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Abstract

Financial stability risks consist of two distinct components: vulnerabilities and possible trigger
events. While there has been considerable progress regarding the measurement of vulnerabil-
ities, 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 – 2026. The 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. The 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.
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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. First, there are vulnerabili-
ties which reflect imbalances or fault lines within the financial system or within non-financial
sectors that can propagate or amplify shocks, such as excessive leverage, maturity and liquidity
mismatches, or asset price misalignments. Second, there are potential triggers which reflect
events that could unearth vulnerabilities or cause them to unravel in a disorderly manner, 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 considerable 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 and quantify 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
newspaper articles from the Financial Times starting in 2005 to classify whether a given article
describes a potential future trigger event that could have a severe negative impact on the euro
area economy or financial stability, and to assess four key properties of the potential trigger
based on the information contained in the article: the probability that the trigger 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 LLM assessments are
then aggregated into the SPOT indicator, which reflects the evolution of the potential Severity
and Probability Of Triggers over time. More specifically, the SPOT indicator is calculated as
the average of the trigger probability multiplied by the trigger severity across all articles at a
given point in time.1 The motivation for our proposed approach is that newspaper articles often
discuss potential trigger events and LLMs can be used to extract this information systematically.

1 An article that is classified as not covering a potential trigger event has a trigger probability and trigger
severity of zero.
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Our AI-based benchmark SPOT indicator, which reflects the average expected impact of
potential trigger events across all articles at a given point in time2, reaches peaks around the
onset of major historical episodes of financial instability or stress, such as the global financial
crisis, the euro area sovereign debt crisis, the Covid-19 pandemic, or the Russian 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 narrative. For instance,
financial market triggers dominated during the global financial crisis, other exogenous triggers
increased in importance during the COVID-19 pandemic, while geopolitical triggers spiked
following Russia’s invasion of Ukraine in 2022, and more recently in 2026 due to the war in
the Middle East. While the LLM we employ to create the SPOT indicator is trained on data
up to October 2023, we mitigate potential look-ahead bias via careful prompt design. First, the
system prompt explicitly instructs the LLM not to use outside knowledge, future information
or speculation. Second, the article assessment prompt explicitly instructs the LLM to only use
information contained in the article as of its publication date for classifying the article and
assigning the four key attributes of trigger probability, trigger severity, time horizon and trigger
source.

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. The probability ranges from 0 (unlikely) to 3 (high probability). Severity ranges
from 0 (negligible impact) to 3 (very severe impact). Trigger sources are classified as macroeconomic events, financial
market events, geopolitical events, monetary policy events, fiscal policy events or other (exogenous) trigger events.

2 The expected impact is equal to the trigger probability multiplied by the trigger severity.
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We also use the growth-at-risk modelling approach pioneered by Adrian et al. (2019), i.e.
quantile local projections for the lower tail of the future real GDP growth distribution, to for-
mally evaluate the usefulness of our AI-based SPOT indicator for monitoring tail risks. The
estimation results from euro area panel growth-at-risk models for 1-quarter and 1-year ahead
horizons show that the SPOT indicator significantly improves model fit as measured by the tick
loss function, and outperforms other commonly used indicators capturing financial stress (Kre-
mer et al., 2012), geopolitical risk (Caldara and Iacoviello, 2022), policy uncertainty (Baker
et al., 2016), uncertainty (Ludvigson et al., 2021), or volatility (Engle and Campos-Martins,
2023). The estimation results also reveal that interacting the SPOT indicator with vulnerability
indicators that have been found useful within growth-at-risk models (Lang et al., 2025) further
improves the explanatory power of the models. This finding shows that there are important
amplification mechanisms at work between vulnerabilities and triggers in driving economic tail
risks, and that it is useful to include both of them within growth-at-risk models. Overall, the
results presented in this paper suggest that the AI-based SPOT indicator can measure potential
trigger events and underlying trigger sources in a systematic way and provide useful information
for the monitoring of financial stability risks.

Our paper makes three contributions. First, we contribute to the literature on the use of
AI for extracting economically relevant signals from text data. Most papers in this field have
used LLMs to extract sentiment scores (e.g. Bond et al. (2023), Lefort et al. (2024), Zhang
et al. (2025), or Kwon et al. (2025)), whereas we extract information about specific types of
events and their characteristics based on customised definitions that draw on financial stability
concepts. Second, we contribute to the literature on constructing economic and financial risk
indicators (e.g. Kremer et al. (2012), Baker et al. (2016), Correa et al. (2017), Ludvigson
et al. (2021), Caldara and Iacoviello (2022), or Engle and Campos-Martins (2023)), filling a
specific gap in the field of financial stability, namely the construction of an indicator to measure
the potential Severity and Probability Of Triggers. Third, we contribute to the growth-at-risk
literature (Adrian et al., 2022, 2019; Aikman et al., 2019, 2018; Chavleishvili et al., 2021;
Falconio and Manganelli, 2020; Figueres and Jarocinski, 2020; Galán, 2020; Hartwig et al.,
2021; Lang et al., 2025; Plagborg-Moller et al., 2020) by showing that triggers matter alongside
vulnerabilities for measuring future downside risks to the economy, and that there are important
interactions and amplification effects between vulnerabilities and triggers in driving economic
tail risks.

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 how the SPOT
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indicator is constructed. Section 4 provides an overview of empirical results for the benchmark
SPOT indicator and various more granular SPOT versions that can be constructed based on
the different extracted trigger attributes. In Section 5 we compare the SPOT indicator 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

Text data potentially contains economically relevant information that can complement tradi-
tional 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-
specific information and yields improvements in predictive accuracy and long-run comovement
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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
often requires more compressed and easily interpretable indicators. Kwon et al. (2025) con-
struct sentiment indices for macroeconomic growth and inflation from a large set 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

This section describes the construction of the SPOT indicator based on a large set of Financial

Times (FT) articles that are evaluated in a structured way using the LLM GPT-4o-mini. We
first present the three-stage LLM prompting pipeline to identify articles that discuss trigger
events and to extract information on the probability, severity, expected horizon, and source of
the potential trigger events. We then introduce the characteristics of the underlying dataset of
newspaper articles and present the results from the article-level LLM assessments. Finally, we
describe the aggregation procedure to transform article-level classifications and assessments
into SPOT indicators that are suitable for financial stability monitoring and empirical analysis.

3.1 Prompting strategy

The proposed prompting framework decomposes the assessment of each newspaper article into
three sequential steps (Figure 2). First, to identify articles that cover economic or financial con-
tent. Second, to detect articles that discuss forward-looking trigger events. Third, to extract key
attributes of the 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 infor-
mation 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. The full documentation of all
three prompting steps can be found in Appendix A.1.

In the first step, all newspaper articles are pre-filtered to identify whether the primary focus
is economic or financial and whether the economic or financial discussion is explicit, substan-
tive, and central to the article. Economic and financial content is defined to include macroe-
conomic variables (such as inflation, GDP, interest rates, or unemployment), financial markets
or instruments (including equities, bonds, spreads, banks, or non-bank financial institutions), or
economic policy with a direct and concrete economic impact. Articles concerning individual
firms are retained 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 ex-
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cluded. When the classification is ambiguous, the model is instructed to conservatively exclude
the article. This pre-filtering step removes unrelated content (e.g. articles only covering pol-
itics, art, 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. The prompts can be found in
A.1

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.
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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
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.3

Lastly, 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 cat-
egories. These include macroeconomic events (such as demand disturbances, commodity price
shocks, or exchange rate adjustments), financial market events (including liquidity shortages,
banking-sector instability, or reassessments of asset risk), geopolitical events (such as wars, po-
litical instability, trade conflicts, or sanctions), monetary policy events, fiscal policy events, or
other (exogenous) shocks such as natural disasters or pandemics. A few examples demonstrat-
ing how the LLM classifies and assesses selected articles based on the structured prompts are
shown in Table 1.

Look-ahead bias is a potential concern when LLMs are used to generate historical forecasts,
as the model may have been exposed during training to information about events that occurred
after the forecast date (see e.g. Sarkar and Vafa, 2024; Glasserman and Lin, 2024). In our setting

3 We experimented with alternative scaling approaches, including continuous numerical scales and coarser
categorical classifications. In practice, a four-point categorical scale provided the best balance between inter-
pretability, stability, and discriminatory power. Continuous scales produced less stable outputs, while coarser
classifications compressed the distribution of assessments excessively. This finding is consistent with recent
evidence suggesting that large language models perform more reliably in ordinal classification tasks than in
precise numerical calibration exercises (see, e.g., Qin et al., 2024; Zhao et al., 2023).
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Table 1: Example outputs from the prompting pipeline

Article title (including link)
Published

date
Stage 1: Economic and

financial relevance
Stage 2: Trigger-

event classification
Stage 3: Trigger-event

characterisation

filter_label Class Prob Sev Hor
Trigger
Source

Ten years of social media have left us all
worse off

27/12/2019 0 NA NA NA NA NA

Strong expansion in eurozone business ac-
tivity boosts hiring

23/08/2021 1 0 NA NA NA NA

Donald Trump’s sweeping tariffs ignite
$2.5tn rout on Wall Street

03/04/2025 1 1 3 3 1 Geopolitical

this concern is mitigated by the fact that the model is not instructed to forecast future outcomes
directly, but to classify and assess the information contained in each article using the article text
and publication date as the relevant information set. This makes the task conceptually closer to
text annotation than to direct forecasting, in line with the emerging literature using LLMs for
automated text classification and annotation tasks (e.g. Törnberg, 2024; Gilardi et al., 2023). To
further mitigate potential information leakage, the system prompts in Stages 2 and 3 explicitly
instruct the model to base its assessment solely on the information contained in the article as of
its publication date and not to use outside knowledge, future information, or speculation. Such
prompt constraints are commonly used in the LLM annotation literature to anchor model outputs
to the provided text and reduce hallucinations or the incorporation of external information. The
full prompts are reported in Appendix A.1. Robustness checks related to the LLM-choice and
training cut-off dates are discussed in Section 5.3.

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 May 2026 and provides broad coverage 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 in-
formation available at the time of publication (as instructed in the LLM system prompt), thereby
mitigating potential look-ahead bias and supporting the real-time risk monitoring purpose of the
framework.

The raw dataset comprises approximately one million articles, with an average length of
around 600 words and roughly 4,200 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 three-stage prompting procedure sequentially reduces the number of articles are pro-
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cessed in each step (Figure 2 and Table A.1 in the Appendix). After initial data cleaning,
approximately 1.065 million articles enter the first stage of the pipeline, where the pre-filter re-
moves articles without a primary economic or financial focus (around 39% of the sample). The
second stage evaluates the remaining 654 thousand articles for forward-looking trigger events
relevant for euro area economic activity or financial stability and excludes a further 78% of ar-
ticles that do not cover trigger events. In total, approximately 146 thousand newspaper articles
are retained for the final stage, in which the potential trigger events described in the articles are
characterised along several dimensions such as probability, severity, time horizon and trigger
source (Figure 3).

Table 2: Marginal distribution of extracted attributes (Class 1 articles)
Attribute Category Total (N) Share (%)

Trigger source

Financial market events 51,340 35.1
Macroeconomic events 45,177 30.9
Geopolitical events 27,002 18.5
Fiscal policy events 10,984 7.5
Monetary policy events 9,646 6.6
Other events 2,001 1.4

Probability

Unlikely / effectively zero probability (0) 43 0.0
Low probability (1) 4,280 2.9
Medium probability (2) 95,094 65.1
High probability (3) 46,733 32.0

Severity

Negligible / limited effects (0) 74 0.1
Mildly severe (contained stress) (1) 10,828 7.4
Severe (broad disruption) (2) 115,009 78.7
Very severe / systemic (3) 20,239 13.8

Horizon

Already materialising (0) 5,441 3.7
Within 1–3 months (1) 85,114 58.2
Within 3–6 months (2) 27,533 18.8
Within 6–12 months (3) 27,782 19.0
Within 12–36 months (4) 280 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 2. 65% and 79% of trigger articles are assigned a medium probability and severity
respectively. High-probability and high-severity trigger events are identified in 32% and 14%
of the relevant articles, 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
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horizon attribute, category 0 indicates that the adverse impact is already materialising rather
than expected in the future. This occurs in only 3.7% of trigger articles and is most likely due
to the fact that during crisis periods the distinction between triggers being 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 35% and
31% of triggers relate to financial market and macroeconomic events respectively, with a further
18.5% related to geopolitical events.

Table 3: Joint distribution of attributes (row-wise shares, %, 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 even

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 26 0 34 31 18 7 8 1
3 0 0 58 42 11 80 7 2 0 23 45 20 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 19 7 7 1
3 0 0 2 98 20 74 4 2 0 16 53 21 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 6 7 1
3 0 9 88 4 0 17 82 1 39 23 23 6 8 2
4 0 68 22 9 7 65 22 5 44 24 11 4 10 6

Trigger source

Macro 0 4 72 24 0 10 82 7 3 48 25 24 0
FinMkt 0 2 57 41 0 5 74 21 6 67 15 12 0
Geo 0 2 64 34 0 5 79 16 1 57 18 23 0
MP 0 3 70 28 0 9 87 5 1 64 18 17 0
Fiscal 0 4 70 26 0 9 78 12 3 59 17 21 0
Other even 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 (the block corresponding to the row
attribute is left blank to avoid redundancy). 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).

The joint distributions of extracted trigger attributes in Table 3 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 materialis-
ing. Around 90% of the high probability and high severity triggers are associated with short
horizons (≤ 3 months). The occurrence of high probability and high severity triggers is there-
fore concentrated during periods of imminent stress. Conversely, the model rarely assigns high
probability or high severity to triggers with distant horizons (> 3 months), which is consis-
tent with the notion that news coverage of distant triggers will often be more speculative and
vague when it comes to their potential occurrence and impact. Instead, medium probability
and severity are predominant for triggers with horizons of 3 to 12 months. The distributions
of severity, probability, and horizon characteristics are rather similar across the different trig-
ger sources. However, short horizon triggers are dominated by financial market events (40%),
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whereas medium to longer horizon triggers are dominated by macroeconomic events (Table 3).

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 var-
ious SPOT indicators. 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:4

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.
4 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, be-
tween 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 ar-
ticles display a high positive correlation, they also seem to contain complementary information
(Figure 4 panel b). For example, the amplitude of the average probability is almost twice as
large as the amplitude of the average severity. Moreover, there are time periods when these two
attributes of potential triggers show different dynamics, for example during 2025 and 2026. As
shown in section 5.2 below, combining information about the frequency, probability, and sever-
ity 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 SPOT indicator increases ahead of major historical trigger events and cor-
rectly identifies the relative importance of different trigger sources, as shown in Figure 5. For
example, it reaches peaks around the onset of the global financial 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 trig-
ger 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 follow-
ing Russia’s invasion of Ukraine in 2022 and again during 2026 amidst heightened geopolitical
tensions. It is important to note that the most recent spike in the SPOT indicator in 2026 hap-
pens well beyond the training cut-off date for the LLM. Overall, these patterns suggest that the
proposed 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 triggers 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 cover-
age.5 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 clas-
sified 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. It is worth
noting that the war in the Middle East in 2026 mainly led to an increase in the share of high
probability trigger articles, rather than also high severity articles. These patterns suggest that
monitoring the probability–severity distribution of triggers can capture variation in perceived
risk beyond what the trigger frequency alone would convey.

5 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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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 2. However, the composition
of trigger horizons varies markedly over time. The weighted average horizon of trigger articles
tends to shorten ahead of and during major stress episodes, which is consistent with the no-
tion that, as trigger events become more imminent, media coverage places greater emphasis on
near-term adverse developments. From a surveillance 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: 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. Horizons 0 and 4 were dropped from the chart as
they represent a small fraction of classified trigger articles and the former is also inconsistent with the definition of forward
looking triggers. Average horizon is expressed in terms of the horizon category (ranging from 1 to 3) and not in terms of
months.

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 exogenous
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 and shows
a clear spike at the current end of the sample in 2026 (Figure 8). Hence, the sectoral SPOT
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indicators can provide useful complementary information to the benchmark SPOT indicator.

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 dominated, with
some role also for macroeconomic and fiscal policy trigger events, whereas geopolitical events
gained in importance during the second half of the sample, with some role also for macroeco-
nomic 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, the "Liberation
day" tariff announcements in 2025 and the recent geopolitical tension in the middle east in 2026
(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 im-
pact (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 often and tends to rise 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 having a
very severe macro-financial impact. At the current end of the sample in 2026 the frequency
of high probability trigger articles also rises much more sharply than the frequency of high
probability and high severity articles.

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

Notes: The conditional trigger frequency indicators measure the share of Class1 articles that meet the specific trigger condi-
tions relative to the sum of Class0 and Class1 articles (see subsection 3.3).
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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 4 together with selected summary statistics
and Figure 12 presents pairwise correlations among the various indicators and also with annual
real GDP growth for the euro area. A number of observations are worth noting.

Table 4: 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.
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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.

Figure 12: Correlations between SPOT indicators and other indicators
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SPOT (Probability, trigger art.)

SPOT (Severity, trigger art.)
SPOT (Frequency, prob. & sev. class=3)

SPOT (Frequency, sev. class=3)
SPOT (Macroeconomic events)

JLN Financial Uncertainty
CISS

World Sentiment Index
JLN Macro Uncertainty

SPOT (Financial market events)
JLN Real Uncertainty

Economic Policy Uncertainty
Common Volatility

Geopol. Frag. − common
SPOT (Fiscal policy events)

Geopol. Frag. − financial
SPOT (Monetary policy events)

Geopol. Frag. − political
Global Supply Chain Pressure

SPOT (Other events)
World Uncertainty
Geopol. Frag. − trade

SPOT (Geopolitical events)
Perception of Geopol. Risk

World Trade Uncertainty
Trade Policy Uncertainty

Geopol. Risk Index

Notes: Computed on quarterly sample 2005Q1-2024Q4 using 3 month averages of monthly values. White squares denote
correlations that are not significant at the 99% level. For the World Sentiment Index, negative values are used so that increases
denote higher risk. Indicators are ordered based on the first principal component loadings.

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
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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.

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 and more recently during the war in the Mid-
dle East in 2026. 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
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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 the use of geopo-
litical or policy-uncertainty related 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.

Figure 14: Visual comparison of the benchmark SPOT indicator with the GPR and the EPU
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SPOT (expected impact, all articles) Geopolitical risk Economic policy uncertainty

Notes: Indicators are standardised to have a mean of zero and a standard deviation of one. The latest available data for the
global economic policy uncertainty index is November 2025.

Finally, several sectoral SPOT indicators are compared to established risk and uncertainty in-
dicators (Figure 15). Three observations are worth noting. First, consistent with the correlation
analysis above (Figure 12), the sectoral SPOT indicators broadly co-move with thematically
close counterpart indicators: for example with the CISS, common volatility, and JLN financial
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
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unrelated to the risk environment.

Figure 15: Visual comparison of sectoral SPOT indicators and thematically aligned indicators
(a) Financial market events
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(b) Geopolitical events
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(c) Macroeconomic events
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Notes: Indicators are standardised to have a mean of zero and a standard deviation of one. Sectoral SPOT indicators shown
capture expected impact of all articles. Indicators are shown as 3-month moving averages at quarterly frequency and therefore
look slightly different from the monthly indicators shown in Figure 8. The last shown observation is 2026 Q1.
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5.2 SPOT performance evaluation in growth-at-risk models

To assess the information content of SPOT indicators compared to other risk indicators more
formally, we employ the growth-at-risk model framework which 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) to capture financial stability vulnerabilities.6 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 key benchmark against which the additional information

6 We also add the lagged SRI, and an interaction term for when the SRI is positive
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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 countries7 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.

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.
7 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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Notes: Improvements in tick loss function are in percentage relative to the benchmark model with GDP and the SRI (in-
cluding its lag and a dummy variable for cases when SRI>0). Indicators are ordered by largest average improvement in
model performance (i.e. percentage decrease in the tick loss relative to the benchmark model) for the two sets of model
specifications (indicator only and indicator*SRI>0 interaction models).

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, nei-
ther of these sectoral SPOT indicators outperform the benchmark SPOT indicator (SPOT Exp.
impact, all art.) 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 improve-
ments in growth-at-risk model fit (CISS, JLN Financial Uncertainty, and Common Volatility).
However, their performance remains below the performance of the benchmark SPOT indica-
tor. 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 in-
cludes 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
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further, by around 2 percentage points, when interaction terms between the SPOT indicators
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.3.

5.3 Robustness and sensitivity analysis of SPOT

A potential concern when constructing text-based indicators with large language models is that
the resulting signal may depend on the specific model used. To assess the robustness of the
SPOT framework, we therefore compare the benchmark implementation based on GPT-4o-
mini with several alternative frontier models, namely GPT-4o, GPT-5-mini and GPT-4.1-nano.
To ensure comparability across models, we draw a fixed sample of 100 articles per month from
the set of articles passing the first-stage economic and financial relevance filter. The same article
sample is then evaluated using identical second- and third-stage prompts across all models.

At the article level, the models differ primarily in their trigger-classification thresholds. As
shown in Table 5, GPT-4o and GPT-5-mini classify substantially fewer articles as trigger events
than the GPT-4o-mini benchmark, with trigger rates of 7.8% and 10.8% respectively, compared
with 24.2% for GPT-4o-mini. This suggests that the larger models apply more conservative
trigger-classification criteria. The nature of the disagreement across LLMs is also informative.
GPT-4o and GPT-5-mini identify only around one-third of the trigger articles detected by the
benchmark (Table 5 column 2), reflecting their substantially lower trigger rates. However, their
precision relative to the benchmark is very high (96% and 85% respectively), indicating that
articles classified as signalling trigger events by these models are almost always also classified
as signalling trigger events by the benchmark LLM (Table 5 column 4). In other words, these
LLMs mainly identify a subset of the trigger articles detected by GPT-4o-mini, rather than a
different set of trigger articles altogether. At the same time, agreement on non-trigger articles is
very high, ranging from 97.9% to 99.6%. This suggests that the main differences arise from the
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treatment of borderline trigger cases, while there is broad agreement across LLMs on both clear
trigger articles and non-trigger articles. GPT-4.1-nano differs somewhat from the larger models
in that it classifies a larger share of articles as trigger events than GPT-4o and GPT-5-mini, but
still substantially fewer than the GPT-4o-mini benchmark. At the same time, it exhibits lower
agreement with the benchmark on trigger classifications and lower precision than the larger
models, suggesting a slightly noisier classification.

Table 5: Article-level classification agreement across different LLMs

Model
Trigger
rate (%)

Benchmark
1s matched (%)

Benchmark
0s matched (%)

Precision
(%)

GPT-4o-mini 24.2 100.0 100.0 100.0
GPT-4.1-nano 13.4 37.8 94.4 68.3
GPT-4o 7.8 31.0 99.6 96.1
GPT-5-mini 10.8 38.0 97.9 85.2

Notes: The trigger rate reports the share of articles classified as trigger events by each model. “Benchmark 1s matched”
reports the share of benchmark trigger articles that are also classified as trigger events by the alternative model, while
“Benchmark 0s matched” reports the share of benchmark non-trigger articles that are also classified as non-trigger events.
Precision measures the share of articles classified as trigger events by an alternative model that are also classified as trigger
events by the GPT-4o-mini benchmark.

For each model, we construct the benchmark SPOT indicator as the monthly average ex-
pected impact associated with identified potential trigger events. All indicators are transformed
into three-month moving averages and standardised to z-scores to facilitate direct comparison
across models. Figure 17 shows that the resulting SPOT indicators display similar dynamics
across the main frontier models. In particular, all models identify the major stress episodes
associated with the global financial crisis, the euro area sovereign debt crisis, the COVID-19
shock and the geopolitical and energy stress episode following Russia’s invasion of Ukraine.
The broad cyclical dynamics of the SPOT indicator therefore appear robust to the underlying
LLM being used.
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Figure 17: Z-scored SPOT indicators based on different LLMs

Notes: The figure reports z-scored benchmark SPOT indicators constructed using alternative large language models on a
fixed sample of 100 articles per month. Indicators are transformed into three-month moving averages and standardised to
z-scores to facilitate comparison across models.

The conclusion that cyclical dynamics of the SPOT indicator are robust to using different
LLMs is further supported by the high pairwise correlations between the z-scored SPOT in-
dicators reported in Table 6. The strongest alignment is observed between GPT-4o and GPT-
5-mini, with a correlation of 0.92, while GPT-4o-mini and GPT-5-mini exhibit a correlation
of 0.88. More generally, the benchmark SPOT indicator generated with GPT-4o-mini displays
high positive correlations of 0.78 to 0.88 with the SPOT indicators that are generated using the
alternative LLMs, suggesting that the dynamics of the SPOT indicator are robust to using dif-
ferent frontier models. The SPOT indicator based on GPT-4.1-nano displays somewhat lower
correlations with the other SPOT indicators that are based on larger LLMs, suggesting that the
smallest LLM generates somewhat noisier classifications and assessments, while preserving the
broader dynamics of the benchmark SPOT indicator.

Table 6: Correlation of z-scored SPOT indicators across models

GPT-4o-mini GPT-4.1-nano GPT-4o GPT-5-mini

GPT-4o-mini 1.000 0.778 0.847 0.883
GPT-4.1-nano 0.778 1.000 0.661 0.666
GPT-4o 0.847 0.661 1.000 0.922
GPT-5-mini 0.883 0.666 0.922 1.000
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We additionally assess the possibility of look-ahead bias by making use of differences in
model training cutoff dates. Figure 18 reports the monthly agreement rate between GPT-4o-
mini and GPT-5-mini together with the respective model training cutoffs. The agreement rate is
defined as the share of articles in a given month that receive the same binary trigger classification
(Class = 0 or Class = 1) from both models. The average agreement rate remains highly stable
across all periods, averaging 0.835 before the GPT-4o-mini cutoff, 0.825 between the GPT-4o-
mini and GPT-5-mini cutoffs, and 0.829 after the GPT-5-mini cutoff. The absence of any visible
structural break across these periods, particularly between the two training cutoffs, suggests
that the models do not systematically rely on information contained in their training data when
classifying articles. Instead, the results indicate that the classifications are primarily driven
by the information contained in the articles themselves and by the definitions provided in the
structured prompt, as intended. Moreover, the spike of the benchmark SPOT indicator during
spring 2026 due to the war in the Middle East (Figure 5) is another indication that look-ahead
bias is not driving spikes in the SPOT indicator, as the training cut-off for GPT-4o-mini is well
before 2026.

Figure 18: Agreement rate between GPT-4o-mini and GPT-5-mini over time

Notes: The agreement rate is defined as the share of articles receiving the same binary trigger classification from both models.
The vertical dashed lines indicate the training cutoffs of GPT-4o-mini and GPT-5-mini, respectively. Horizontal dashed lines
report average agreement rates before the GPT-4o-mini cutoff, between the two model cutoffs, and after the GPT-5-mini
cutoff.

Overall, the robustness exercises suggest that the SPOT indicator is relatively robust across
sufficiently capable frontier models and that look-ahead bias should not be a major concern
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given the careful prompt design. Differences across LLMs mainly reflect varying degrees of
conservativeness in trigger classification rather than fundamentally different assessments of
time-variations in triggers. The stability of the benchmark indicator across model architec-
tures and training vintages provides additional support for the robustness and reproducibility of
the SPOT indicator.

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 stress
or instability, 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
trigger 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. Hence, the SPOT framework provides
a comprehensive view of the dynamics, drivers, and characteristics of perceived triggers for
financial stability risks.

We also showed that various SPOT indicators contain useful information about future down-
side 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 mod-
els. In addition, interacting the SPOT indicator with vulnerability indicators further improves
the explanatory power of growth-at-risk models, indicating important amplification mechanisms
between vulnerabilities and triggers in driving economic tail 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
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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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Appendix

The appendix provides additional methodological details, robustness exercises, and supple-
mentary figures and tables supporting the empirical results presented in the main text. More
specifically, the appendix reports the prompts used in the three-stage LLM prompting pipeline,
additional descriptive statistics on the underlying dataset and classification procedure, supple-
mentary lead-lag evidence for the SPOT indicator, and robustness checks for the Growth-at-
risk exercises under alternative samples and quantile specifications. These additional materials
complement the main analysis and provide further transparency regarding the construction and
evaluation of the SPOT framework.

A.1 Prompting pipeline

This part of the appendix reports the prompts used in the three-stage prompting pipeline de-
scribed in section 3. The pipeline is designed to decompose the classification and assess-
ment tasks into three sequential steps. Stage 1 filters articles for economic and financial rel-
evance. Stage 2 classifies whether a relevant article signals a current or potential trigger event
for euro area economic activity or financial stability. Stage 3 characterises each trigger event
by its probability, severity, expected horizon and trigger source. A key design feature of the
prompts in Stages 2 and 3 is the restriction that the model should use only information con-
tained in the article as of its publication date. The system prompt explicitly instructs the model
not to use outside knowledge, future information or speculation. This is intended to mitigate
look-ahead bias and to ensure that the classifications reflect the information set available at
the time the article was published. While prompting alone cannot fully rule out informa-
tion leakage, this restriction is important for aligning the exercise with a real-time financial
stability monitoring setting. All prompts are executed using GPT-4o-mini with determinis-
tic inference settings: temperature = 0, top_p = 1, presence_penalty = 0, and
frequency_penalty = 0. These settings are chosen to maximise classification consistency
and reproducibility across articles and prompting stages. In particular, setting the temperature
to zero reduces randomness in model outputs and helps ensure that identical or highly similar
articles receive stable classifications across repeated runs. The remaining parameters are kept at
their default deterministic values to avoid introducing additional variation in token selection or
response structure. This is particularly important in our setting, where the objective is structured
and comparable text classification rather than creative text generation. The same deterministic
inference settings are also kept for all robustness exercises in subsection 5.3.
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Stage 1: Economic and financial relevance filter
SYSTEM PROMPT:

You are a strict binary classifier. You follow instructions exactly

and output valid JSON only.

USER PROMPT:

Classify the following Financial Times article.

Output 1 ONLY IF the article’s PRIMARY focus is economic or financial

AND the economic/financial content is explicit, substantive, and central

to the article.

Economic/financial content must include at least one of:

- macroeconomic variables (e.g. inflation, GDP, interest rates, unemployment)

- financial markets or instruments (e.g. equities, bonds, spreads, banks,

investment funds, non-bank financial institutions)

- economic policy with direct, concrete economic impact

Output 1 for articles about one specific firm ONLY if the article describes

an impact on the economy or wider financial system of the firm-specific event.

Output 0 if the article is strictly non-economic or non-financial

(e.g. technology, travel, health, culture, politics) without an economic

or financial angle or if economic terms are used metaphorically or without

analytical substance.

When in doubt, output 0.

Return ONLY valid JSON in the following format:

{"filter_label": 0}

Article text:

{text}

Stage 2: Trigger-event classification
SYSTEM PROMPT:

You are an economic and financial analyst. Return a single JSON object only

(no code fences, no markdown, no explanations) and include exactly the

requested keys. All numeric fields must be numbers, not strings.

Use only information contained in the article as of its publication date -

do not use outside knowledge, future information, or speculation.

USER PROMPT:

You are evaluating, in a forward-looking manner, whether a given newspaper

article signals current trigger events or potential future trigger events

that could have a severe negative impact on economic activity and/or the

stability of the financial system within the euro area over the next

1 to 12 months.

Definitions:

Severe negative impact on economic activity: negative real GDP growth,
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significant declines in industrial production, or significant increases

in the unemployment rate.

Severe negative impact on financial stability: losses for the banking system,

a significant increase in interbank lending rates, or large outflows of bank

deposits.

Forward-looking: the article contains statements or implications about

potential future events, conditions, or outcomes for the euro area

(e.g. forecasts, expectations, warnings, guidance, or predictions) over

the next 1-12 months.

Not forward-looking: trigger events that are already leading to, or have

already led to, a severe negative impact on economic activity and/or the

stability of the financial system in the euro area.

Important guidance:

Focus on implications for the euro area. If the article concerns individual

firms or non-euro-area events, set Class=1 only if plausible spillovers to

the euro area’s economic activity and/or stability of the financial system

are indicated or strongly implied within 1-12 months.

If the article only describes current/past impacts with no credible future

euro-area implications, set Class=0.

Tasks for each article:

Class (0-1 integer): Classify whether the article covers trigger events

aligned with the above forward-looking criteria for the euro area (1) or

not (0).

Here is a newspaper article:

Title: ’{title}’

Text: ’{text}’

Return valid JSON ONLY with exactly these keys and types:

{

"Class": <int>

}

Stage 3: Trigger-event characterisation
SYSTEM PROMPT:

You are an economic and financial analyst. Return a single JSON object only

(no code fences, no markdown, no explanations) and include exactly the

requested keys. All numeric fields must be numbers, not strings.

’Trigger_Source’ must be one string chosen from the listed categories.

Use only information contained in the article as of its publication date -

do not use outside knowledge, future information, or speculation.

USER PROMPT:

You are evaluating articles that signal current trigger events or potential

future trigger events that could have a severe negative impact on economic

activity and/or the stability of the financial system within the euro area
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over the next 1 to 12 months. It is your task to assess the nature of the

trigger event, and the associated probability, severity and time horizon.

Definitions:

Severe negative impact on economic activity: negative real GDP growth,

significant declines in industrial production, or significant increases

in the unemployment rate.

Severe negative impact on financial stability: losses for the banking system,

a significant increase in interbank lending rates, or large outflows of bank

deposits.

Not forward-looking: trigger events that are already leading to, or have

already led to, a severe negative impact on economic activity and/or the

stability of the financial system in the euro area.

Tasks for each article:

Prob (0-3 integer): Assess the probability that the trigger event described

in the article could have a severe impact on euro area economic activity

or financial stability in the future:

0 = Unlikely, meaning zero probability

1 = Low probability, highly speculative, unlikely to materialise

2 = Medium probability, possible outcome, could potentially materialise

3 = High probability, very plausible outcome, likely to materialise

Sev (0-3 integer): Assess the severity of the negative impact described

in the article if it materialises:

0 = not severe, limited or negligible effect on euro area output, employment,

or financial conditions

1 = mildly severe, noticeable but contained effect

2 = severe, broad-based or macroeconomically significant impact

3 = very severe, systemic or crisis-level impact across the euro area

Hor (0-4 integer): Assess the time horizon when the impact is most likely

to materialise:

0 = impact is already occurring/already occurred

1 = within 1-3 months

2 = within 3-6 months

3 = within 6-12 months

4 = within 12-36 months

Trigger_Source (string): Select exactly one of the following categories

that best describes the source/nature of the trigger event discussed in

the article:

- Macroeconomic events

- Financial market events

- Geopolitical events

- Monetary policy events

- Fiscal policy events

- Other exogenous events

- No shock/trigger event

Here is a newspaper article:
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Title: ’{title}’

Text: ’{text}’

Return valid JSON ONLY with exactly these keys and types:

{

"Prob": <int>,

"Sev": <int>,

"Hor": <int>,

"Trigger_Source": "Macroeconomic events" |

"Financial market events" |

"Geopolitical events" |

"Monetary policy events" |

"Fiscal policy events" |

"Other exogenous events" |

"No shock/trigger event"

}

A.2 Additional data and indicator characteristics

Table A.1: Data and Classification Summary
Dataset characteristics Value
Raw total number of articles 1,065,164
Sample period Jan 2005 – May 2026
Average article length (words) 599
Average article length (characters) 4,186
Classification pipeline
Articles entering Stage 1 1,065,164
Excluded in Stage 1 (non-economic content) 411,203 (38.6%)
Articles entering Stage 2 653,961
Excluded in Stage 2 (non-trigger events) 507,791 (77.6%)
Articles entering Stage 3 146,170
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Figure A.1: Lead-lag relationship between SPOT and other indicators
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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.3 Robustness of Growth-at-risk results

Because various modelling choices might affect the growth-at-risk results reported in the main
part of the paper, we also estimate alternative specifications to assess the robustness of the re-
sults. First, we test whether the results are sensitive 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 in our baseline specification reported in the main part of the paper. As an additional
check, we re-estimate the models on a sample that ends in 2019 Q4. Figure A.2 reports these
results, where the yellow dots represent results for the pre-COVID sample. The results indicate
that the relative performance ordering of the indicators for the pre-Covid sample is very sim-
ilar to that for the model estimated on the full sample including the COVID period, although
including the COVID period in the sample reduces overall model performance somewhat.

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.2: Performance of the indicators 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 SRI. The models
are ordered by the average performance of indicators on the two samples.

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
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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 growth 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, thereby corroborating
the robustness of our findings.

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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