in text-based measures can then be further

examined by targeted reading of the underlying text.

Measurement Error

Measures constructed from text are subject to measurement error. The degree to which we

need to worry about measurement error depends on the application. For example, aggregat-

ing measures from the firm-quarter level to sectors or countries reduces measurement error.

Moreover, classical measurement error is generally less of a concern when using panel data

for many firms, many time periods, and text-based generated from multiple pages of text.

When we formally test for measurement error in our political risk measures, we find that

16More ambitious approaches involve trying to deduce from the language (or voice tone) used whether
managers are less than fully truthful in their communication (e.g., Dikolli et al., 2020; Hobson et al., 2012).
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about half of the variation at the firm-quarter level is attributable to measurement error.

This level of accuracy is similar to typical measures constructed from firm-level accounting

data, such as firm-level TFP measures (Bloom et al., 2018). The degree of measurement

error likely depends on the topic. For instance, climate change exposure appears to suffer

from much less measurement error compared to political risk (Sautner et al., 2023). This

may be partly due to how prominently a given topic is discussed on conference calls (Huang

et al., 2018).

7. Other Corporate Text Sources: Patents and Job Postings

Patents

Economists have long used patents as a measure of innovation, counting, for example, the

number of patents filed in a specific location or the number of citations a given patent garners

(Lerner and Seru, 2022; Hall et al., 2005). Recently, several authors have begun to analyze

the content of the patent text itself to gain insight into its nature, scope, and impact. Free

access to these patent texts is provided by The United States Patent Office (USPTO) along

with information about the patent, such as the assigned firm, its inventor, location, and field

of invention.

Kelly et al. (2021) use patent text to construct alternative measures of patent impor-

tance by analyzing the similarity to patents filed before and after. “Breakthrough” patents

are characterized by language distinct from previous patents (low backward similarity) and

strongly influencing subsequent patents (high forward similarity).

Similarly, Kalyani (2023) uses the share of new technical terminology in patents to dis-

tinguish creative patents from derivative patents. He finds that creative patents—those

introducing new technical concepts—are strongly associated with firm- and sector-level TFP

growth and abnormally positive stock returns. In contrast, derivative patents, which lack

new technical language, do not show these associations.
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This approach sheds light on a key puzzle about US economic growth. Despite a steep

increase in patents filed per capita, TFP growth has slowed in recent decades. The share of

derivative patents in overall patenting activity has increased dramatically, leading to a secular

decline in the creativity of patents filed in the United States. This shift toward derivative

patents, which lack the innovative content of creative patents, explains the slowdown in TFP

growth despite the rise in patent filings.

Mann and Püttmann (2018) use the patent text to classify patents into automation or

non-automation inventions. They first read and manually classify a randomly selected sample

of patents, and then use this coding to train a (Naive Bayes) supervised learning algorithm

to automatically apply this classification to a large number of patents. Using this approach,

they calculate a sector-level automation technology index, and, taking as given the sectoral

composition of different local economies, evaluate the effects of automation technology on

local labor markets.

Combining Text Sources

Several recent papers advance this agenda by integrating the analysis of full patent texts

with other text sources to address more complex questions, such as the origins of technology

and its effects on the labor market.

For example, Autor et al. (2024) and Kogan et al. (2021) measure complementarities

between patenting and occupation using the similarity between the text of patents and

the text of task descriptions. Kogan et al. (2021) use the similarity between patent text

and task descriptions of routine and nonroutine occupations to identify labor-saving and

labor-augmenting inventions. They create a measure of the time-varying exposure to these

inventions at the occupation level and evaluate their effects on earnings and employment.

Labor-saving inventions reduce employment and earnings, while labor-augmenting inventions

have the opposite effect, highlighting the varied impacts of technological advancements on

the labor market.
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Perhaps the most promising advancement is the integration of online job postings text.

Data vendors like Lightcast provide vast databases of hundreds of millions of current and

historical online job postings, some dating back to 2007. As job postings have shifted from

printed newspapers and classifieds to online platforms, these databases have become more

comprehensive and representative of open positions in the US and international labor markets

(Hershbein and Kahn, 2018) They offer a variety of information, including firm names, salary

levels, job locations, educational requirements, and desired skills. Crucially, they also provide

the original text of the job postings, which is particularly valuable for our purposes.

In a recent paper, Kalyani et al. (2023) intersect the full text of patents, job postings,

Wikipedia, and earnings call transcripts to identify new technologies developed in the last

four decades and trace their diffusion across jobs in different locations, at different firms,

and of different skill levels. Their approach is to (i) identify phrases associated with a

newly invented technology, and (ii) characterize this technology and its impact by tracing

the diffusion of these phrases through multiple corpora of text.

This approach is versatile and can be adapted to address many research questions. Next,

we sketch its outlines. First, we use the full text of US patents between 1976 and 2014 to

isolate phrases that appear in multiple patents but did not exist before 1970, thus identifying

new terminology specific to influential innovations from the past 40 years. These phrases

contain terms that describe new technologies, newly recognized problems (such as “climate

change”) or new management terms (such as “performance metrics”). Second, to isolate

phrases that describe new technologies, we then search these phrases on Wikipedia and ex-

ploit the standardized nature of Wikipedia technology pages to determine those phrases that

are primarily associated with pages describing new technologies. This procedure identifies

phrases associated with 1,286 unique new technologies developed since 1976.

In the second step, we use this list of new technologies and their associated phrases to

identify patents and job postings that mention them. We use patent inventor addresses to

determine the locations where each technology was developed and patent application years
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to pinpoint when the technology first experienced a significant increase in patent citations.

Essentially, we build a dataset of new technologies by identifying newly appearing phrases

in patents. We then link these phrases to patents assigned to firm i with inventor j living

in location c in year t.

Finally, we cross-reference this list of technology phrases with the full text of online

job postings to identify 51 million jobs advertised between 2010 and 2019 that mention

new technologies. These granular data allow us to track the number, location, and skill

requirements of job postings associated with each new technology.

Figure 5 illustrates these relations for one of the 1,286 new technologies: AI. Panel A

plots a given Core Based Statistical Area’s (CBSA) share of patents mentioning AI prior to

2014 against its share of jobs mentioning AI post-2014. In each case, we normalize by the

size of the local labor market so that the “normalized share” of jobs and patents indicates

the local over- or under-representation of AI patents and jobs in a given area.

We observe a strong association between AI’s early development and subsequent job

creation related to the technology. Places like San Francisco, Boston, Philadelphia, and

Austin pioneered AI patents, and later hosted the lion’s share of AI-related jobs.

This pattern holds true for the remaining 1,285 other technologies, where the vast ma-

jority of cases show a strong link between early patenting in the technology and subsequent

job growth in using and producing that technology. This advantage of pioneer locations is

particularly concentrated in high-skill jobs related to the new technology and persists for

multiple decades (Kalyani et al., 2023).

Panel B illustrates the same relationship at the firm level. Companies like Apple and

Alphabet, which pioneered early development of the technology, show high levels of AI

patenting before 2014 and subsequent job creation. However, the regression line’s slope is

now significantly flatter, indicating positive spillovers from these companies to other local

companies using and producing the technology. This finding suggests that the relationship

is steeper at the CBSA- than at the firm-level.
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Together, this combined textual source approach offers valuable insight into how tech-

nology is adopted and spreads. As shown in Figure 5, it reveals patterns of geographic

technology distribution, highlighting the importance of innovation hubs. In addition, Bloom

et al. (2021) emphasizes the critical role of universities in technological advancement and the

symbiotic relationship between academia and industry in driving progress. These analyses

provide a foundation for policymakers to develop informed workforce development strategies

and address skill gaps by examining labor market responses to evolving technology.

Conclusion

Corporate texts (such as earnings call transcripts, patents, and job postings) offer a direct

avenue for researchers and policymakers to access insights from firm executives, financial an-

alysts, and other market participants on contemporary events. Currently, there is no compa-

rable data set that gathers the opinions, preferences, and expectations of crucial corporate

decision-makers on various key issues with the same frequency. This valuable text-based

information can be gathered not only for a large sample of publicly traded companies in

the United States but also for numerous international firms. Using these granular data to

improve economic surveillance and forecasting is just one way to take advantage of them.

The methods we have outlined can be employed to explore how risk is transmitted between

firms, within industries, and across country borders. By referring back to the original text

sources, researchers can corroborate their inferences, drawing on textual cues to understand

how companies and market participants interpret a shock, what actions they plan to take,

and their long-term expectations. Overall, numerous possible new applications for textual

methodologies in economic surveillance await.
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Tables and Figures

Table 1: Example AI-related excerpts from earnings-call transcripts

Panel A: Risk

Spotify, 2023 Q1 “I guess on the risk side would be not just for Spotify, but I think for the entire
creative ecosystem is obviously the question around copyrights and who owns what
copyrights and what the fairway would be to attribute value when you’re doing
things in name and likeness situations or inspired by a certain artist, etc.”

News Corp, 2023 Q3 “Candidly, generative AI may pose a challenge to our intellectual property and to
the future of journalism. As those who’ve experimented with ChatGPT will be
aware, the answers are only as insightful and factual as the source material and are
more retrospective than contemporary.”

Panel B: Negative sentiment

Universal Music Group, 2023 Q1 “Now with respect to the artist community and what we’re hearing, we’ve heard a
number of ours expressing their concerns about AI being employed to create content
that’s training on their work without consent. And this is really content that’s
attempting to hijack their brand, exploit their celebrity for a moment of attention
that’s given to the anonymous uploader, not to mention the numerous other very
nefarious uses of their content with disrespect and tarnish their reputation.”

Chegg Inc, 2023 Q1 “However, since March we saw a significant spike in student interest in ChatGPT.
We now believe it’s having an impact on our new customer growth rate. (...) [I]t’s
prudent to be more cautious with our forward outlook.”

Panel C: Positive sentiment

Alphabet Inc, 2023 Q1 “From Google Lens to multi-search, to visual exploration in Search, immersive view
in Maps, Google Translate, to all the language models powering Search today, we
have used AI to open up access to knowledge in powerful ways. We’ll continue
to incorporate generative AI advances to make Search better in a thoughtful and
deliberate way. We’ll be guided by data and years of experience about what people
want and our high standards for quality.”

Microsoft Corp, 2023 Q3 “Our hiring business took share for the third consecutive quarter. The excitement
around AI is creating new opportunities across every function for marketing, sales
and finance to software development and security. LinkedIn is increasingly where
people are going to learn, discuss and up-level their skills with more than 100 AI
courses.”

Notes : This table shows AI excerpts with risk and uncertainty synonyms (Panel A), negative sentiment (Panel B), and
positive sentiment (Panel C) words.
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Figure 1: Text-based risk

Panel A: Unconditional risk

Panel B: Brexit risk

Panel C: Risk decomposition

Notes: This figure plots, as a percentage of sentences, unconditional
risk (Panel A), Brexit risk (Panel B), and a breakdown of risk (Panel
C) related to AI, Brexit, Covid-19, inflation, Russia, supply chain, and
trade, for our sample of U.S.-headquartered firms.
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Figure 2: Text-based sentiment

Panel A: Event

Panel B: Firm: AI (2023) sentiment
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Panel C: Country: Russia (2022) sentiment

Panel D: Sector: Covid-19 (2020) sentiment

Notes: This figure plots event-topic sentiment in Panel A, measured as topic-specific (i.e., Russia
(2022), Covid-19 (2020), Brexit (2016), or AI (2023)) sentiment divided by topic-specific exposure;
AI (2023) sentiment, in percentage of sentences, by firm in Panel B; Russia (2022) sentiment, in
percentage of sentences, by country in Panel C; and Covid-19 (2020) sentiment, in percentage of
sentences, by sector (3 digit SIC) in Panel D. The whiskers in Panel A denote 95% confidence
intervals around the average.
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Table 2: Risk, sentiment, and investment rate

Investment Ratei,t ∗ 100

(1) (2) (3)

Unconditional Risk i.t –0.039*** –0.039*** –0.039***

(0.006) (0.006) (0.006)

AI Risk i.t –0.333***

(0.125)

AI PositiveSentiment i.t 0.073*

(0.041)

AI NegativeSentiment i.t –0.002

(0.077)

Brexit Risk i.t - pre 2019 –0.298**

(0.136)

Brexit Risk i.t - post 2019 0.119

(0.326)

Brexit NegativeSentiment i.t - pre 2019 0.095

(0.118)

Brexit NegativeSentiment i.t - post 2019 –0.256*

(0.154)

R-squared 0.191 0.191 0.191

N 84,492 84,492 84,492

Notes: This table reports estimation results from a regression of investment
rate for firm i at time (quarterly) t on risk and sentiment variables. Investment
rate is calculated as the ratio of capital expenditures reported by firm i at time
t to the stock of property, plant and equipment reported at time t − 1. All
risk and sentiment variables are in units of percentage of sentences in earnings
calls. Unconditional Risk i,t is the percentage of sentences with risk synonyms
in an earnings call hosted by firm i at time t. AI (Brexit) Risk and Sentiment
is the percentage of sentences in an earnings call with AI (Brexit) keywords
mentioned in conjunction with a risk synonym as defined on page 6. Brexit
Risk - pre 2019 (similarly for - post 2019) is the interaction of Brexit Risk
with a dummy equal to one for the period before (post) 2019; zero otherwise.
Standard errors are clustered by firm. All specifications include controls for
sector (2 digit SIC) fixed effects and time (quarter) fixed effects. Only firms
with at least 10 earnings calls during 2015-2023.
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Figure 4: Risk contagion

(a) Transmission of Russia country risk during
the Ukraine war
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(b) Transmission of US country risk during the
Global Financial Crisis
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Notes: This figure plots the transmission of country risk to countries around the world during
two crises: (i) the first year of the war in Ukraine (Panel A) and (ii) the first three quarters of the
Global Financial Crisis (Panel B). In each panel, the horizontal axis measures the risk transmitted to
countries before the respective crisis quarters as the share of sentences about the country (weighted
by the country ngram’s weight) averaged across firms headquartered in the destination country.
The vertical axis measures the same during the crisis quarters 2022 Q1 through 2023 Q1 for Panel
A and 2008 Q1 through 2008 Q3 for Panel B.
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Figure 5: Machine learning/AI jobs and patents

Panel A: CBSA Level

Panel B: Firm Level

Notes: In Panel A, figure plots a binned scatter plot of the normalized share of jobs
posted in a CBSA between 2015-2019 that mention one of the ‘Machine learning/AI’
keywords against the normalized share of patents that mention the same keywords
filed in a CBSA between 1976-2014. Normalized share of jobs for each CBSA is

calculated as Normalized share jobsc,τ =
Share of ML/AI Jobsc,τ

Share of all jobsc,τ
- the share of jobs in a

CBSA posted during 2015-2019 which mention keywords associated with machine
learning out of all such jobs in the US divided by the share of jobs posted in the
CBSA out of all jobs posted in the US during 2015-2019. Normalized share of patents
for each CBSA is calculated as the share of patents in a CBSA filed during 1976-2014
which mention keywords associated with machine learning divided by the share of
all patents in the CBSA filed during 1976-2014. Panel B replicates Panel A using
firm-level data in place of CBSA level data.
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