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• Financial stability risks have two components: 

1. Vulnerabilities: leverage, overvaluation, …

2. Triggers: bank failures, wars, pandemics, …

• Monitoring of vulnerabilities is well developed

• Monitoring of triggers remains largely 

qualitative

• Our motivation: systematically assess potential 

trigger events using news and AI

ECB Financial Stability Review framework: vulnerabilities, triggers and risks

Source:  Figure A.2 from Nov 2024 ECB Financial Stability Review Special Feature by Fell et 
al. “Communication for financial crisis prevention: a tale of two decades”
 

Motivation: Financial stability monitoring of triggers mainly qualitative 

https://www.ecb.europa.eu/press/financial-stability-publications/fsr/special/html/ecb.fsrart202411_01%7E9942a246e3.en.html
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Why AI and text-based methods for financial stability analysis?
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• Financial stability (FS) risks often 
materialise following rare but severe trigger 
events, making early detection challenging

• Many FS indicators reflect vulnerabilities 
(e.g. credit, RRE prices, balance sheets) 
and are released with time lags

• News and narratives contain information 
about potential trigger events but have been 
hard to monitor systematically so far

• AI enables scalable and systematic analysis 
of unstructured text, supporting timely 
identification of financial stability triggers

Increasing interest in the topic of Financial 
Stability and AI
(Relative search interest)

Sources: Google trends data
Notes: Search term is Financial Stability and AI, worldwide. Numbers represent search 
interest relative to the highest point on the chart for the given region and time. A value of 
100 is the peak popularity for the term. A value of 50 means that the term is half as 
popular. A score of 0 means there was not enough data for this term. This is relative 
search interest rather than absolute search volume.
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From dictionary indices to LLM-based indicators
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Traditional Natural Language 
Processing (NLP)

Transformer- and LLM-based Methods

General 
description

Count the number of articles 
containing predefined risk-related 
keywords; measure the frequency 
of risk-related terms in text

Use attention-based neural networks to capture 
context, meaning, and relationships at the 
sentence and document level

Examples EPU (Baker et al., 2016), FSS 
(Correa et al., 2021), GPR (Caldara 
& Iacoviello, 2022)

BERT (Devlin et al., 2019), FinBERT (Yang et al., 
2020), CentralBankRoBERTa (Pfeifer et al., 
2023), ChatGPT-based indicators (Bond et al., 
2023; Kwon et al., 2025)

Advantages Simple, transparent, interpretable, 
easy to implement

Can better capture context and forward-looking 
narratives, flexible, scalable to large volumes of 
text

Limitations Lacks context (e.g. “tax cuts” may 
be positive or negative); performs 
poorly outside its original context

Higher complexity, limited interpretability, risk of 
hallucinations, more resource-intensive

Recent work increasingly uses LLMs to complement traditional text-based indicators because they capture 
richer and more forward-looking narratives.

Notes: Traditional NLP methods include dictionaries, keyword searches and bag-of-words 
models

https://academic.oup.com/qje/article/131/4/1593/2468873
https://academic.oup.com/rof/article/25/1/85/5824804
https://www.aeaweb.org/articles?id=10.1257/aer.20191823
https://www.aeaweb.org/articles?id=10.1257/aer.20191823
https://www.aeaweb.org/articles?id=10.1257/aer.20191823
https://www.aeaweb.org/articles?id=10.1257/aer.20191823
https://aclanthology.org/N19-1423/
https://arxiv.org/abs/2006.08097
https://arxiv.org/abs/2006.08097
https://www.sciencedirect.com/science/article/pii/S2405918823000302
https://www.sciencedirect.com/science/article/pii/S2405918823000302
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4584928
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4584928
https://www.bis.org/publ/work1294.htm
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Method and Data
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SPOT: Severity and Probability of Trigger events
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• Goal: Develop a forward-looking indicator measuring the probability and severity of potential trigger 
events in the euro area (impact on euro area economic activity and/or financial stability)

• Method: Text-based identification and classification of potential trigger events using LLMs and 
Financial Times newspaper articles

• Classification: Articles are flagged if they signal a potential trigger event with severe macro-financial 
implications within the next year.

• Extracted attributes:
• Probability that the trigger event materialises (low  → high)
• Severity (mild → very severe)
• Time horizon (1–3m, 3–6m, 6–12m, longer)
• Trigger source (macroeconomic, financial, geopolitical, monetary policy, fiscal, other)

• Indicator construction: trigger frequency, average probability, average severity and expected impact 
(probability × severity), aggregated across all articles classified as triggers

• Why it matters: the four attributes allow decompositions, conditioning, and interpretation of risks — 
making the indicator more operational for analysis and monitoring compared to dictionary-based 
methods
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Step 1

Operationalising SPOT: Prompting pipeline
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Input: 1.1 million articles

Task: Pre-filter articles 
with an economic or 

financial stability focus

Output: 650k articles

Model: GPT-4o-mini

Input: 650k articles

Task: Identify articles 
signalling severe macro-
financial trigger events 

within the next year

Output: 140k articles

Model: GPT-4o-mini

Input: 140k articles

Task: Extract risk 
attributes (e.g. severity, 
source, probability) for 
all articles flagged in 

Step 2

Output: 140k articles

Model: GPT-4o-mini

In the final sample, 650k articles are retained, of which 140k articles are 
classified as signalling potential trigger events and assigned risk attributes.

Step 2 Step 3

Notes: Prompts explicitly prohibit use of future information or outside knowledge.
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A 20-year news dataset for financial stability analysis
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Number of FT articles varies strongly over time
(# articles per month)

• Full dataset covers a 20-year timespan of English articles published in the Financial Times (FT)
• More than 1 million articles are included, but unevenly distributed across months and years; pre-

filtering removes some noise
• Articles published in the FT are quite heterogeneous

FT article coverage varies substantially over time and 
content type (Descriptive statistics)

Sources: Financial Times data
Own calculation on the full dataset, after excluding empty entries and duplicates

Criterion Mean Std. Deviation Min Max

Words per 
article 570 473 154 40476

Articles 
per month 4113 1463 1610 6705

Articles 
per year 44558 21801 22460 70663

Most articles were published on a Friday (20.7%), fewest on a 
Saturday (3.0%)
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• Stable results across different prompt 
specifications

• Limited sensitivity to model size and 
capacity

• Robustness to variations in sample size
• We explicitly mitigate potential 

information leakage
• The LLM is instructed to avoid using external or 

future knowledge beyond the scope of the article
• (Prompt excerpt): "Use only information contained in the article as of its 

publication date, do not use outside knowledge, future information, or 
speculation."

• We do not ask the LLM to generate the aggregate 
indicator directly, but instead use it to label individual 
articles

• Indicator performance does not appear to change 
when using articles published after the model training 
cut-off date

Results remain robust across sensitivity checks

12

Example article — 29 January 2026

“Europe and the UK would lose more 
than the US in a trade war, research 
finds” (headline)

Model Probability Severity Horizon Source

4o 2 2 3 Geo-
political

4o-mini 2 2 3 Geo-
political

5-mini 2 2 2 Geo-
political
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Results
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Different SPOT dimensions provide complementary monitoring signals
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• SPOT indicators align with major historical stress episodes, including the GFC, EA debt crisis, COVID-19 
pandemic and the Ukraine war

• Varying trigger sources: financial shocks in 2008–12, exogenous shock in 2020, geopolitical risk in 2022
• The share of short-term trigger articles increases ahead of crises, while trigger probabilities remain elevated 

at the current end
Decompositions into trigger sources help form a narrative
(Decomposition of expected impact (probability x severity) across all articles)

Sources: Financial Times data, authors’ calculations.
Notes: Expected impact = average probability × severity across all articles, where non-trigger 
articles are assigned zero values.

Horizon of triggers varies over time
(Share of trigger articles with different horizons of impact)
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Sectoral SPOT indices can be used to monitor specific trigger sources
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• Sectoral indices align well with past risk narratives
• Geopolitical triggers spiked in 2022 and 2025 and remain elevated relative to historical averages
• Fiscal policy triggers peaked during the euro area debt crisis and have risen again during 2025

Geopolitical triggers on an upward trend in past 15 years
(Expected impact (Probability*Severity) for geopolitical trigger articles)

Sources: Financial Times data
Notes: The expected impact also accounts for the frequency of the identified trigger articles 
for the respective trigger source.

Fiscal policy triggers important during EA debt crisis
(Expected impact (Probability*Severity) for fiscal policy trigger articles)
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For comparison we also benchmark against other stress/risk indicators
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• SPOT correlates with CISS (~0.7) but also contains complementary news-based information, for 
example, it is more persistent than the CISS

• SPOT captures additional dimensions relative to standard stress indicators and also accounts for the 
potential impact on the economy or financial system 
SPOT complements stress indicators like the CISS 
(CISS: normalized, SPOT: Probability x Severity, Class = 1)

SPOT captures more dimensions than other indicators
(SPOT, geopolitical risk, and policy uncertainty; standardized indices)

Sources: Financial times data, authors’ calculations.
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SPOT indicators outperform CISS and other indicators in G@R models
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• A Growth-at-Risk (G@R) panel model is used to assess the information content of SPOT indicators
• SPOT indicators outperform other indicators for short-term (1q) and medium-term (1y) horizons
• The interaction between triggers and vulnerabilities appears important in driving downside risks to 

growth
Trigger event information improves the early identification of downside risks to the economy
(% improvement in panel growth-at-risk model fit (tick loss) for the 10th percentile at 1q- and 1y-ahead horizons)

Sources: Authors’ calculations.
Notes: The baseline panel model includes GDP and the Systemic Risk Indicator (including 
its lag and a dummy variable for cases when SRI>0) and covid period dummies (2020q1-
2020q4,2021q2). We use 3-month moving averages to convert higher frequency indicators 
to quarterly values. 
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Conclusion
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Conclusion and outlook

19

• We develop SPOT, a forward-looking, news-based indicator capturing the probability 
and severity of financial stability trigger events

• SPOT aligns well with major historical crisis episodes, and the rich set of extracted 
attributes (probability, severity, horizon, source) helps form a risk narrative

• SPOT contains complementary information to existing risk measures (e.g. CISS, 
GPR) and improves short- and medium-term Growth-at-Risk models

• SPOT can be integrated into regular monitoring frameworks to complement 
vulnerability and stress indicators

• Ongoing robustness assessments will remain important as underlying models 
evolve (e.g. varying prompts, LLM vintages, and new data/information) 

• Working Paper and Financial Stability Review (May 2026) article available
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Abstract

Financial stability risks are made up of two distinct components: vulnerabilities and possible
trigger events. While there has been considerable progress regarding the measurement of vul-
nerabilities, the assessment of possible trigger events remains largely qualitative. To fill this gap,
we employ Large Language Models to extract information about the Severity and Probability
Of potential Trigger events (SPOT) from a large dataset of financial news articles over the
period 2005 – 2025. Our SPOT indicator increases ahead of major historical trigger events,
correctly identifies trigger sources, and helps to improve forward looking model estimates of
downside risks to the economy. Our results indicate that the use of AI-based signal extraction
from text can be a promising avenue to improve the monitoring of financial stability risks.

JEL codes

JEL: C55, C88, E32, E44, G01
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Financial stability; Artificial intelligence; Crisis indicators; Growth-at-risk;
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Non-technical summary

Financial stability risks typically arise from the interaction between underlying macro-financial
vulnerabilities and adverse trigger events that can materialise unexpectedly. While substantial
progress has been made in monitoring vulnerabilities, the systematic assessment of potential
trigger events remains challenging and often relies on qualitative judgement. This paper pro-
poses a novel framework to quantify such trigger events using artificial intelligence (AI) and
large-scale text analysis.

We introduce SPOT, a novel AI-based indicator to measure the Severity and Probability Of
Triggers. SPOT is generated using large language models (LLMs) and a large dataset of finan-
cial news articles. The LLM assesses whether an article describes events capable of adversely
affecting euro area economic activity or financial stability in the future and then performs a
structured assessment along four dimensions: the probability that the event could materialise,
the severity of its potential macro-financial impact, the expected time horizon of the impact,
and the dominant source of the trigger. These article-level assessments are then aggregated into
the SPOT indicator to capture both the frequency and intensity of potential triggers over time.

The resulting SPOT indicator tracks major episodes of financial and macroeconomic stress
and provides detailed information on the nature of emerging risks. The benchmark SPOT indi-
cator rises ahead of the global financial crisis, the euro area sovereign debt crisis, the COVID-
19 pandemic and periods of heightened geopolitical tensions. The framework also allows for
a decomposition of SPOT by trigger source and by attributes such as probability, severity and
expected timing, thereby offering a structured and comprehensive view of evolving financial
stability risk perceptions and their underlying drivers.

We further show that SPOT provides information beyond existing risk indicators, includ-
ing measures of financial stress, geopolitical risk and economic policy uncertainty. While
correlated with these indicators, SPOT captures broader forward-looking narratives reflected
in financial news and incorporates information about the probability and potential impact of
adverse events. This additional information proves economically meaningful: incorporating
SPOT into a growth-at-risk framework significantly improves the assessment of downside risks
to economic growth, particularly when combined with measures of financial vulnerabilities.

Overall, the results demonstrate that AI-based text analysis can enhance financial stability
monitoring by systematically extracting forward-looking signals from large volumes of unstruc-
tured information.
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1 Introduction

Since the global financial crisis, the analysis of financial stability risks has gained prominence
at central banks, supervisory authorities, and international institutions. At a conceptual level,
financial stability risks can be broken down into two components: 1) vulnerabilities, such as
excessive leverage, maturity mismatches, or asset price misalignments; and 2) potential trigger
events, such as bank failures, interest rate shocks, a loss of confidence, wars, or pandemics
(Covitz et al., 2015; Fell and Schinasi, 2005; Fell et al., 2024). While there has been consider-
able progress in measuring vulnerabilities using individual or composite indicators (Alessi and
Detken, 2011; Borio and Drehmann, 2009; Borio and Lowe, 2002; Detken et al., 2014; Lang et
al., 2019; Schularick and Taylor, 2012; Schüler et al., 2020), the monitoring of potential triggers
remains largely qualitative due to the complex and constantly evolving nature of such triggers.
Hence, the assessment of financial stability risks and especially of potential triggers is akin to
walking barefoot in a dark room filled with broken glass: you are not sure whether the next step
is risky or not, due to limited visibility regarding what is lying ahead.

The aim of this paper is to generate an additional SPOT of light into the analysis of financial
stability risks, by employing recent advances in Artificial Intelligence (AI) to systematically
assess the potential Severity and Probability Of Triggers (SPOT) based on news. Specifically,
we apply a structured Large Language Model (LLM) prompt to more than 1 million newspa-
per articles from the Financial Times starting in 2005 to classify whether an article signals a
potential future trigger event that could have a severe negative impact on the euro area econ-
omy and financial stability, and to assess various properties of the potential trigger, such as the
severity, probability, time horizon, and trigger source. The motivation for this approach is that
newspaper articles often discuss potential trigger events and LLMs can be used to extract this
information systematically. Based on the article classification and extracted trigger properties
from our structured prompting process, we construct various SPOT indicators that can be used
to complement vulnerability indicators for the assessment of financial stability risks.

Our benchmark SPOT indicator, which reflects the average expected impact of trigger events
across all articles, spikes ahead of major historical episodes of financial instability, such as the
global financial crisis, the euro area sovereign debt crisis, the Covid-19 pandemic, or the Rus-
sian invasion of Ukraine (See Figure 1). Moreover, the decomposition of the SPOT indicator
by trigger source allows for further insights into underlying drivers and helps form a risk narra-
tive. For instance, financial market triggers dominated during the global financial crisis, other
exogenous triggers increased in importance during the COVID-19 pandemic, while geopoliti-
cal triggers spiked following Russia’s invasion of Ukraine in 2022. Moreover, sectoral SPOT
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indicators can be used to complement the benchmark SPOT indicator for monitoring of specific
trigger sources, such as those related to geopolitical events.

Figure 1: Benchmark SPOT indicator with decomposition by trigger source over time

Notes: The benchmark SPOT indicator is calculated as the average expected impact (probability*severity) of trigger events
across all articles at a given point in time.

We also use the growth-at-risk modeling approach pioneered by Adrian et al. (2019) to for-
mally evaluate our AI-based indicators. The estimation results from euro area panel growth-at-
risk models for 1-quarter and 1-year ahead horizons show that various SPOT indicators contain
useful information about future downside risks to the economy and outperform other commonly
used indicators capturing financial stress (Kremer et al., 2012), geopolitical risk (Caldara and Ia-
coviello, 2022), policy uncertainty (Baker et al., 2016) or volatility (Engle and Campos-Martins,
2023). The estimation results also reveal that interacting SPOT indicators with commonly used
vulnerability indicators in growth-at-risk models (Lang et al., 2025) further improves the ex-
planatory power of the models, indicating important amplification mechanisms between vul-
nerabilities and triggers in driving economic tail risks. Overall, the results presented in this
paper suggest that the AI-based SPOT indicators can measure potential trigger events and un-
derlying trigger sources in a systematic way and provide useful information for the monitoring
of financial stability risks.

Our paper contributes to the literature on the use of AI to generate indicators from text, the
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measurement of financial stability risks, and the use of growth-at-risk models. The remainder
of the paper is structured as follows. Section 2 discusses the related literature in more detail.
Section 3 presents our prompting strategy, the data used, and the proposed SPOT indicators.
Section 4 provides an overview of empirical results for various SPOT indicators. In Section 5 we
compare the SPOT indicators to other indicators suggested in the literature, perform the panel
growth-at-risk model estimations, and show various robustness exercises. Section 6 concludes.

2 Literature review

Textual data potentially contain economically relevant information that can complement tra-
ditional numeric data sources. Methods for extracting information from text typically require
processing large corpora (Gentzkow et al., 2019) and have benefited substantially from recent
advances in computational power and language modeling. Our paper relates to a growing lit-
erature that uses text-based methods to construct economic and financial indicators, and in par-
ticular to recent work employing Large Language Models (LLMs) for sentiment measurement,
uncertainty quantification, and financial stability analysis.

A large body of earlier research constructs economic indicators from text using relatively
simple Natural Language Processing (NLP) techniques such as keyword dictionaries, word
counts, or bag-of-words approaches. Prominent examples include the Economic Policy Un-
certainty (EPU) index by Baker et al. (2016), the Financial Stability Sentiment (FSS) index by
Correa et al. (2017), and the Geopolitical Risk (GPR) index by Caldara and Iacoviello (2022).
While these methods are transparent and easy to implement, they rely on predefined vocabu-
laries and typically fail to capture semantic context, narrative structure, or evolving economic
language (Loughran and McDonald, 2011). Recent work therefore seeks to improve text-based
measurement by incorporating contextual language models and neural-network-based classi-
fiers.

Several studies demonstrate the potential of LLMs for generating sentiment-based indicators
from financial news. Bond et al. (2023) use ChatGPT to construct sentiment-based market indi-
cators from daily news summaries. Lopez-Lira and Tang (2023) show that GPT-based models
can extract economically meaningful signals from news headlines that predict market reactions.
Similarly, Lefort et al. (2024) apply LLMs to financial news headlines to derive sentiment scores
for NASDAQ index predictions. Zhang et al. (2025) propose FinSentLLM, which combines an
ensemble of LLMs with structured financial signals and expert-driven semantic cues to improve
financial sentiment forecasting. Their approach captures inter-model agreement and domain-
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specific information and yields improvements in predictive accuracy and long-run comovement
with major stock indices.

Beyond sentiment scores, Nyman et al. (2021) show that changes in the coherence and emo-
tional structure of financial narratives systematically precede episodes of financial instability.
Their findings support the view that news text embeds forward-looking information about sys-
temic risk, providing a conceptual foundation for event-based monitoring frameworks. While
this work provides an important conceptual foundation, monitoring of macro-financial risks of-
ten requires more compressed and easily interpretable indicators. Kwon et al. (2025) construct
sentiment indices for macroeconomic growth and inflation from a large corpus of U.S. news
articles. Their approach directly extracts economic narratives from press coverage and decom-
poses sentiment into interpretable drivers such as demand and supply forces. The resulting
indicators closely track conventional macroeconomic measures and improve forecasting perfor-
mance when incorporated into predictive models, suggesting that text-based sentiment captures
information not contained in traditional data sources.

A related strand of literature applies LLMs to measure economic uncertainty and policy-
related risks. Audrino et al. (2024) introduce an LLM-based framework for measuring eco-
nomic uncertainty from newspaper texts that exploits contextual language understanding to
classify sources of uncertainty across domains such as geopolitics, economic policy, monetary
policy, and financial markets. The resulting indices exhibit stronger correlations with macroe-
conomic developments and financial market volatility than traditional benchmarks. Similarly,
Chen et al. (2024) revisit the construction of the Economic Policy Uncertainty index by showing
that keyword-matching approaches neglect semantic context and introduce noise. By replacing
keyword matching with neural-network classifiers, they improve predictive performance and
out-of-sample accuracy.

Our paper contributes to this literature by proposing a structured LLM-based framework
to identify potential financial stability trigger events from news in a forward looking manner
and to assess their probability, severity, timing, and source. While existing work primarily
focuses on sentiment or uncertainty measurement using LLMs, we construct SPOT indicators
that explicitly capture potential trigger events for financial stability risks and examine their
interaction with financial vulnerabilities within a growth-at-risk framework.
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3 SPOT methodology and data

Financial stability risks arise from a combination of underlying vulnerabilities and potential
trigger events (Covitz et al., 2015; Fell and Schinasi, 2005; Fell et al., 2024), yet such triggers
remain inherently difficult to quantify due to their complex and evolving nature. To address
this gap, we develop a forward-looking SPOT indicator to systematically identify and charac-
terise the Severity and Probability Of Triggers (SPOT) for financial stability risks in the euro
area. The SPOT indicator is constructed from Financial Times (FT) articles evaluated using
GPT-4o-mini within a structured multi-stage prompting pipeline designed for large-scale text
classification.

3.1 Prompting strategy

The proposed prompting framework decomposes the task into three sequential steps (Figure 2)
to first identify economically relevant content, then detect forward-looking trigger events, and
finally extract key attributes of potential trigger events. Each step represents a different prompt
that we ask the LLM to evaluate via an API. This modular prompt design mitigates context
window limitations, reduces cognitive load on the model, and improves the consistency and
interpretability of the resulting classifications. The prompting framework relies on rigorously
specified instructions that define key economic and financial stability concepts, enforce forward-
looking discipline, and structure model outputs. In addition, the model is explicitly instructed
to use only information contained in the article as of its publication date and to avoid using
external knowledge, future information, or speculation. This restriction mitigates information
contamination and helps to ensure that the resulting classifications reflect real-time information
contained in the newspaper article, consistent with the risk monitoring objective.

In the first step, all news articles are pre-filtered to identify content whose primary focus is
economic or financial and whose economic or financial discussion is explicit, substantive, and
central to the article. Economic and financial content is defined to include macroeconomic vari-
ables (such as inflation, GDP, interest rates, or unemployment), financial markets or instruments
(including equities, bonds, spreads, banks, or non-bank financial institutions), or economic pol-
icy with a direct and concrete economic impact. Articles concerning individual firms are re-
tained only if firm-specific developments are described as having implications for the broader
economy or financial system. Articles that are strictly non-economic or non-financial, or that
use economic terminology only metaphorically or without analytical substance, are excluded.
When the classification is ambiguous, the model is instructed to conservatively exclude the ar-
ticle. This pre-filtering step removes unrelated content (e.g. articles only covering politics, art,

6



travel, etc.) and ensures that subsequent analysis focuses on articles with relevant information.

Figure 2: Three-stage prompting pipeline

Notes: Each stage represents a different prompt that is sent to the LLM to evaluate via an API.

In the second step, the pre-filtered articles are classified whether they signal current trigger
events or potential future trigger events that could have a severe negative impact on economic
activity or the stability of the financial system within the euro area over a 1–12 month horizon
(Class = 1). A severe negative impact on economic activity is defined as negative real GDP
growth, significant declines in industrial production, or substantial increases in unemployment,
while a severe negative impact on financial stability includes banking-sector losses, signifi-
cant increases in interbank lending rates, or large outflows of bank deposits. The classification
explicitly adopts a forward-looking perspective, identifying statements about forecasts, expec-
tations, warnings, or predictions concerning potential future developments affecting the euro
area. Articles describing only current or past developments without credible future implications
for euro area economic activity or financial stability are classified as non-trigger events. Partic-
ular emphasis is placed on euro area relevance: articles concerning non-euro area developments
or firm-specific events are classified as trigger events only if plausible spillovers to euro area
economic activity or financial stability within the specified horizon are indicated or strongly
implied.

In the third step, articles identified as signaling potential trigger events are further charac-
terised along several dimensions capturing the probability (Prob), severity (Sev), time horizon,
and source of the potential trigger. To provide an additional consistency check for the second
stage, the third stage explicitly allows zero-value categories, thereby giving the model an exit
option even when an article has been previously classified as signaling a trigger event. This
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design acts as a form of double verification, allowing the model to revise earlier assessments if
the evidence for a genuine macro-financial risk trigger is weak upon closer evaluation.

Probability is measured on a four-point scale ranging from 0 (unlikely, implying effectively
zero probability) to 3 (high probability, indicating a very plausible outcome likely to materi-
alise), with intermediate values representing low and medium probability. Severity is also mea-
sured on a four-point scale, where 0 indicates negligible or limited effects on output, employ-
ment, or financial stability; 1 indicates mildly severe outcomes such as contained sectoral stress
or limited financial tightening; 2 indicates severe outcomes involving broad-based macroeco-
nomic or financial disruption; and 3 indicates very severe or systemic impacts, including bank-
ing distress, sovereign funding crises, or widespread economic contraction.

In the third step, the model also assigns a time horizon indicating when the impact is most
likely to materialise, distinguishing between impacts that have already materialised, impacts
expected within 1–3 months, 3–6 months, 6–12 months, and 12–36 months. Finally, the model
identifies the dominant source of the trigger event by assigning the article to one of several
predefined categories. These include macroeconomic events (such as demand disturbances,
commodity price shocks, or exchange rate adjustments), financial market events (including liq-
uidity shortages, banking-sector instability, or reassessments of asset risk), geopolitical events
(such as wars, political instability, trade conflicts, or sanctions), monetary policy events, fiscal
policy events, or other (exogenous) shocks such as natural disasters or pandemics.

Overall, the three-step prompting pipeline enables scalable and systematic identification of
potential trigger events from a large set of newspaper articles, while maintaining conceptual
clarity. The modular structure further enhances operational flexibility, as individual steps can
be updated independently in case one wants definitions or emerging trigger source categories
to be adjusted. In particular, revisions to the attribute characterizations can be implemented by
modifying only the final prompting stage without re-running the entire pipeline, which facili-
tates continuous monitoring and regular updating of risk assessments. The sequential prompt-
ing design also improves computational efficiency by restricting more demanding classification
tasks to a progressively smaller subset of relevant articles.

3.2 Dataset

We apply the three-stage prompting framework described above to a large dataset of newspaper
articles from the Financial Times (FT). The FT serves as our data source due to its consis-
tent high-quality focus on economic and financial topics in Europe, which ensures thematic
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coherence and reduces the need for extensive pre-screening of unrelated content. The dataset
covers articles published between January 2005 and January 2026 and provides broad cover-
age of macroeconomic and financial developments relevant for financial stability analysis. For
each article, we extract the title, body text, and publication date, which serve as inputs to the
LLM classification procedure. The publication date ensures that model assessments rely only
on information available at the time of publication (as instructed in the LLM system prompt),
thereby supporting the forward-looking design of the framework and mitigating potential look-
ahead bias.

The raw dataset comprises approximately one million articles, with an average length of
around 600 words and roughly 4,000 articles published per month (Figure 3). Overall data
quality is high. Articles with missing body text or incomplete metadata are excluded, and
duplicate entries are removed from the sample. The number of available articles varies over
time, reflecting changes in archiving practices, topic coverage, and distribution rights that affect
data availability. This variation underscores the importance of constructing indicators based
on article content rather than relying solely on article counts, a potential limitation of many
conventional dictionary-based approaches.

Figure 3: Number of Articles over time for the three prompting stages

Notes: The blue line shows the number of articles per month before the first stage i.e., the raw data. The yellow line shows
the number of articles before the second stage and after pre-filtering articles for their economic relevance. The orange line
shows the number of articles per month classified as Class1 in the second stage, that are passed to the stage three prompt.

The multi-stage prompting procedure sequentially reduces the number of articles that need
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to be processed in each step (Figure 2). After initial data cleaning, approximately 1.05 million
articles enter the first stage of the pipeline, where the pre-filter removes articles without a pri-
mary economic or financial focus (around 39% of the sample). The second stage evaluates the
remaining articles for forward-looking trigger events relevant for euro area economic activity or
financial stability and excludes a further 78% of observations. In total, approximately 144,000
articles are retained for the final stage, in which potential trigger events are characterised along
several dimensions such as probability, severity, time horizon and trigger source (Figure 3).

Table 1: Marginal distributions of extracted trigger attributes (Class 1 articles)
Attribute Category Total (N) Share (%)

Trigger source

Financial market events 50,989 35.4
Macroeconomic events 44,717 31.0
Geopolitical events 25,924 18.0
Fiscal policy events 10,915 7.6
Monetary policy events 9,583 6.6
Other events 1,981 1.4

Probability

Unlikely / effectively zero probability (0) 43 0.0
Low probability (1) 4,221 2.9
Medium probability (2) 93,881 65.1
High probability (3) 45,964 31.9

Severity

Negligible / limited effects (0) 74 0.1
Mildly severe (contained stress) (1) 10,678 7.4
Severe (broad disruption) (2) 113,309 78.6
Very severe / systemic (3) 20,048 13.9

Horizon

Already materialising (0) 5,428 3.8
Within 1–3 months (1) 84,060 58.3
Within 3–6 months (2) 27,107 18.8
Within 6–12 months (3) 27,241 18.9
Within 12–36 months (4) 273 0.2

Notes: Shares are computed relative to all Class 1 articles. Probability and severity are measured on a 0–3 scale and horizon
on a 0–4 scale.

The marginal distributions of the extracted attributes from the third stage prompt are reported
in Table 1. Most trigger articles are assigned a medium probability and severity, while high-
probability and high-severity events occur less frequently, reflecting the rarity of crisis level
triggers in news coverage. As a robustness feature of the prompting design, in the third stage
the model is allowed to assign category 0 for probability and severity even for articles previously
identified as trigger events. Such cases are rare (≤ 0.1%), confirming the validity of the step 2
classification. For the horizon attribute, category 0 indicates that the adverse impact is already
materialising rather than expected in the future. This occurs in only 3.8% of trigger articles and
is most likely due to the fact that during crisis periods the distinction between triggers being
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contemporaneous rather than forward-looking becomes somewhat blurry. More than half of the
potential triggers are assessed to have an impact within 1-3 months. In terms of trigger sources,
around 30% of triggers relate to financial market and macroeconomic events respectively, with
a further 20% related to geopolitical events.

The joint distributions of extracted trigger attributes in Table 2 provide further insights.
Slightly less than half of the high probability triggers are also high severity triggers. On the
other hand, almost all of the high severity triggers also have a high probability of materialising.
Around 90% of the high probability and high severity triggers are associated with short hori-
zons. The occurrence of high probability and high severity triggers is therefore concentrated
during periods of imminent stress. Conversely, the model rarely assigns high probability or
high severity to triggers with distant horizons (≥ 3), which is consistent with the notion that
news coverage of distant triggers will often be more speculative and vague when it comes to
their potential impact. The distributions of severity, probability, and horizon characteristics are
rather similar across the different trigger sources. However, short horizon triggers are domi-
nated by financial market events, whereas medium to longer horizon triggers are dominated by
macroeconomic events (Table 2).

Table 2: Joint distributions of trigger attributes (shares in % of Class 1 articles)
Probability Severity Horizon Trigger source

Attribute Category 0 1 2 3 0 1 2 3 0 1 2 3 4 Macro FinMkt Geo MP Fiscal Other

Probability

0 100 0 0 0 98 0 0 0 2 74 9 0 0 0 16
1 1 98 1 0 1 22 17 57 4 42 27 11 6 11 3
2 0 7 93 0 0 49 25 25 0 34 31 18 7 8 1
3 0 0 57 43 11 80 7 2 0 23 45 19 6 6 1

Severity

0 58 42 0 0 59 0 0 14 27 73 9 0 5 0 12
1 0 39 61 0 0 35 20 43 2 43 26 12 8 10 2
2 0 0 77 23 1 58 21 20 0 32 33 18 7 8 1
3 0 0 2 98 20 74 4 2 0 16 53 20 2 7 1

Horizon

0 1 1 3 96 1 1 24 75 23 61 6 1 5 2
1 0 1 55 44 0 4 78 18 26 40 18 7 8 1
2 0 3 86 11 0 8 89 3 41 27 18 7 7 1
3 0 9 88 4 0 17 82 1 39 23 22 6 8 2
4 0 68 22 10 7 65 22 5 45 24 10 4 10 7

Trigger source

Macro 0 4 72 24 0 10 82 7 3 49 25 24 0
FinMkt 0 2 57 41 0 5 74 21 7 67 15 12 0
Geo 0 2 65 33 0 5 79 16 1 57 18 23 0
MP 0 3 70 28 0 9 87 5 1 64 19 17 0
Fiscal 0 4 70 26 0 9 78 12 3 59 17 21 0
Other 0 7 67 26 0 11 75 14 7 54 14 24 1

Notes: Entries are row-wise shares in %. Within each row, reported blocks sum to 100. Probability is measured on a four-
point scale from 0 (unlikely, effectively zero probability) to 3 (high probability). Severity is measured on a four-point scale
from 0 (negligible impact) to 3 (very severe or systemic impact). The horizon indicates the expected timing of the impact:
0 = already materialising, 1 = within 1–3 months, 2 = within 3–6 months, 3 = within 6–12 months, and 4 = within 12–36
months. Trigger source categories are abbreviated as follows: Macro (macroeconomic events), FinMkt (financial market
events), Geo (geopolitical events), MP (monetary policy events), Fiscal (fiscal policy events), and Other (exogenous events).
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3.3 Construction of SPOT indicators

The classification into trigger articles (Class = 1) and non-trigger articles (Class = 0) from
prompting step 2 and the extracted attributes from prompting step 3 can be used to create various
SPOT indicators reflecting the potential Severity and Probability Of Triggers (SPOT). Before
presenting these indicators, it is useful to define some notation. Let Nt denote the total number
of economic or financial articles at a given point in time t, and let NC1

t and NC0
t denote the

number of Class1 and Class0 articles respectively, where Nt = NC1
t + NC0

t . Whenever we
sum over the entire set of articles we use the index i and whenever we sum over a subset of
articles we use the index j. By default, whenever an article is classified as Class0 in prompting
step 2, all of the attributes that are extracted in prompting step 3 are automatically set to zero.
Based on these notation conventions we can easily define the following SPOT indicators.

Trigger Frequency Indicator. The share of articles signaling potential trigger events:

Freqt =
1

Nt

Nt∑
i=1

Classi =
1

Nt

NC1
t∑

j=1

Classj =
NC1

t

Nt

(1)

Average Probability Indicator. The average probability of triggers across all articles:

Probt =
1

Nt

Nt∑
i=1

Probi =
1

Nt

NC1
t∑

j=1

Probj (2)

Average Severity Indicator. The average severity of triggers across all articles:

Sevt =
1

Nt

Nt∑
i=1

Sevi =
1

Nt

NC1
t∑

j=1

Sevj (3)

Average Expected Impact Indicator (Benchmark SPOT indicator). This measure captures
both the frequency and intensity of trigger signals:

Impactt =
1

Nt

Nt∑
i=1

Probi × Sevi =
1

Nt

NC1
t∑

j=1

Probj × Sevj (4)
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Decompositions of Indicators. The SPOT indicators above can also be systematically de-
composed by a certain attribute A (e.g. by trigger source, time horizon, probability, or sever-
ity), where NA denotes the number of different attribute types and N

C1|a
t denotes the number

of trigger articles associated with a specific attribute type a. Such decompositions allow for a
more detailed analysis of the nature of triggers and can help form a coherent risk narrative:1

Measuret =
NA∑
a=1

 1

Nt

N
C1|a
t∑
j=1

Measurej

 (5)

Sectoral SPOT Indicators. Frequency, average probability, severity, and expected impact can
also be calculated for different trigger sources S, where N

C1|S
t denotes the number of trigger

articles associated with a specific trigger source:

MeasureSt =
1

Nt

N
C1|S
t∑
j=1

Measurej (6)

Trigger Article Indicators. Average probability, severity, and expected impact can also be
calculated conditioning on trigger articles only:

MeasureC1

t =
1

NC1
t

NC1
t∑

j=1

Measurej (7)

The default time aggregation of articles into SPOT indicators is done at a monthly frequency.
To smooth short-term fluctuations and enhance interpretability, all indicators are transformed
into three-month moving averages.

4 Empirical results

This section provides an overview of the empirical properties of the various SPOT indicators
described in subsection 3.3.
1 The decomposition of expected impact by probability/severity is not possible. For SPOT indicators represent-

ing the probability or severity, the decompositions can be conducted along the complementary dimension.
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4.1 Aggregate SPOT indicators and decompositions

The first observation is that the frequency of trigger articles varies considerably over time,
between 10% and close to 40% (Figure 4 panel a). The largest peaks in the frequency of
trigger articles are reached during the global financial crisis in 2008, and the Covid-19 crisis
in 2020. The second observation is that while the average probability and average severity of
trigger articles display a high positive correlation, they also seem to contain complementary
information (Figure 4 panel b). For example, the amplitude of the probability is almost twice
as large as the amplitude of the severity. Moreover, there are time periods when these two
attributes of potential triggers show different dynamics, for example during 2025. As shown
in section 5.2 below, combining information about the frequency, probability, and severity of
trigger articles improves model estimates of future downside risks to the economy. Hence, our
benchmark SPOT indicator (the average expected impact) combines these three dimensions.

The benchmark AI-based SPOT indicator increases ahead of major historical trigger events
and correctly identifies the relative importance of different trigger sources, as shown in Figure 5.
For example, the benchmark SPOT indicator reaches peaks around the onset of the global finan-
cial crisis in 2008, the euro area sovereign debt crisis in 2011, the Covid-19 pandemic in 2020,
and the Russian invasion of Ukraine in 2022 (Figure 5). The decomposition of the benchmark
SPOT indicator into trigger sources allows for further insights into underlying drivers and helps
form a risk narrative. For instance, financial market triggers dominated before and during the
global financial crisis and the euro area sovereign debt crisis, while other exogenous triggers
increased in importance during the COVID-19 pandemic (Figure 5). More recently, geopolitical
triggers spiked following Russia’s invasion of Ukraine in 2022 and again during 2025 amidst
heightened geopolitical and trade tensions. Overall, these patterns suggest that the proposed
AI-based SPOT indicator can measure potential trigger events in a systematic way and provide
meaningful information about underlying drivers.
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Figure 4: Evolution of aggregate SPOT indicators over time
(a) Frequency of trigger articles

(b) Average probability and average severity of trigger articles

Notes: The trigger frequency indicator shows the share of Class1 articles over the sum of Class0 and Class1 articles. The
average probability and severity measures are shown here as averages across only Class1 articles.
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Figure 5: Benchmark SPOT indicator with decomposition by trigger source over time

Notes: The benchmark SPOT indicator is calculated as the average expected impact (probability*severity) of trigger events
across all articles at a given point in time.

The decomposition of the trigger frequency indicator by the severity and probability of the
potential trigger event allows for further insights (Figure 6). Across the full sample, events
with a "medium probability" and a "medium severity" account for the largest share of classified
trigger articles, reflecting a persistent baseline of concerns about potential trigger events in news
coverage.2 During major stress episodes like the global financial crisis, the euro area sovereign
debt crisis, the COVID-19 pandemic, and the Russian invasion of Ukraine, the composition of
classified trigger articles shifts considerably: the share of trigger articles with a high severity
rating and/or a high probability rating jumps up, indicating that news narratives intensify. This
pattern suggests that monitoring the probability–severity distribution of triggers can capture
variation in perceived risk beyond what the trigger frequency alone would convey.

2 Such trigger articles are assigned a probability = 2 and a severity = 2.
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Figure 6: Decomposition of trigger frequency indicator by probability and severity
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Notes: The chart shows the frequency of trigger articles by probability and severity classes. Probability is measured on a
four-point scale from 0 (unlikely, effectively zero probability) to 3 (high probability). Severity is measured on a four-point
scale from 0 (negligible impact) to 3 (very severe or systemic impact).

Beyond the frequency, probability and severity of potential trigger events, the SPOT indica-
tor can also capture a time-horizon dimension. The decomposition of identified trigger articles
in Figure 7 shows that trigger-related news coverage is concentrated at short horizons. More
than half of trigger articles (58%) are assigned to the short-term bucket (one to three months),
with the remainder split roughly equally between the medium-term (three to six months) and
longer-term buckets (six to twelve months), as also shown in Table 1. However, the compo-
sition of trigger horizons varies markedly over time. The weighted average horizon of trigger
articles tends to shorten ahead of and during major stress episodes, including the global finan-
cial crisis, the euro area sovereign debt crisis, the COVID-19 pandemic and Russia’s invasion
of Ukraine. This is consistent with the notion that, as trigger events become more imminent,
media coverage places greater emphasis on near-term adverse developments. From a surveil-
lance perspective, the SPOT horizon provides a complementary signal on the timing of potential
triggers, alongside SPOT signals about their perceived probability and severity.
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Figure 7: Share of trigger articles by time horizon of potential impact

Notes: Horizon = 0 (already occurring events) was dropped from the chart for readability.

4.2 Granular SPOT indicators

Building on the aggregate SPOT decompositions, this subsection further zooms in on four gran-
ular dimensions: (i) source-specific SPOT indicators, (ii) higher-frequency SPOT indicators,
(iii) horizon-specific SPOT indicators, and (iv) SPOT indicators conditional on probability and
severity thresholds.

While the decomposition of the benchmark SPOT indicator into trigger sources can help
identify drivers and form an overall risk narrative, sectoral SPOT indicators for individual trig-
ger sources make the underlying drivers even more visible and can be used to complement the
benchmark SPOT indicator for monitoring specific trigger sources (Figure 8). For example,
the sectoral SPOT indicator for fiscal triggers shows clear peaks in 2010 and 2011, which are
less visible in the aggregate decomposition chart (Figure 5). The important role of other ex-
ogenous triggers during the Covid-19 pandemic is also much more visible when looking at the
sectoral SPOT indicators. The sectoral SPOT indicator for geopolitical triggers also helps to
identify a clear upward trend over the past 15 years in the importance of such trigger events
(Figure 8). Hence, the sectoral SPOT indicators can provide useful complementary information
to the benchmark SPOT indicator.
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Figure 8: Expected impact indicators for different trigger sources

Notes: The expected impact is calculated across both classes as explained in subsection 3.3.

SPOT indicators can also be constructed at different time aggregations. While the bench-
mark indicator is calculated as a 3-month moving average of monthly values, higher-frequency
measures can provide more timely signals when new triggers emerge. Weekly SPOT indicators
capture short-term fluctuations in news coverage of triggers and can signal emerging financial
stability risks earlier, whereas monthly and quarterly aggregations smooth temporary move-
ments and highlight more persistent developments in potential trigger events. For example, at
the onset of the global financial crisis, the euro area sovereign debt crisis, and Russia’s inva-
sion of Ukraine, higher-frequency SPOT indicators increased earlier than lower-frequency time
aggregations, as shown in Figure 9. However, these more timely signals come at the cost of in-
creased volatility, implying a trade-off between responsiveness and noise. Monitoring different
time aggregations of SPOT can therefore be useful.
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Figure 9: Trigger frequency indicators for different time aggregations

Notes: The trigger frequency indicator is calculated across both classes as explained in subsection 3.3.

Constructing separate expected impact indicators for short horizons (one to three months)
and longer horizons (beyond three months) can further help to identify the immediacy of poten-
tial triggers. As shown in Figure 10, the expected impact of potential short-term triggers varies
considerably more over time than the expected impact of potential medium-term triggers. In
particular, the expected impact of short-term triggers increases significantly around major past
crisis episodes, with substantial time-variation in the underlying trigger sources (Figure 10,
panel a): during the first half of the sample period, financial market events dominate, with some
role also for macroeconomic and fiscal policy trigger events, whereas geopolitical events gain
in importance during the second half of the sample, with some role also for macroeconomic and
monetary policy events. In contrast, the expected impact of medium-term triggers shows a more
secular upward trend over the past 20 years, driven by geopolitical events and macroeconomic
events, with peaks around the euro area sovereign debt crisis and the "Liberation day" tariff
announcements in 2025 (Figure 10, panel b).
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Figure 10: Expected impact indicators for different time horizons
(a) Average expected impact for short horizons (1-3 months)
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(b) Average expected impact for longer horizons (more than 3 months)
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Notes: The indicators are calculated as the average expected impact (probability*severity) of trigger events for the respective
horizon group across all articles at a given point in time.

Finally, granular SPOT indicators conditioning on certain probability and severity thresh-
olds can also provide further insights. For example, the trigger frequency conditioning on
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high-probability events is consistently larger than the frequency conditioning also on high-
severity events, suggesting that news coverage more frequently signals an increased proba-
bility of trigger events materialising rather than also having a highly severe macro-financial
impact (Figure 11). In addition, the frequency of trigger events classified as highly probable
and highly severe mainly shoots up during episodes of major stress, whereas the frequency of
high-probability trigger events increases more gradually and often rises somewhat in advance.
These patterns suggest that increases in the frequency of triggers with a high-probability and
high-severity signals more imminent and consequential threats, while increases in the frequency
of high-probability events alone can signal earlier shifts in potential trigger events. Moreover,
the frequency of high-probability and high-severity triggers appears less responsive to news
with uncertain outcomes, as illustrated by the relatively muted response to the "Liberation day"
tariff announcements in 2025, which were widely discussed but not uniformly assessed as hav-
ing a very severe macro-financial impact.

Figure 11: Trigger frequency indicators for different probability and severity thresholds

Notes: The conditional trigger frequency indicator shows the share of Class1 articles given the specific conditions hold true
over the sum of Class0 and conditioned Class1 articles (see subsection 3.3).

5 Evaluation of SPOT indicators

5.1 Comparison to other risk indicators from the literature

In this section, we compare SPOT indicators to selected indicators proposed in the literature for
measuring financial stress, uncertainty, geopolitical risk or other relevant aspects that can relate
to trigger events. The indicators are listed in Table 3 together with selected summary statistics
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and Figure 12 presents pairwise correlations among the various indicators and annual real GDP
growth for the euro area. A number of observations are worth noting.

Table 3: Overview of indicators evaluated in the empirical exercise

Indicator Source Mean St. deviation Median 25th perc. 75th perc. Min Max Latest obs.

SPOT (Frequency)


This paper

0.22 0.06 0.22 0.18 0.24 0.10 0.39 2025 Q4
SPOT (Probability, all art.) 0.50 0.16 0.48 0.40 0.57 0.20 0.98 2025 Q4
SPOT (Probability, trigger art.) 2.25 0.12 2.24 2.18 2.30 2.02 2.52 2025 Q4
SPOT (Severity, all art.) 0.45 0.14 0.43 0.36 0.51 0.19 0.86 2025 Q4
SPOT (Severity, trigger art.) 2.04 0.08 2.02 1.99 2.09 1.89 2.21 2025 Q4
SPOT (Exp. Impact, all art.) 1.06 0.39 1.00 0.82 1.22 0.39 2.22 2025 Q4
SPOT (Exp. Impact, trigger art.) 4.72 0.42 4.65 4.45 4.98 3.90 5.71 2025 Q4
SPOT (Frequency, horizon<=3m) 0.13 0.05 0.12 0.10 0.16 0.04 0.31 2025 Q4
SPOT (Frequency, prob. class=3) 0.07 0.04 0.06 0.04 0.08 0.01 0.20 2025 Q4
SPOT (Frequency, sev. class=3) 0.03 0.02 0.02 0.02 0.04 0.00 0.10 2025 Q4
SPOT (Frequency, prob. & sev. class=3) 0.03 0.02 0.02 0.01 0.04 0.00 0.09 2025 Q4
SPOT (Financial market events) 0.37 0.25 0.28 0.22 0.47 0.10 1.24 2025 Q4
SPOT (Fiscal policy events) 0.07 0.05 0.06 0.04 0.09 0.01 0.25 2025 Q4
SPOT (Geopolitical events) 0.22 0.18 0.19 0.09 0.29 0.03 1.16 2025 Q4
SPOT (Macroeconomic events) 0.31 0.15 0.28 0.21 0.37 0.11 0.99 2025 Q4
SPOT (Monetary policy events) 0.07 0.04 0.06 0.04 0.08 0.02 0.19 2025 Q4
SPOT (Other events) 0.02 0.03 0.01 0.01 0.02 0.00 0.29 2025 Q4
CISS Kremer et al. (2012) 0.17 0.19 0.08 0.03 0.27 0.00 0.90 2025 Q4
Common Volatility Engle and Campos-Martins (2023) 0.57 0.16 0.55 0.47 0.66 0.19 1.10 2025 Q2
Economic Policy Uncertainty Baker et al. (2016) 162.85 72.65 151.87 111.72 210.02 55.39 370.51 2025 Q1
Geopol. Frag. - financial Fernandez-Villaverde et al. (2024) -0.63 0.63 -0.78 -0.95 -0.23 -1.68 0.99 2024 Q1
Geopol. Frag. - political Fernandez-Villaverde et al. (2024) 1.51 1.30 1.72 0.45 2.52 -0.66 3.48 2024 Q1
Geopol. Frag. - trade Fernandez-Villaverde et al. (2024) -0.75 0.33 -0.89 -0.97 -0.68 -1.12 0.28 2024 Q1
Geopol. Risk Index Caldara and Iacoviello (2022) 100.25 26.04 90.85 84.92 109.19 69.69 224.60 2025 Q2
Geopol. Frag. - common Fernandez-Villaverde et al. (2024) -0.32 0.45 -0.44 -0.52 -0.14 -0.96 0.76 2024 Q1
Global Supply Chain Pressure FED New York 0.16 1.06 -0.12 -0.48 0.33 -1.32 4.26 2025 Q2
JLN Financial Uncertainty Ludvigson et al. (2021) 0.99 0.06 0.99 0.94 1.03 0.90 1.13 2024 Q3
JLN Macro Uncertainty Ludvigson et al. (2021) 0.93 0.07 0.91 0.88 0.97 0.84 1.13 2024 Q3
JLN Real Uncertainty Ludvigson et al. (2021) 0.89 0.05 0.86 0.86 0.91 0.83 1.10 2024 Q3
Perception of Geopol. Risk Alonso-Alvarez et al. (2025) 99.83 48.44 92.14 66.69 105.54 55.02 358.89 2024 Q4
Trade Policy Uncertainty Caldara et al. (2019) 70.25 104.00 34.60 26.64 61.87 20.78 782.33 2025 Q2
World Sentiment Index Ahir et al. (2022) 0.82 0.68 0.82 0.49 1.30 -1.40 2.16 2025 Q3
World Trade Uncertainty Ahir et al. (2022) 11.04 29.53 1.03 0.15 3.73 0.00 174.34 2025 Q1
World Uncertainty Ahir et al. (2022) 22.06 9.31 19.65 15.10 26.46 8.24 174.34 2025 Q1

Notes: Summary statistics are computed on quarterly observations starting from 2005 Q1. Indicators available at monthly frequency are transformed to quarterly values by computing the
moving average over 3 months. Sectoral SPOT indicators reflect the expected impact for that trigger source. World Uncertainty is in thousands.

First, SPOT indicators are negatively correlated with real GDP growth, which is consistent
with the notion that an elevated trigger probability and severity is associated with weaker eco-
nomic activity (Figure 12). Second, various SPOT indicators exhibit high correlations among
each other. Nonetheless, this is mostly true for the aggregate SPOT indicators, while sectoral
SPOT indicators exhibit lower correlations. Third, the benchmark SPOT displays positive but
imperfect correlations with established indicators such as the Composite Indicator of Systemic
Stress (CISS), the Geopolitical Risk Indicator (GPR), and the Economic Policy Uncertainty
Indicator (EPU). This shows that while these measures share common dimensions, SPOT cap-
tures information beyond what is reflected in widely used financial stress and risk indicators.
Fourth, sectoral SPOT indicators cluster with their thematically relevant counterparts — SPOT
for geopolitical events groups with GPR, trade policy uncertainty, and geopolitical fragmenta-
tion measures, while SPOT for financial market events groups with Common Volatility, CISS
and JLN financial uncertainty. This pattern lends support to the validity of the LLM-based
classification of trigger sources.
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Figure 12: Correlations between SPOT indicators and other indicators
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Compared to the CISS (Kremer et al., 2012), a widely used financial stress indicator for the
euro area, the benchmark SPOT indicator exhibits a clear positive correlation of 0.75, yet the re-
lationship is imperfect (Figure 13). This suggests that the SPOT indicator provides complemen-
tary news-based information beyond what is captured by financial market conditions. Notably,
the SPOT indicator displays greater persistence than the CISS, consistent with its narrative
nature: while the CISS, which is constructed from volatility measures and cross-correlations
across financial market segments, tends to respond swiftly to new information, the SPOT indi-
cator reflects the more gradual build-up and unwinding of trigger-related narratives in financial
news. Moreover, a key advantage of the SPOT indicator over purely market-based stress mea-
sures is its better interpretability. Whereas the CISS captures how financial markets react in a
given situation, through elevated volatility and tighter cross-market co-movements, it does not
reveal the underlying narratives for the observed stress. In contrast, the SPOT indicator’s de-
composition into trigger sources provides a structured narrative of what is driving the increase
in potential trigger events, adding information for financial stability surveillance purposes.
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Figure 13: Visual comparison of the benchmark SPOT indicator with the CISS

Notes: The benchmark SPOT (Expected Impact) and CISS values are monthly observations.

We also compare the benchmark SPOT indicator to two prominent text-based indicators: the
GPR of Caldara and Iacoviello (2022) and the EPU of Baker et al. (2016). The comparison
reveals episodes of clear co-movement (Figure 14). For instance, both the benchmark SPOT
indicator and EPU rise markedly during the COVID-19 pandemic in 2020 and amid heightened
trade policy tensions in 2025, while the SPOT indicator and the GPR index increase together
following Russia’s invasion of Ukraine in 2022. However, there are also notable episodes where
the SPOT indicator captures potential triggers that these more specialised indicators do not. For
example, during the global financial crisis and the euro area sovereign debt crisis the SPOT
indicator rises substantially, whereas neither the GPR nor the EPU fully reflect the severity
of these episodes, given that they were not primarily driven by geopolitical events or policy
uncertainty. In addition, even in periods of co-movement, the amplitudes of the respective
indicators can differ, reflecting their distinct underlying construction. One useful feature of the
SPOT indicator is that it classifies a trigger article only when it suggests a potentially meaningful
adverse effect on the economy or financial system over a forward-looking horizon, rather than
simply flagging geopolitical or policy-uncertainty language in news. By combining trigger
event identification with an assessment of the likely macro-financial impact, SPOT can provide
information that complements standard dictionary-based risk indicators.
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Figure 14: Visual comparison of the benchmark SPOT indicator with the GPR and the EPU
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Finally, several sectoral SPOT indicators are compared to established risk and uncertainty
indicators (Figure 15). Three observations are worth noting. First, consistent with the corre-
lation analysis above, the sectoral SPOT indicators broadly co-move with their thematically
closest counterpart indicators: for example with the CISS, common volatility, and JLN finan-
cial uncertainty in the case of the financial market SPOT; with the GPR, EPU, and trade policy
uncertainty for the geopolitical SPOT; and with the JLN macro and real uncertainty for the
macroeconomic events SPOT. This thematic co-movement corroborates the consistency of the
LLM-based trigger source classification. Second, the co-movement is loose rather than exact.
There are episodes during which the sectoral SPOT indicators rise while the corresponding other
indicators remain comparatively muted, and vice versa. Such occasional divergences suggest
that the LLM-based SPOT indicators may capture aspects of trigger perceptions that may not be
fully reflected in market-based or dictionary-based indicators. Third, despite these differences,
the overall time-series profile of the sectoral SPOT indicators is broadly consistent with that
of established measures, indicating that the SPOT indicators do not generate spurious signals
unrelated to the risk environment.
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Figure 15: Visual comparison of sectoral SPOT indicators thematically aligned indicators
(a) Financial market events
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5.2 SPOT performance evaluation in growth-at-risk models

Design of the growth-at-risk exercises

To assess the information content of SPOT indicators compared to other risk indicators more
formally, we employ a growth-at-risk model framework that can be used to estimate future
downside risks to the economy (Adrian et al., 2022, 2019; Lang et al., 2025). In particular, we
estimate quarterly panel quantile local projection models for various horizons h as follows:

Qyi,t+h,τ
= αh,τ

i + ρh,τyi,t + βh,τX′
i,t + εi,t+h,τ ,

where quantiles are denoted by τ , yi,t+h is the average real GDP growth rate in country i between
time period t and t + h, X′

i,t is a vector of explanatory variables, while αh,τ
i are country fixed

effects, and εi,t+h,τ denotes an error term. We apply a two-step estimation approach for panel
quantile regressions following Canay (2011). In the first step, we estimate the unobserved
fixed effects using a within estimator, assuming that country fixed effects are constant across
quantiles. In the second step, we run a standard conditional quantile regression on the dependent
variable that has been adjusted by subtracting the fixed-effect estimates from the first step (see
Canay, 2011, for further details).

To compare the performance of different indicators, we use the tick loss as our measure of
model fit, a criterion widely used to assess the accuracy of value-at-risk models. The majority
of growth-at-risk studies that adopt a formal evaluation metric make use of the tick loss function
(Brownlees and Souza, 2021; Carriero et al., 2020; Figueres and Jarocinski, 2020; Giacomini
and Komunjer, 2005). The tick loss is the value of the objective function that is minimized by
the quantile regression. More precisely, it is computed as follows:

TLh,τ = (τ − 1(ε̂h,τ < 0))ε̂h,τ ,

where 1() denotes the indicator function, τ is the quantile of interest, and ε̂h,τ is the residual
(i.e., actual value minus predicted value).

As a benchmark model, we estimate a panel quantile regression with current annual and
quarterly real GDP growth as explanatory variables as well as the systemic risk indicator (SRI)
of Lang et al. (2019), its lag, and an interaction term for when the SRI is positive to capture
financial stability vulnerabilities. As shown by Lang et al. (2025), the SRI outperforms other
vulnerability indicators in terms of in-sample explanatory power and out-of-sample forecasting
performance for medium-term growth-at-risk in euro area countries and therefore constitutes a
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key benchmark against which the additional information content of other indicators should be
evaluated. To account for the exogenous nature of the covid pandemic shock, we add dummies
for the following periods: 2020 Q1, ..., 2020 Q4, and 2021 Q2. The models are estimated on a
sample of euro area countries3 over the period 2005 Q1 to 2024 Q1.

We focus on the lower tail of the future real GDP growth distribution by estimating the 10th
quantile (τ = 0.1) for 1-quarter and 1-year ahead horizons (h = 1, 4). Each potential trigger
indicator is added to the benchmark model one at a time. To make the results comparable,
we balance observations across all models (i.e. the dataset is balanced within each country).
We also consider specifications that interact the indicator with the SRI whenever the SRI is
positive, to capture the potential amplification of triggers when vulnerabilities are elevated. For
each specification, we compute the percentage improvement in the average tick loss relative to
the benchmark model.

Performance of various indicators in growth-at-risk exercises

Key results from the growth-at-risk exercises are reported in Figure 16. Overall, SPOT indi-
cators significantly improve the performance of the benchmark model and consistently outper-
form other standard financial stress and risk indicators. This holds for both the 1-quarter ahead
and 1-year ahead horizon, with improvements compared to the benchmark model fit of more
than 6% and 10% respectively. Given the high correlation between various aggregate SPOT
indicators documented in Figure 12, it is not surprising that their growth-at-risk model perfor-
mance is similar. Nevertheless, SPOT indicators that combine information about the frequency
of triggers with information about the probability/severity of triggers tend to slightly dominate
SPOT indicators that are solely based on the trigger frequency. In addition, SPOT indicators
that combine information about the probability with information about the severity (expected
impact) perform slightly better than indicators solely based on the probability or the severity.
These findings indicate that combining different trigger dimensions in aggregate SPOT indica-
tors seems desirable. The benchmark SPOT indicator (average expected impact) is among the
top six best-performing SPOT indicators for both growth-at-risk projection horizons.

3 In addition to euro area countries, we include DK and SE but exclude HR and BG due to data availability.
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Figure 16: Performance of SPOT and other indicators in growth-at-risk models
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The best-performing SPOT indicator for the 1-quarter ahead horizon is the expected impact
of macroeconomic trigger events, while for the 1-year ahead horizon the best-performing SPOT
indicator is the expected impact of financial market trigger events (Figure 16). However, neither
of these sectoral SPOT indicators outperform the benchmark SPOT indicator at both horizons.
Other granular SPOT indicators that slightly outperform the benchmark SPOT indicator for
the 1-quarter ahead horizon are the frequency of triggers with a high probability and/or high
severity. However, at the 1-year ahead horizon this slight out-performance vanishes. Another
granular SPOT indicator that performs well at both growth-at-risk horizons is the frequency of
immediate trigger events (trigger horizon ≤ 3 months). Among other established risk indicators,
those related to financial markets provide the largest improvements in growth-at-risk model
fit (CISS, JLN Financial Uncertainty, and Common Volatility). However, their performance
remains below the performance of the benchmark SPOT indicator. Most other risk indicators are
significantly worse than the benchmark SPOT. The strong growth-at-risk model improvement of
financial market indicators (including the sectoral SPOT indicator for financial market events)
is likely related to the fact that the estimation sample includes two crises driven by financial
markets (the global financial crisis and the sovereign debt crisis).

As shown in Figure 16, the growth-at-risk model performance of SPOT indicators improves
further, by around 2 percentage points, when interaction terms between the SPOT indicators
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and the SRI are included (see yellow vs blue dots). However, the overall growth-at-risk per-
formance ordering of various SPOT indicators does not change much when allowing for such
interaction terms. These results indicate that there are important interactions and amplification
mechanisms between underlying financial vulnerabilities, as measured by the SRI, and poten-
tial trigger events captured by SPOT: while triggers act as immediate catalysts for stress, the
differential impact on the lower tail of the growth distribution is driven by pre-existing macro-
financial vulnerabilities. This highlights the importance of a holistic approach to monitoring
financial stability risks, combining information about vulnerabilities with information about
potential trigger events.

The findings regarding the growth-at-risk performance of various SPOT indicators are robust
to changing the sample period or looking at different quantiles, as shown in Annex A.2.

5.3 Robustness and sensitivity analysis of SPOT

In this section we assess the sensitivity of SPOT results to changes in the prompt design and the
LLM version used. For this purpose we randomly draw 100 articles per month from the pre-
filtered dataset of articles used in stage 2 of our prompting pipeline. We evaluate these articles
using GPT-4o-mini, GPT-4o, and GPT-5-mini using two distinct prompt specifications.

To quantify cross-model variation, we first construct a "consensus" SPOT series by taking
the monthly median value of the SPOT indicator across all model and prompt specifications.
This "consensus" SPOT series serves as a benchmark representing the central tendency across
models and prompts. For each model-prompt specification, we then compute the average ab-
solute %-deviation of the model-prompt-specific SPOT indicator from this "consensus" SPOT
indicator over all months in the sample. As shown in Figure 17, there is only moderate varia-
tion in the SPOT indicator across model-prompt specifications. Relative deviations range from
6.0% for GPT-4o-mini (Prompt 2) to 15.4% for GPT-5-mini (Prompt 2), with most models de-
viating from the "consensus" SPOT by approximately 10–15% on average. These magnitudes
suggest that, while article assessments are somewhat model- and prompt-dependent, the over-
all extracted signals remain broadly consistent across model-prompt specifications. No model
appears structurally detached from the central tendency ("consensus"), indicating a stable com-
mon component in the generated SPOT indicators despite differences in model architecture and
prompting.
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Figure 17: Mean absolute deviation of SPOT versions based on different LLMs and prompts

Notes: Deviations are measured relative to the median SPOT value across all model-prompt specifications ("consensus").
All model-prompt combinations are run on a common sample of 100 randomly drawn articles per month.

Another potential robustness concern is whether the LLM implicitly relies on future infor-
mation when classifying articles and assessing severity, horizon, and probability of the triggers.
We partially mitigate this concern by explicitly instructing the model in the system prompt to
base its evaluation solely on the information contained in each article. Hence, our framework
is designed to classify and structure the content of individual texts rather than to generate fore-
casts. Consequently, even if some forward-looking attributes were affected by leakage, this
would not undermine the broader objective of extracting structured information from news as a
complement to traditional indicators. However, we acknowledge that prompting alone cannot
fully eliminate the risk of data leakage.

The different knowledge cut-offs of the underlying models provides a potential cross-check
for whether data leakage is an issue or not. For GPT-4 and GPT-4o-mini, the knowledge cut-off
is October 2023, while for GPT-5-mini it is the end of May 2024. We find that the deviations
of the different SPOT indicators from the "consensus" in between these two cut-offs are not
systematically different from the deviations observed over the full sample. This indicates that
use of outside knowledge by the LLMs to assess articles does not seem to be a problem. As
a further robustness exercise, we also conduct experiments in which the publication date of
the articles is withheld from the model. The article assessments remain largely unchanged
compared to when the LLM is also fed with the publication date of the article, supporting the
view that the model does not systematically rely on temporal cues or future information.
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6 Conclusion

In this paper we developed SPOT, an AI-based indicator that measures the potential Severity
and Probability Of Triggers (SPOT) for financial stability risks based on news. We showed
that our benchmark SPOT indicator spikes ahead of major historical episodes of financial in-
stability, such as the global financial crisis, the euro area sovereign debt crisis, the Covid-19
pandemic, or the Russian invasion of Ukraine. Moreover, the decomposition of SPOT by trig-
ger source allows for further insights into underlying drivers and helps form a risk narrative.
Sectoral SPOT indicators for individual trigger sources, e.g. for geopolitical or fiscal triggers,
make the underlying drivers even more visible and can be used to complement the benchmark
SPOT indicator for monitoring specific trigger sources. We also showed that various SPOT in-
dicators contain useful information about future downside risks to the economy and outperform
other commonly used indicators capturing financial stress, geopolitical risk, policy uncertainty
or volatility in euro area panel growth-at-risk models. Hence, the SPOT framework provides
a comprehensive view of the dynamics, drivers, and characteristics of perceived triggers for
financial stability risks.

Overall, the results presented in this paper suggest that AI-based signal extraction from text
offers a promising avenue to enhance the monitoring of financial stability risks. Recent re-
search shows that machine learning and LLMs can be used to extract relevant information
from unstructured data to construct indicators of sentiment, uncertainty, and macro-financial
risks. Building on these advances, the SPOT indicator presented in this paper demonstrates
how LLMs can be applied to financial news to provide a systematic and interpretable measure
of potential trigger events, thereby complementing existing vulnerability indicators for moni-
toring financial stability risks. Looking ahead, a promising avenue for applied financial stability
research appears to be the application of similar approaches to new or previously underutilised
data sources, including financial disclosures, supervisory information, market intelligence find-
ings, or social media posts. While challenges related to model reliability, interpretability, and
data governance remain, AI-based approaches have the potential to become an increasingly
important component of financial stability surveillance frameworks.
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Annex

In the Annex we show additional tables and figures.

A.1 Additional data and indicator characteristics

Table A.1: Data and Classification Summary
Dataset characteristics Value
Raw total number of articles 1,068,423
Sample period Jan 2005 – Jan 2026
Average article length (words) 582
Average article length (characters) 4,151
Duplicates removed 13,661
Classification pipeline
Articles entering Stage 1 1,052,734
Excluded in Stage 1 (non-economic content) 408,972 (38.8%)
Articles entering Stage 2 643,762
Excluded in Stage 2 (non-trigger events) 499,585 (77.6%)
Articles entering Stage 3 143,897

Figure A.1: Lead-lag relationship between SPOT and other indicators

Geopol. Frag. - financial Geopol. Frag. - political Geopol. Frag. - trade Geopolitical Frag. - common World Sentiment Index
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0.4

Leading
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Lagging
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Coincident

Geopol. Risk Index Perception of Geopol. Risk Trade Policy Uncertainty

-4 -2 0 2 4 -4 -2 0 2 4 -4 -2 0 2 4
-0.4
-0.2
0.0
0.2
0.4

Not correlated

Notes: Computed on quarterly sample 2005Q1-2024Q4 using 3m averages of monthly values. Red dot denotes maximum
correlation (significant at 5% level). Blue lines denote cross-correlations between SPOT - expected impact (all articles) and a
given indicator at various leads (negative x-axis) and lags (positive x-axis). Light blue area denotes 95% confidence intervals.

A.2 Robustness of Growth-at-Risk results

Because various modelling choices might affect the key results above, we also estimate alter-
native specifications to assess their robustness. First, we test whether the results are sensitive
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to the estimation sample. A key concern is that the large drops in real GDP during the COVID
pandemic might disproportionately drive the results, even though the shock was exogenous. To
address this, we include a set of dummy variables. As an additional check, we re-estimate the
models on a sample that ends in 2019 Q4. Figure A.2 reports these results. The yellow dots
show the improvement from adding indicators relative to the baseline model estimated solely
on the pre-COVID sample. The results indicate that, although including the COVID period
reduces overall model performance somewhat, the relative improvement from the indicators is
very similar to that in the model estimated on the full sample including the COVID period and
COVID dummies.

Figure A.2: Performance of the indicators for various sample periods

1q-ahead 1y-ahead

0.0 2.5 5.0 7.5 10.0 0 5 10 15 20
Economic Policy Uncertainty
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World Sentiment Index
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SPOT (Financial market events)

Economic Policy Uncertainty
SPOT (Monetary policy events)

Geopol. Frag. - common
World Trade Uncertainty

Global Supply Chain Pressure
Geopol. Frag. - political

Perception of Geopol. Risk
World Uncertainty

Geopol. Frag. - financial
Trade Policy Uncertainty

SPOT (Geopolitical events)
Geopol. Frag. - trade

SPOT (Fiscal policy events)
Geopol. Risk Index

SPOT (Other events)
JLN Real Uncertainty

World Sentiment Index
JLN Macro Uncertainty

Common Volatility
JLN Financial Uncertainty

SPOT (Frequency)
SPOT (Severity, trigger art.)

SPOT (Probability, trigger art.)
CISS

SPOT (Severity, all art.)
SPOT (Exp. Impact, trigger art.)

SPOT (Probability, all art.)
SPOT (Exp. Impact, all art.)

SPOT (Frequency, horizon<=3m)
SPOT (Frequency, prob. class=3)
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SPOT (Frequency, sev. class=3)
SPOT (Frequency, prob. & sev. class=3)

Panel model, including covid sample Panel model, pre-covid sample Average

Notes: Improvements in tick loss function are in percentage relative to the baseline model with GDP and SRI. The models
are ordered by the average performance of indicators on the two samples.

Similarly, Figure A.3 compares models with interactions estimated on the sample that in-
cludes the COVID period (dark blue dots) with those estimated on the sample that ends before
the pandemic (yellow dots). As with the models without interactions, the key findings of the
benchmark specification continue to hold.
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Figure A.3: Performance of the indicators with interactions for various sample periods
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Notes: Improvements in tick loss function are in percentage relative to the baseline model with GDP and the SRI (including
its lag and a dummy variable for cases when SRI>0). The models are ordered by the average performance of indicators on
the two samples.

Next, we examine how sensitive the results are to the choice of quantile level. Setting τ = 0.1

means that the estimates are driven by the lowest 10% of observations. While focusing on the
lower tail is in line with the key goal of the study—namely, to capture rare, extreme crisis
periods that are most relevant for financial stability surveillance—the number of influential
observations is rather small. For example, for quarterly data over a 20-year period, the results
are driven by only the eight lowest values for each country. We therefore re-estimate the models
for the 25th quantile (τ = 0.25), which still reflects the lower part of the GDP distribution
but is based on more observations. These results, reported in Figure A.4, indicate that the
key messages from the benchmark specification remain largely unchanged, despite the higher
quantile, thereby corroborating the robustness of our findings.
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Figure A.4: Performance for models evaluated at different quantile (τ = 0.25)
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Notes: Improvements in tick loss function are in percentage relative to the baseline model with GDP and SRI. The models
are ordered by the average performance of indicators.
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