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Abstract

One of the central challenges in identifying the causal effects of monetary policy is the inherent
endogeneity of its conduct. This paper introduces a novel identification strategy that leverages
LLMs to detect monetary policy shocks from newspaper coverage following European Central
Bank (ECB) policy decisions. Based on a dataset of 7,620 articles from eleven major European
newspapers, we classify each policy decision as unexpectedly restrictive, unexpectedly
expansionary, or as expected. The resulting narrative-based surprise series captures immediate
post-announcement perceptions and shows a close alignment with established High Frequency
Identification (HFI) measures with notable exceptions during times of financial turmoil. We
subsequently analyze the potential influence of the information effect on our series and find that the
majority of identified surprises are unlikely to be driven by information effects.
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1 Introduction

To address the problem of endogeneity in studying the effects of monetary policy, the lit-
erature has developed a wide range of identification strategies aimed at isolating exogenous
monetary policy shocks. Among contemporary approaches, HFI methods have become par-
ticularly popular, as they exploit financial market data to identify unexpected policy actions.
In practice, however, the resulting shock series can be quite sensitive to the exact identifi-
cation strategy applied (Brennan et al., 2024). Additionally, a growing body of literature
on the information effect and the response to news channel has raised concerns about the
extent to which HFI shocks truly reflect exogenous policy actions (Jarocinski and Karadi,
2020; Bauer and Swanson, 2023).

This paper proposes a novel strategy to identify monetary policy shocks from newspaper
coverage accompanying policy announcements by the ECB. Although this approach shares
with the HFI literature a focus on the reactions of observers of monetary policy rather than
the policy actions themselves, it is conceptually more closely related to the tradition of nar-
rative analysis pioneered by Romer and Romer (1989). Advances in Natural Language Pro-
cessing (NLP) allow us to apply such narrative identification at scale to newspaper coverage.
Instead of inferring surprises from asset price movements, we recover them from contempora-
neous media accounts of whether a policy decision was perceived as unexpectedly restrictive,
unexpectedly expansionary, or in line with prior expectations.

Our identification strategy has several merits. By assessing a large set of reputable news-
paper articles, the resulting interpretations are likely to reflect widely held perceptions about
the respective policy decision. Similar to the HFT literature, this may help mitigate endo-
geneity concerns. In addition, despite the rise of social media, traditional media remains the
most important channel through which wider audiences receive information about monetary
policy (Conrad et al., 2022). While the content of central bank communication and the
respective media coverage are related, the latter exerts a much stronger influence on house-
holds’ perception of key macroeconomic variables (De Fiore et al., 2024). By now, media
coverage can be assessed systematically using modern means of automated text analysis,
which expands the set of potential material.

When Romer and Romer (1989) paved the way for narrative analysis, they had to per-
sonally read tens of thousands of pages. Both the reading itself as well as the documentation
and classification can now be conducted more efficiently using advanced NLP methods. In
their 2023 update, Romer and Romer express doubts about the feasibility of delegating nar-
rative analyses to computers. However, Hansen and Kazinnik (2024) replicate their study by

tasking ChatGPT-4 with an identification prompt detailing the original Romer and Romer



procedure. Similarly, De Fiore et al. (2024) demonstrate that several state-of-the-art LLMs
are able to classify hawkish and dovish stances in central bank press conferences at a level
comparable to professional human interpreters. These results suggest that LLMs can indeed
be used to automate complex analyses, which is essential for our approach. While recent
LLM-based applications have mainly focused on classifying central bank communication via
sentiment indicators, we use newspaper coverage to identify monetary policy surprises di-
rectly. To our knowledge, this is the first study to use LLMs to extract monetary policy
shocks directly from media coverage of monetary policy decisions.

In addition to introducing a novel identification strategy, we use our narrative framework
to provide new evidence on the empirical relevance of the information effect. Since our
dataset consists of contemporaneous newspaper coverage of policy actions, it is particularly
well suited to assess whether identified surprises are explicitly linked to the ECB revealing
new information about the state of the economy. If such effects are quantitatively important,
they should be reflected in the media coverage of policy decisions, as journalists would likely
report on the new information revealed by the central bank. However, we find only limited
evidence for such a mechanism, suggesting that the quantitative role of the information effect
in our setting is modest.

The remainder of the paper is structured as follows: Section 2 reviews the related lit-
erature on monetary policy shock identification and narrative analysis. Section 3 describes
our identification strategy including the data sources, article selection procedure and LLM
classification methodology. We provide a detailed discussion as well as several validation
approaches to our identified monetary policy surprises in Section 4. Section 5 assesses the

relevance of the information effect in our procedure. Section 6 concludes.

2 Related Literature

This paper relates to two main strands of literature. First, it contributes to the literature on
identification of monetary policy shocks, where the endogeneity of policy decisions poses a
central challenge for empirical macroeconomics. Second, it contributes to the growing litera-
ture that applies modern NLP techniques to extract meaningful information from qualitative

text sources.

2.1 Identification Literature

A large literature has developed different strategies to address the endogeneity of monetary

policy (Nakamura and Steinsson, 2018b). Broadly speaking, three approaches have been



particularly influential: Structural Vector Autoregressions (SVARs), HFI procedures, and
narrative approaches (Ramey, 2016).

Historically, SVAR models were the workhorse framework for identifying monetary pol-
icy shocks (Kilian and Liitkepohl, 2017). In this framework, shocks are identified from the
residual variation that remains after accounting for systematic co-movements implied by the
estimated model. Early implementations relied on zero restrictions, imposed either in the
short run through recursive Cholesky orderings (Sims, 1980) or in the long run via identi-
fying assumptions on permanent effects (Blanchard and Quah, 1989). Over time, concerns
about the plausibility of these assumptions led to more agnostic identification schemes. For
instance, sign restrictions may only limit the direction of admissible impulse responses rather
than their exact timing or magnitude (Uhlig, 2005), while time-varying parameter Vector Au-
toregression (VAR)s accommodate the idea that the underlying structure itself may evolve
over time (Stock and Watson, 2018). Nevertheless, about half of the early VAR studies
yielded a price puzzle, where inflation rose following a monetary tightening (Rusnak et al.,
2013). These limitations have motivated a shift toward approaches that identify shocks from
external sources while retaining VARs or Local Projections as the estimation tool.

Most prominently, the HFT literature exploits asset-price changes in narrow windows
around monetary policy announcements (Giirkaynak, 2005). This approach builds on the
assumption that within sufficiently tight time intervals, price movements in highly liquid
assets primarily reflect unexpected monetary policy actions rather than other macroeconomic
forces (Gertler and Karadi, 2015).

A recurring critique regarding this identification approach is that in many cases, the
dominant effect of a central bank policy announcement on financial markets might not be a
monetary policy shock, but rather the revelation of new information about the state of the
economy (Romer and Romer, 2000). Consistent with this concern, Jarocinski and Karadi
(2020) show that a large share of ECB policy announcements is accompanied by a theoret-
ically inconsistent positive co-movement of interest rates and stock prices. However, Bauer
and Swanson (2023) argue that such patterns may instead reflect a response-to-news chan-
nel, in which markets revise their understanding of how the central bank reacts to publicly
available information.

Another concern is that different HFI series diverge substantially. Brennan et al. (2024)
show that leading U.S. shock measures can correlate as little as 0.5 and coincide in sign only
two-thirds of the time. The deviations are mostly driven by the selection of the underlying
asset maturities and consequently most pronounced at the effective lower bound, where
short-term rates are not informative anymore. Using longer maturities can mitigate this but

risks underestimating conventional policy actions (An et al., 2025). So, while HFI offers a



more credible approach, so far, an unquestionably optimal strategy has not yet emerged.

The tradition of narrative analysis can be traced back to Friedman and Schwartz (1963),
who identified major monetary policy shocks in the U.S. interwar period through historical
interpretation. Romer and Romer (1989) later formalized this approach by systematically
assessing the Federal Reserve’s internal meeting records and proposing a more explicit defini-
tion of what constitutes a monetary policy shock. Subsequent work has applied similar logic
in other historical settings. For example, Petracchi (2022) study historical monographs to
identify dates of monetary policy regime shifts, and Monnet (2014) interprets archival policy
notes during the Bretton Woods era. The latter example highlights an important advantage
of narrative methods: they remain informative even when no single policy instrument exists
or when policy frameworks evolve over time.

In a wider sense, any usage of qualitative data can be viewed as narrative analysis,
which results in a broad range of different approaches in this category. While these studies
still rely on qualitative sources, the human interpretative work is minimized or replaced
entirely by algorithmic classifications, which departs from the judgment-driven nature of the
original approach. The most frequently adopted "narrative” approach, Romer and Romer
(2004), also differs markedly from their 1989 approach. Rather than identifying shocks
through qualitative reading, it combines internal Federal Reserve forecasts with a regression
framework to isolate the exogenous component of intended policy rate changes. This hybrid
strategy is closer to a forward-looking econometric approach than to the manual classification

tradition.

2.2 Natural Language Processing in Monetary Policy Research

Secondly, our work is rooted in the literature on employing NLP methods in the context
of studying monetary policy, which has evolved from simple dictionary-based word counts
to more sophisticated models capable of capturing nuanced semantic relationships. Early
contributions typically relied on predefined word lists to quantify sentiment or classify qual-
itative data sources (Baker et al., 2016). For instance, Picault et al. (2022) construct a
media sentiment index for ECB policy by applying lexicon-based methods to news coverage.
Such approaches are transparent and straightforward, which contributes to their popular-
ity (Gentzkow et al., 2019). However, even basic challenges such as irony, negations, and
genre-specific jargon pose serious difficulties (Loughran and Mcdonald, 2011).

Advances beyond dictionary-based methods have centered on the use of embeddings,
where each token is represented as a multi-dimensional vector capturing semantic relation-

ships. Even static embeddings such as Word2Vec or GloVe already outperform dictionaries



by encoding hundreds of latent dimensions rather than a handful of sentiment categories.
Studying ECB communication, Baumgértner and Zahner (2025) report that embeddings
can explain up to 70% of policy variation compared to 20-30% for dictionaries. Similar
gains arise in forecasting applications, where even simple Word2Vec embeddings of policy
statements predict core inflation more accurately than dictionary-based approaches (Araujo
et al., 2025).

A further major step was the introduction of transformer architecture, whose contex-
tual embeddings adapt word meaning to the surrounding sentence context. Again, domain-
specific finetuning has proved effective in extracting hawkish or dovish sentiment from central
bank communication, with Nitoi et al. (2023) showing large accuracy gains over traditional
methods. More recently, decoder-based LLMs such as GPT or LLaMA have extended these
capabilities to generative and multi-step reasoning tasks and content synthesis. For exam-
ple, Hansen and Kazinnik (2024) show that GPT models can replicate much of the Romer
and Romer (1989) identification procedure by interpreting qualitative records and applying
economic judgment in a structured manner. While LLMs can match or exceed the classi-
fication accuracy of encoder-based transformers, they introduce additional concerns about
reproducibility, cost-efficiency, and transparency. In practice, smaller encoder-based models
often remain competitive for narrow classification tasks, whereas LLMs are better suited for
tasks requiring richer reasoning or interpretation (Gambacorta et al., 2024).

Our work contributes to both strands of the literature by introducing a novel identifica-
tion strategy that leverages state-of-the-art LLMs to recover monetary policy shocks from
newspaper coverage. While recent advances in NLP have inspired numerous applications,
most focus on deriving sentiment-type indicators from central bank communication. For
instance, Geiger et al. (2025) finetune an LLM to interpret ECB statements, but the result-
ing output is aggregated into a sentiment index rather than an exogenous shock measure.
A related exception is Ter Ellen et al. (2022), who study media coverage in the context of
monetary policy narratives, but do not use LLMs to extract surprise classifications directly
from contemporaneous newspaper reporting. The closest LLM-based precedent is Hansen
and Kazinnik (2024), who use LLMs to identify shocks from internal Federal Reserve records.
By applying a more appropriate shock definition to media sources, our approach extends this
line of research to a broader and more market-relevant information channel, constituting, to

our knowledge, the first systematic attempt of this kind.
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Figure 1: Overview of the identification procedure

3 Identification Procedure

While LLMs such as ChatGPT, Claude, or DeepSeek have only recently entered the public
spotlight, their ability to process natural language at scale offers promising opportunities
for qualitative economic research. Even though the use of language models in the social
sciences faces recognizable hurdles, the prospects for new insights and their use for scientific
inference are promising Argyle et al. (2025). In particular, transformer-based architectures
have demonstrated strong performance in capturing linguistic nuance, even across multiple
languages, and are therefore well suited for interpreting qualitative policy communication
(Xu et al., 2024). Their usage in the field of economics is thus also highly promising as
shown by Ash and Hansen (2023). We put forward a new methodology leveraging a LLM for
which we employ a dataset spanning 310 ECB Governing Council (GC) meetings between
January 1999 and March 2025, covering 11 major newspapers across 7 countries, and yielding
7,620 relevant articles after filtering. Figure 1 displays the text-processing pipeline used for

our procedure which will be explained in more detail in the following sections.

3.1 Selection of Relevant Articles

We select 11 major daily newspapers from core euro area countries as well as Switzerland
and the United Kingdom. This selection was guided by (i) national representativeness, (ii)
availability, and (iii) relevance for financial and economic reporting. The resulting sample
includes both general-interest and business-oriented outlets and thus captures how ECB
policy decisions are interpreted for professional financial or economic readership.

For each GC meeting, we retrieve all articles published by the selected newspaper outlets

on the next publication day that contain the abbreviation "ECB” in English or its equivalent



in the respective language ("EZB” in German, "BCE” in French, Italian, and Spanish).
This keyword filter is simple, transparent, and highly effective, as substantive ECB coverage
almost inevitably contains it. If the immediate day after the GC meeting is not a publication
day, we shift the search to the next available issue, taking into account weekends and country-

specific public holidays. We then apply the following preprocessing steps:

e Deduplication: Articles are compared via cosine similarity to discard multiple ver-

sions of the same article, stemming from different local editions.

e Length filter: To exclude short items that are not considered informative, articles

must contain at least 1,000 characters.

e Relevance filter: Using an LLM, we exclude articles that mention the ECB but do

not contain substantive information about the most recent policy decision.

This last step is particularly important, as the relevance filter accounts for the largest
share of discarded observations. We therefore manually validate its performance to assess
the reliability of the LLM-based screening.! An article is classified as relevant if it contains a
discussion of the monetary policy decision taken at the most recent GC meeting. Although
the full sample of 14,500 articles is already restricted to articles that mention the ECB on
the first publication day after a GC meeting, only about half of them are retained for the
core classification steps. As all considered outlets usually have multiple articles mentioning
the ECB on any given date, the relevance filter is crucial in ensuring that only articles
that explicitly discuss the respective policy decision are considered. Articles that merely
mention the ECB without referring to the latest monetary policy decision are excluded.
Such discarded articles usually provide a more general assessment of the ECB or other non-
monetary-policy-related coverage of the central bank. This process yields the raw count of
retrieved articles and the relevant count after filtering. Across the entire sample, we identify

7,620 relevant articles, averaging about 24 articles per GC meeting (see Table 1).

3.2 Classification of Articles

Our goal is to measure the shock/surprise component of monetary policy as perceived by the
policy’s recipients. We therefore classify each relevant article as either very surprisingly
expansive (—2), surprisingly expansive (—1), neutral/expected (0), surprisingly

restrictive (41), or very surprisingly restrictive (42). This five-point scale offers a

'See Appendix A for the employed prompt. Results of the respective robustness tests can be found in
section 4.1



Table 1: Sample Coverage of Newspapers in the Dataset.

Newspaper Coverage Country Nai Nieal
Corriere della Sera 2009- Italy 520 329
Der Standard 2008— Austria 278 205
El Mundo 2002— Spain 541 406
El Pais Full Spain 833 647
FAZ Full Germany 2,119 938
Financial Times Full United Kingdom 1,575 1,252
Handelsblatt Full Germany 1,804 1,161
La Stampa -2019 Italy 569 395
Le Figaro Full France 658 476
Les Echos Full France 1,625 1,160
Neue Ziircher Zeitung 2000— Switzerland 828 647
Total 11,350 7,620

compromise between the granularity needed to capture meaningful variation and the inter-
pretability required for consistent annotation. It allows for two degrees of magnitude in each
direction, providing more nuance than the binary measure in Romer and Romer (1989), while
avoiding additional subjectivity concerns that would arise from a larger set of categories.

We implement a two-step prompting procedure for classification, similar in spirit to
Geiger et al. (2025). However, in contrast to their objective, we do not aim to create
a sentiment (tonality) indicator; instead, we directly target the article’s evaluation of a
potential policy shock/surprise. We thus stick to the guidelines of Argyle et al. (2025) by
directly acknowledging the ability of the LLM to conduct the narrative inference from the
textual data and later provide evidence whether the LLM has succeeded with its given task
(see Section 4).

In the first step (see first-step prompt in Appendix A), the model independently receives
the article and produces a one-sentence English summary of the stated surprise and its
direction (restrictive / expansive / neutral). In the second step (see second-step prompt in
Appendix A), a separate prompt converts this summary into the corresponding numerical
category from —2 to 4+2. Table 2 illustrates exemplary classifications for selected Frankfurter
Allgemeine Zeitung (FAZ) articles along with additional context. The examples provided
clearly show that our narrative identification approach goes far beyond the inclusion of
conventional monetary policy measures. Monetary policy instruments such as bond purchase
programmes or forward guidance are regularly covered in newspaper reports and are explicitly
included in our indicator through narrative analysis. We therefore argue that our approach

explicitly addresses the multidimensionality of monetary policy communication as discussed



in Altavilla et al. (2019).

Table 2: Exemplary FAZ Classifications and Context

Date

One-sentence English summary

Score Additional context

2013-11-07

2008-07-03

2009-03-05

2018-06-14

2022-07-21

The article describes the ECB’s rate cut
as very unexpectedly expansive, noting that
only a tiny minority of analysts had antici-

pated such an easing at this time.

The article says markets had expected a se-
ries of rate hikes, but Trichet signaled no
such path, so the ECB’s decision was more

expansive than expected.

The article states that the ECB cut its main
rate to 1.5 percent ’as expected’ and does
not mention any surprise, so the decision is

described as expected/neutral.

The article says markets had expected a re-
duction in ECB bond purchases but not a
firm end date, so the decision to terminate

the program was unexpectedly restrictive.

The article states that the ECB’s rate hike
was twice as large as previously signaled and
generally expected, making the decision un-

expectedly restrictive.

—2

+1

+2

MRO cut to 0.25%

(record low at the time).

MRO hike anticipated;
Preference for stable in-
terest rate path damp-
ened expectations of fur-

ther interest rate hikes

Rate cut in line with ex-

pectations.

APP reduction schedule
with fixed end date.

MRO up 50 bps beyond

expectations.

For each GC meeting, we calculate the monetary policy surprise index as the mean

classification score across all relevant articles referring to that meeting:

Ny
. 1
SUrprise _
M P; =~ E Ay,
ti1

(1)

where M PP"""*¢ is the Monetary Policy Surprise at time ¢, N, is the number of articles

referencing the respective policy decision and A;; reflects the classification of an individual

article ¢ at time ¢.
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The prompts are identical for all articles —regardless of language— leveraging the multi-
lingual capabilities of LLMs. This standardization avoids intermediate translation and helps
ensure that classification is consistent across countries.

We employ multiple LLM versions which are publicly available from OpenAl, namely
gpt-4.1
gpt-5.1

gpt-4.1 2. gpt-5, gpt-5-nano, gpt-5.1_ ..., gpt-5.1 and

temp = 0 temp = 1 medreas

highreas3. With the above-mentioned selection we include both non-reasoning mod-
els (gpt-4.1) and reasoning models (gpt-5 with a medium and high reasoning effort, gpt-5
nano and gpt-5.1 with a dynamic reasoning effort). In addition, the selected LLMs form
the back end of the most widely used chatbot, ChatGPT. We access the individual LLM via
the Python APIT of OpenAl. This setup allows us to control model behavior and ensures that
classification is not influenced by prior user interactions.* Also when approached via the
API several control parameters of the model can be selected that help with reproducibility
and stability of the outputs. For the upcoming discussion and analysis we test the latest

models from OpenAl and employ gpt-5.1 as our benchmark model because it is one

highreas
of the best performers with our internal validation (see Section 4.1). Furthermore, when this
study was conducted gpt-5.1 was the flagship model of OpenAI which itself was by far the

most widely used platform for LLMs.

4 Discussion of Identification

This section discusses the monetary policy surprise measures derived from the classification
procedure described above.? As there is some inherent ambiguity in narrative identification
of monetary policy shocks (Nakamura and Steinsson, 2018b), we provide several validation
exercises to assess the reliability of our approach at both the individual article level and
the aggregated surprise series level. Initially, we provide an internal validation of the LLM-
based surprise measure by examining the classifications on article level as well as aggregated

meeting level. Subsequently, the resulting surprise series is assessed externally by comparing

2The parameter temperature can be selected within the Application Programming Interface (API).
temperature controls the randomness in the response of LLMs which thus creates more traceable results
when temperature = 0. However newer versions of LLMs (all gpts of gpt-5X) do not support this setting
due to their reasoning capabilities so that temperature = default = 1.

3In the gpt-5X models the reasoning effort can be selected. One can think of reasoning as an iterative
thinking process of the LLM. The default setting for gpt-5 is medium and for gpt-5.1 none. This is why
we employ non-reasoning (noreas) and reasoning runs (medreas and highreas) for gpt-5.1

4When used via applications like ChatGPT, many LLMs learn from the user behavior or streamline their
replies based on previous chats.

SWithin the following sections we carefully use the term surprise to describe our measure thereby noting
that it might be subject to limitations that restrict its applicability as pure monetary policy shock measure.
We analyze the extent to which our measurement is affected by such limitations, especially the information
effect, in section 5 and show that these are rather small.

11



it to established financial market-based measures.

Figure 2 displays our newspaper-based surprise series along with annotations of prominent
monetary policy events in the euro area.’ The figure reveals that many of the large surprises
in our series coincide with well-known monetary policy actions or regime shifts. For instance,
the announcements of TLTRO II and TLTRO III in 2016 and 2019 correspond to notable
negative spikes, reflecting expansionary monetary policy surprises at the introduction of these
new lending facilities. Similar to HFI-based approaches, our series captures the introduction
of PEPP in March 2020, as unconventional measures had been anticipated and the actual
announcement fell short of expectations, while the expansion of PEPP in June came as
a surprise, doubling the volume of asset purchases. Other notable events usually reflect

stronger or earlier policy action than anticipated, or inaction when strong actions were

—— Surprise Series
15 Accomodative Behavior in 2021
i Hawkish Behavior in 2022-2023
Jun 2000: Apr 2004:
Rate hike (50 bp) Inaction amidst Aug 2012: Dec 2015:
more than expected expectations of easing Inaction after Draghi's  gnly deposit rate cut
'Whatever it takes' y dep
Oct 2000: Apr 2009: no QE announcement
1.0 Rate hike (25 bp) el 25 EHp el l l Er ST
earlier than expected 1 PEPP announced

0.51
x
]
3
2
&
-
§ oo W

-0.5
. ! .
. Jan 2015: Jun 2020:
Dragm‘qsvfﬁgtlrli;le a T APP expanded PEPP expanded
Mar 2019:
-1.0 Now.2013; TLTRO Ill announced
e Sy Apr 2006: Rate cute (25 bp)
Rate cut (50 bp) May 2001: Ruling out expected DD D) G i
meore than expected ~ SUrprising rate cut (25bp) rate hike for May Mar 2016:
TLTRO Il announced

2000 2004 2008 2012 2016 2020 2024
‘Year

Figure 2: Surprise series with annotations of prominent monetary policy events (Own cre-
ation)

4.1 Internal Validation

The core of our identification strategy relies on the capability of LLMs to accurately classify

articles according to the defined shock categories. To evaluate the LLM-based classification,

6The distribution is strongly centered around 0, indicating that most articles classify the monetary policy
decision as neutral or expected. This aligns with the ECB’s general communication strategy, which aims to
communicate policy intentions in a transparent way. Extreme values are rare which is consistent with the
characteristics of well-identified monetary policy shocks (Nakamura and Steinsson, 2018b).

12



we manually conduct a narrative analysis on a randomly drawn subset of articles. The man-
ual coding follows the same conceptual procedure as in the LLM workflow but is carried out
independently by research assistants who manually classify 5% of the preprocessed sample
(n = 568) into six categories {—2, —1,0, +1, 42, irrelevant}, without access to model predic-
tions. This design allows us to jointly assess both steps of the pipeline: relevance selection
(Section 3.1) and ordinal shock classification among relevant articles (Section 3.2). Unless
which

we use as benchmark model as it was OpenAl’s most advanced frontier model at the time

otherwise noted, the following results refer to results stemming from gpt=5.1;; 4 eaq:
this study was conducted.

Table 3 examines the baseline comparison on newspaper level. Three patterns emerge.
First, relevance accuracy is high across most newspapers, typically around 90%, with the
lowest value for Der Standard (80.0%) and the highest for the Financial Times (100%).
Second, conditional on relevance, classification accuracy is also high and exceeds 90% for
several outlets. Third, disagreements are overwhelmingly small: most classifications are
exact matches, and within the remaining cases, the model’s classification is typically only
one step away from the manual coding, which indicates that misclassifications typically
concern intensity, which can be subject to more ambiguity, rather than the direction of the

surprise.
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Table 3: Comparison of gpt-5.1 Classifications with Manual Classifications

highreas

Newspaper Accuracy Accuracy Deviations |A|
Relevance Classification 0 1 2
Corriere della Sera 92.3% 93.3% 14 1 0
Der Standard 80.0% 100.0% 12 0 0
El Mundo 96.4% 81.8% 18 4 0
El Pais 94.8% 95.5% 42 2 0
FAZ 92.7% 84.2% 32 5 1
Financial Times 100.0% 91.7% 4 4 0
Handelsblatt 95.3% 92.1% 58 4 1
La Stampa 93.8% 86.4% 19 3 0
Le Figaro 97.7% 80.0% 24 6 0
Les Echos 93.7% 94.2% 49 3 0
NZZ 90.2% 85.2% 23 4 0
Total 94.4% 89.8% 335 36 2

Notes: Relevance accuracy is computed on all manually coded articles. Classification accuracy and

absolute deviations are computed on the subset classified as relevant by both manual coders and the model.

Table 4 provides an overview of the performance of all tested LLMs in both the relevance
selection and the ordinal classification task. Concerning the agreement rate on whether
an article is relevant or not, all models achieve accuracy levels between 91.7% and 95.7%,
indicating a consistently high alignment with the manual benchmark across different model
versions. Given the size of the benchmark sample, these differences are rather small and do
not indicate a clear superiority of one model over the others in terms of relevance selection.
However, the classification accuracy among relevant articles varies more substantially across
models, ranging from 78.5% to 90.5%. The 90.5% accuracy of the best-performing model
gpt-5 means that the model has classified both the direction and the magnitude of the
monetary policy surprise reflected in an article identically to a human researcher in more

than 9 out of 10 cases.
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Table 4: Model Performance Comparison

Model Accuracy Accuracy Deviations |A| Relevance
Relevance Classification 0 1 2 in %
gpt-5. 1y s 944% 80.8% 335 36 2 66.8%
gpt-5.1__, 95.3% 88.2% 320 43 1 66.0%
gpt-5.1__ 91.7% 83.9% 287 51 4 60.3%
gpt-5 95.7% 90.5% 332 33 2 64.1%
gpt-5 nano 92.7% 85.6% 297 48 2 62.4%
8Pt=4. 1igup - 4 93.9% 78.5% 284 73 5 65.1%
gpt=4. 1.,  94.8% 80.2% 202 67 5 65.0%

As expected, across all models the relevance accuracy is higher than the classification ac-
curacy. The relevance selection task is conceptually simpler, as it involves a binary decision
about whether an article contains substantive information on the policy decision. In con-
trast, the ordinal classification task requires interpreting both direction and intensity of the
reported surprise, which naturally allows for more ambiguity. Even within the latter task,
the agreement rates remain high and almost all deviations are within 4+1 category in our
sample. The mean absolute deviation ranges between 0.10 and 0.12 for frontier models and
remains below 0.23 even for the less advanced models. Additionally, the verbal explanations
(first-step prompt) that determine the numerical classification (second-step prompt) can be
inspected to comprehend the differing interpretations. These explanations often highlight
subtle nuances in how the articles frame the policy decision rather than indicating outright
misclassifications. Thus, the deviations typically reflect interpretative ambiguity and do not
indicate systematic misclassification. Especially, within the frontier models, the performance
is consistently high, clustering around 90%, suggesting that the resulting shock measure is
not driven by a particular model specification but remains stable across modern frontier
LLMs. Since the empirical shock series aggregates article-level classifications at the meeting
level, such small article-level deviations are further attenuated in the final surprise measure.
The final column reports the share of articles classified as relevant by each model. These

shares range between 60.3% and 66.8% and remain close to the manually observed relevance
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share of 63.5%. Importantly, there is no systematic relationship between relevance share
and classification accuracy, indicating that higher performance is not achieved through more
restrictive relevance filtering.

It should be noted that the classification procedure of the LLMs requires non-negligible
computational resources, which is documented in Table 5. Higher-performing frontier models
generally involve higher financial costs and token usage. However, even the less costly models
achieve satisfactory results at a fraction of the cost of the benchmark model; for instance,
gpt-5 cost more than 100-fold the amount of gpt-5 nano while delivering only a modest
increase in classification accuracy. The cheaper gpt-5 nano came at the cost of the longest
computation time, taking more than 45 hours to classify all articles. Depending on the
research question and the available resources, those models might be a viable alternative to

our benchmark model gpt-5.1

highreas"

Table 5: Model Cost Comparison

Model Computation Million Token usage Cost
(hours) (Output) (USD)

8Pt=5. 11 ohreas 34 6.1 89
gPt=-5.1  4reas 23 2.7 55
gpt-5.1_  cac 3 0.7 38
gpt-5 35 7.7 105
gpt-5 nano 45 0.7 1
gpt=4.1 o 11 0.5 48
gpt—4. 1, ppmy 11 0.5 48

Notes: All models use the same amount of input tokens (22 Million Tokens). The token cost for input and

output tokens differs across models.

With this internal validation, we put forward evidence that the LLM-based classifica-
tion is capable of replicating human judgments within narrative analysis, similar to Hansen
and Kazinnik (2024).” Overall, the LLM classifications align closely with human interpre-
tations, demonstrating that the delegation of interpretational tasks to LLMs is feasible for

our application.

"We have documented our narrative analysis results in detail. However, as we are not permitted to make
the collected newspaper articles freely available for licensing reasons, we can only provide the summary
statistics here.
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4.2 External Validation

We externally validate our newspaper-based monetary policy surprise series by comparing
it to two prominent shock/surprise series from the literature: Badinger and Schiman (2023)
base their identification on a narrative approach and use a SVAR with sign and magnitude
restrictions on four particular events to implement it while Jarocinski and Karadi (2020)
provide an HFT series that explicitly accounts for the information effects.

Figure 3 displays the rolling correlations between our newspaper-based surprise series
and the two benchmark series using a 48-month window on the time period in which all
three series are available. Both comparisons yield positive correlations throughout most of
the sample period, with a markedly better fit with Jarocinski and Karadi (2020) than with
Badinger and Schiman (2023). While the correlation with Badinger and Schiman (2023)
fluctuates around 0.2 and occasionally turns negative, the correlation between our series and
Jarocinski and Karadi (2020) is substantially stronger and more stable for large parts of the
sample. Even though the four defining (restricted) events of Badinger and Schiman (2023)
are in line with our assessment, the overall correlation with their resulting shock series is close
to zero and sometimes even negative. However, it is striking that the alignment of the HFI
Shock Series from Jarocinski and Karadi (2020) to the outcome of Badinger and Schiman
(2023) is equally bad. Given the higher alignment of our surprise series with Jarocinski and
Karadi (2020) and the fact that their approach explicitly accounts for information effects,
we subsequently conduct a more detailed comparison with the latter series. Figure 3 also
includes the rolling correlation between our series and an updated version of the shock series
from Jarociriski and Karadi (2020)%. The overall correlation is markedly higher with the
updated series, that takes into account data up to 2025, suggesting that the updated version
aligns better with our measure.

Across the common sample period (March 1999 to December 2016), our newspaper-based
series exhibits a correlation of approximately 0.60 with the main HFI measure of Jarocinski
and Karadi (2020). Moreover, both series agree in sign in about 64% of policy meetings,
which lies well within the range documented for comparisons across alternative HFI measures
(Brennan et al., 2024). As both shock distributions are tightly centered around zero, sign dis-
agreements predominantly occur for small realizations. Consistent with this interpretation,
months with differing signs are characterized by substantially smaller absolute shocks on av-
erage. Restricting attention to meetings with an absolute shock exceeding 0.5 (1) standard

deviation in either series raises sign agreement to 71.7% (82.2%), indicating a high degree

80n the personal webpage of Marek Jarociriski, updated versions of the shock series are available (see
https://github.com/marekjarocinski/jkshocks_update_ecb). We also provide a version of Figure 4
with the updated shock series in Appendix D.
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Figure 3: Rolling correlations of shock series from Jarociriski and Karadi (2020) and Badinger
and Schiman (2023) with our newspaper-based surprise series (Own creation)

of agreement for economically meaningful shocks. Most of the stronger deviations between
our shock series and that of Jarociniski and Karadi (2020) arise from differences in magni-
tude rather than direction. In contrast, the lower correlation with Badinger and Schiman
(2023) reflects disagreements in both magnitude and direction. While different identifica-
tion strategies are often evaluated based on the impulse responses they produce, examining
the underlying shock series suggests that the different approaches measure fundamentally
different dimensions of monetary policy surprises.

In spite of the broad alignment of our newspaper-based surprise series with that of
Jarocinski and Karadi (2020), there is a notable decline in the rolling correlation in the
years following the global financial crisis. Several meetings exhibit clear discrepancies in
sign, which account disproportionately for the lower correlation observed during this period.
Figure 4 depicts the normalized deviations between our newspaper-based surprise series
and that of Jarocinski and Karadi (2020) during the period from December 2007 to Decem-
ber 2011. Importantly, many months with opposing signs are characterized by small absolute
shock realizations in both series, making it more likely that noise rather than substantive
disagreement drives these differences. In the subsequent analysis, we examine four episodes
with the largest discrepancies in sign and magnitude in more detail to better understand the
underlying sources of disagreement between the two identification approaches. To provide
additional institutional context, Appendix C reports the respective statements by the ECB
President in the Q&A sessions following the corresponding GC meetings.
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Figure 4: Shock series from Jarocinski and Karadi (2020) and from us composed in agreement
and disagreement contributions (Own creation)

December 2007: In December 2007, our newspaper-based shock series differs in both
sign and magnitude from the high-frequency identification of Jarocinski and Karadi (2020).
While their approach yields a mildly negative (expansionary) monetary policy shock, we
identify a strongly restrictive surprise of almost two standard deviations. At its GC meeting
on 6 December 2007, the ECB left all key interest rates unchanged. In the accompanying
communication, however, the ECB emphasized pronounced upside risks to price stability,
noting that Harmonized Index of Consumer Prices (HICP) inflation had reached 3.0% in
November and that money and credit growth remained ”very vigorous”. The GC explicitly
signaled its readiness to counter inflationary pressures ”in a firm and timely manner” if
required, stressing the importance of anchoring inflation expectations, particularly in an
environment of heightened financial market uncertainty (Trichet, 2007). The decision was
taken at an early stage of the global financial crisis, characterized by rapidly falling US
house prices and increasing financial stress. On the same day, the Bank of England (BoE)
responded to the turmoil with its first interest rate cut in years, following the Federal Reserve
System (Fed), which had already reduced rates in September and October. Against this
backdrop, market participants had increasingly expected a more accommodative response
also from the ECB, which was not fulfilled. The combination of unchanged policy rates and a
strongly inflation-focused communication therefore constituted a restrictive surprise relative
to prevailing expectations.

Our procedure identifies 26 relevant articles associated with this monetary policy de-
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cision. Eleven articles classify the decision non-zero, all of them in unanimously charac-
terizing it as unexpectedly restrictive. The dominant narrative emphasizes that, despite
rising financial stress and easing abroad, the ECB not only refrained from cutting rates
but also communicated a willingness to tighten policy should inflationary pressures per-
sist. This narrative-based classification differs from the expansionary shock implied by the
high-frequency measure of Jarocinski and Karadi (2020) and highlights a divergence in the
interpretation of the policy decision at this early stage of the financial crisis. It is also note-
worthy that in the updated version of the shock series by Jarociniski and Karadi (2020) (see

Figure 9 in Appendix D) the directional disagreement regarding this month is resolved.’

November 2008: In November 2008, the divergence between our newspaper-based shock
series and the high-frequency identification of Jarocinski and Karadi (2020) is entirely due to
differences in magnitude, as both approaches agree on the sign of the shock. While Jarocinski
and Karadi (2020) identify their strongest positive (contractionary) monetary policy shock,
exceeding four standard deviations, our approach yields a considerably smaller positive sur-
prise of around one and a half standard deviations. At its GC meeting on 6 November 2008,
the ECB decided to cut all key interest rates by 50 basis points, thereby continuing the eas-
ing cycle initiated in October. In its communication, the ECB argued that the outlook for
price stability had improved further, while ongoing financial market turmoil was expected to
dampen global and euro area demand for a protracted period of time (Trichet, 2008). The
policy decision thus largely constituted a continuation of an already anticipated easing path
amid extreme financial market stress. For instance, equity market uncertainty surged, as
evidenced by exceptionally high implied volatility in European stock markets. Also, broader
measures of systemic risk, such as the Composite Indicator of Systemic Stress (CISS), reached
their highest levels in that month, reflecting widespread tensions across multiple financial
market segments (Garcia-de-Andoain and Kremer, 2018). Thus, this environment was char-
acterized by heightened risk aversion, severe liquidity constraints, and large-scale repricing
across asset classes.

Our procedure identifies 25 relevant newspaper articles associated with this monetary
policy decision. Of these, 11 classify the decision as unexpectedly restrictive, while the
remaining articles interpret it as broadly in line with expectations. The dominant narra-
tive emphasizes that, despite the substantial rate cut, financial markets had anticipated even
more decisive action given the severity of the crisis. Several articles stress that the magnitude

of the easing was perceived as insufficient relative to prevailing expectations and the scale

9According to our findings from section 5 December 2007 marks one of the strongest information effect
driven surprises in our sample. After purging the information effect from our surprise series the two shock
series align almost perfectly while still there is no indication for an expansionary shock.
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of financial disruption. This reading is consistent with the assessment of Soenen and Van-
der Vennet (2021), who argue that early monetary policy responses during the financial crisis
were initially perceived as not sufficiently expansionary, and that the ECB’s policy stance
only reverted to a clearly expansionary interpretation once policy actions were stepped up
more forcefully. This narrative assessment is consistent with the moderate positive surprise
identified in our procedure, but contrasts sharply with the extremely large contractionary
shock implied by the high-frequency measure of Jarocinski and Karadi (2020). Importantly,
this divergence does not imply that the strong high-frequency price responses observed in
November 2008 were unrelated to monetary policy. Rather, in an environment of acute
systemic stress and exceptionally elevated market volatility, announcement-time asset price
movements are likely to reflect monetary policy news alongside broader market-wide ad-
justments that are not specific to the policy decision itself. As a result, the mapping from
high-frequency asset price changes to the underlying monetary policy shock may be over-

stating the degree of contractionary surprise during crisis periods.

April 2009: In April 2009, the two shock series agree in sign but differ markedly in mag-
nitude. While Jarocinski and Karadi (2020) identify a mild positive (contractionary) shock
of around 0.3 standard deviations, our newspaper-based series identifies a large positive sur-
prise of around three standard deviations. Unlike the previous two episodes, this divergence
may be partially related to information effects, as Jarocinski and Karadi (2020) view this
policy decision as being primarily driven by information effects. Their estimated information
shock amounts to roughly 1.3 standard deviations and can thus explain part of the devia-
tion. However, even this non-negligible information component does not fully reconcile the
difference in magnitudes between the two identification approaches. At its GC meeting on 2
April 2009, the ECB reduced all key interest rates by 25 basis points. Importantly, this move
was widely perceived as smaller than expected, which explains the restrictive interpretation
in both shock series. Additionally, the GC highlighted the already historically low level of
interest rates, signaled caution about moving the deposit rate further and dampened hopes
for unconventional measures (Trichet, 2009). Alongside the rate decision, the communication
plausibly contributed to a reading that the ECB was approaching the effective lower bound
only gradually and was not yet willing to match the perceived aggressiveness of other central
banks. The decision came against the backdrop of a deepening global recession, with euro
area, GDP contracting sharply and unemployment rising. Financial markets had anticipated
a more aggressive easing, given the severity of the economic downturn.

Our procedure yields 29 relevant articles, of which 23 classify the decision as unexpect-

edly restrictive. This unusual degree of consensus on the restrictive nature of the decision
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produces the strongest shock in our series in the designated period. The dominant narrative
emphasizes that the rate cut was perceived as insufficiently aggressive relative to prevail-
ing expectations and that the communication signaled a cautious approach to further rate
reductions or unconventional measures. This narrative-based interpretation of a strong con-
tractionary shock is neither matched by the mildly restrictive pure monetary policy shock
nor the information shock identified by Jarocinski and Karadi (2020). Again, as we already
mentioned for December 2007, the updated version of the shock series by Jarocinski and
Karadi (2020) (see Figure 9 in Appendix D) dampens the magnitude of disagreement for
this month, where their pure monetary policy shock is now close to 1.5 standard deviations,

which is more in line with our newspaper-based surprise series.

August 2011: In August 2011, the two shock series differ not only in magnitude but
also in sign. While Jarocinski and Karadi (2020) view this policy decision mainly as an
information effect, finding a negative information effect of roughly 3 standard deviations
(one of their overall strongest) alongside a still sizable expansionary pure monetary policy
shock ( —0.9 standard deviations), our newspaper-based surprise series identifies a positive
(contractionary) surprise of around 1.3 standard deviations.!® At its GC meeting on 4 August
2011, the ECB kept key interest rates unchanged, following the 25 basis point increase in July.
At the same time, it announced a supplementary six-month LTRO and continued fixed-rate
full allotment procedures. While these measures can be interpreted as liquidity-supportive,
the overall communication maintained a firm focus on upside risks to price stability. The
introductory statement emphasized that the previous rate hike had been warranted, that
inflation remained elevated, and that vigilance against second-round effects was essential
(Trichet, 2011). Thus, despite renewed financial market tensions, the ECB did not signal a
decisive shift toward a more accommodative stance.

Our procedure identifies 40 relevant articles, of which 15 classify the decision as unex-
pected. Among these, only one article describes it as unexpectedly expansionary, while the
other fourteen characterize it as unexpectedly contractionary. The majority of the articles
that indicated a surprise reported that the measures, but especially the communication re-
garding future rate paths and bond purchase programmes were seen as disappointing. In
particular, the decision to limit the bond purchase programme to buying Portuguese and
Irish bonds, thereby excluding Spanish and Italian bonds, was widely perceived as insuf-
ficient given the severity of the sovereign debt crisis and the associated financial market

turmoil. The large negative-signed surprise implied by the HFI-scheme on this occasion is

10Tt is noteworthy that this event marks the only one among our four designated events in which the
disagreement increases when taking into account the updated Jarocinski and Karadi series (see Figure 9 in
Appendix D).
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not corroborated by our narrative assessment of the newspaper coverage.

General Patterns: The results of Jarocinski and Karadi (2020) allow us to further inves-
tigate a potential relationship between our newspaper-based surprise series and information
effects, which could potentially explain some of the differences observed above. As they
report both the information shock and the pure monetary policy shock separately, we can
simply regress our newspaper-based series on both components. While the coefficient on the
pure monetary policy shock is positive and highly significant (0.63,p < 0.01), the informa-
tion shock component does not attain statistical significance (—0.03,p = 0.61). This exercise
suggests that our newspaper-based series predominantly captures the exogenous monetary
policy action rather than information effects, supporting its validity as a monetary policy
shock measure. We discuss our take on the role of information effects in more detail in
section 5.

Beyond the event-specific discrepancies discussed above, several systematic differences
emerge. Most notably, their series features more extreme realizations of monetary policy
shocks. While our shock series only exceeds 3 standard deviations once, their series does
so 7 times. These extreme values likely reflect large market reactions to unexpected policy
actions. In all of these extreme cases, the two series do agree in sign, indicating that both
measures broadly capture the same underlying phenomenon despite differing magnitudes.
Restricting attention to months with opposing signs and normalized absolute deviations
exceeding 0.5 standard deviations, we find that these disagreements are concentrated in
very specific years. First, the early years of the ECB (1999-2003) exhibit more frequent
disagreements, which may reflect the market’s initial uncertainty about the new institution
and lower transparency on behalf of the central bank. One third of these months falls into
the period before 2001, when the ECB was still holding two meetings per month. The other
years with more than one pronounced disagreement are 2008, 2009 and 2012, which were
characterized by heightened uncertainty during the global financial crisis and the European
sovereign debt crisis.

The particular timing of large deviations raises the question of whether the observed di-
vergence reflects fundamental differences in shock identification or simply amplified market
responses during turbulent periods. To investigate the divergence more formally, we conduct
several regression analyses reported in Table 6. Financial stress emerges as the dominant
predictor of divergence between the two series. The CISS coefficient is highly significant both
against the original sample of Jarociniski and Karadi (2020) and the updated sample, indi-
cating that heightened financial stress raises the absolute discrepancy between the two series.

While the overall explanatory power with an R? of around 6% is modest, the relationship is
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highly robust across different specifications.

Table 6: Explaining Divergence

Dependent Variable Quantile Regression

Absolute Deviation OLS Q25 Q50 Q75

Original Jarocinski & Karadi [1999 — 2016]

Stress (CISS) 0.848%  0.034  0.513%* 1.720%%+
(0.203)  (0.162)  (0.212) (0.387)

N 204

R? / Pseudo R2 0.058  0.001  0.018 0.058

Updated Sample [1999 — 2025]

Stress (CISS) 0.783*** 0.244*  0.650%** 1.154%%%
(0.167)  (0.127)  (0.171) (0.360)

N 273

R? / Pseudo R? 0.062 0.006 0.015 0.043

Notes: ***p < 0.01, **p < 0.05, *p < 0.10. Standard errors in parentheses. OLS with
Newey—West (HAC) standard errors using 12 lags.

Subsequent quantile regressions confirm that the relationship is clearly non-linear and
becomes more pronounced in the right tail of the deviation distribution. The CISS coefficient
increases monotonically from 0.03 (insignificant) at the 25th percentile to 1.73 (p < 0.01)
at the 75th percentile in the original sample and exhibits a similar pattern in the updated
sample. The documented heterogeneity implies that financial stress significantly contributes
to the large deviations while leaving the bulk of the distribution largely unaffected. This
pattern is consistent with the interpretation that during periods of elevated financial stress,
high-frequency asset prices react more sharply to policy events, producing larger market-
based shock realizations. This suggests that our newspaper-based shock series provides a
more stable measure of monetary policy surprises, particularly during episodes of extreme
financial stress where HFI approaches may conflate the monetary policy signal with broader

market volatility.

24



4.3 Empirical Application

To illustrate the empirical application of our newspaper-based surprise series, we estimate
the dynamic effects of monetary policy surprises on key macroeconomic variables using local
projections (Jorda, 2005). Specifically, we estimate the following equation for each variable

of interest Y:
Y;Hrh_Yt :Oéh+5hMPtsurpTise+7hXt+5t+h7 h:071?27"'>H7 (2>

where Y, is the value of the variable at horizon h, M P "7 is our newspaper-based
monetary policy surprise at time t, X is a vector of control variables, and ;. is the error
term. The coefficients (), capture the impulse response of Y to a one-deviation (contractive)
surprise in monetary policy at horizon h. We include control variables to account for other
factors that may influence the dynamics of Y. It is noteworthy that the interpretation of
the impulse responses is different to other standard approaches in the literature as our shock
measure is not expressed in a policy rate change but bears its own metric. Therefore, the
impulse responses reflect the effect of an exogenous contractive monetary policy change in
our newspaper-based surprise measure on the variable of interest. A surprise normalized to 1
can be carefully interpreted as the outcome of a monetary policy decision that was classified
by all considered articles as ”surprisingly restrictive” so that the impulse responses reflect the
effect of such a decision on the variable of interest. Interestingly, such a normalized surprise
leads to a response of roughly 25 basis points in our policy rate so that the responses can be
interpreted as the effect of an unexpected monetary policy decision that leads to a 25 basis
point increase in the policy rate.

As it is standard in the literature, we include lags of the dependent variable and other
relevant macroeconomic controls in X, to account for potential confounding factors.!! The
specification and selection of our variables Y follows Holm et al. (2021) and the Local Pro-
jection application of Cloyne and Hiirtgen (2016). In particular, our dependent variables
include a policy rate (we use German one-year government bond yields as policy rate vari-
able), measures for economic activity (unemployment and industrial production) as well as a
price indicator (log-HICP). For control variables, we include BBB bond spreads for financial
conditions and a stock market index. As industrial production indicates structural breaks
during the Great Financial Crisis and during COVID, we further include respective dummies
to ensure that our results are not driven by those events. Figure 5 displays the estimated
impulse responses. Standard results emerge: A contractionary monetary policy surprise in-

creases the policy rate on impact with the strongest result after about six months. Economic

1We use 12 lags for the dependent and 3 lags for the control variables.
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Figure 5: Baseline Local Projection with Newspaper-Based Monetary Policy Shocks

activity reacts delayed with unemployment rising after about ten months while industrial
production declines (significant) after about ten months. Prices also respond delayed with a
small positive initial reaction before declining significantly with (strongly significant) point
estimates of a 50 basis points decrease in HICP after about ten months to one year. These
findings are in line with standard monetary policy transmission mechanisms documented
in the literature. We take this small empirical application as a first demonstration of the
validity and usefulness of our newspaper-based surprise measure, which can be used in a
wide range of applications to investigate the effects of monetary policy shocks on various
macroeconomic outcomes. However, similar to HFI impulse responses, we observe a small
initial price hike, which is often interpreted as a sign of an underlying information effect in
the shock/surprise measure. We therefore investigate this issue in more detail in the next
section, where we explore the role of information effects in our newspaper-based surprise

series.
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5 The Role of the Information Effect in Newspaper-
based Monetary Policy Surprises

Applying a further LLM-based classification step to our identification procedure as presented
in Figure 1 allows us to investigate to what extent our newspaper-based monetary policy
surprises are affected by the so-called information effect. As described in Romer and Romer
(2000) and Nakamura and Steinsson (2018a), a surprise can be polluted by an information
effect if the central bank’s policy decision conveys information about the state of the economy
that was not previously available to market participants. For instance, an unexpected rate
hike may signal that the economy is stronger than previously thought. In such a scenario,
the surprise reflects the new information rather than the policy action itself being surprising.
Not accounting for this information effect violates the exogeneity assumption of the shock
measure and can lead to rather unexpectedly positive reactions in financial markets and the
real economy. It is precisely this counter-theoretical reaction of stock markets in response
to a policy decision that Jarociniski and Karadi (2020) use for the decomposition of their
high-frequency shock series into a pure monetary policy shock and an information shock.

As we are able to directly analyze the narrative content of the newspaper articles that
signaled the underlying surprise, we should be able to detect indications of such information
effects in the articles themselves. If a surprise of a monetary policy announcement is driven
by such an information effect, we expect the articles to explicitly mention that the policy
decision is surprising because it revealed new information about the state of the economy.
The discussion of the information effect in the literature has evolved considerably since the
definition proposed by Romer and Romer (2000), which more closely reflects the idea of
newly shared private information, whereas the definition adopted above from Jarocinski
and Karadi (2020) better captures the notion that the central bank communicates new
information about its own assessment of the economic outlook. According to the definition by
Miranda-Agrippino and Ricco (2021), an information effect can even arise implicitly through
a latent signal in the policy action itself. In our reading, however, this is closely related to
the alternative characterization of the ‘Response to News' effect (Bauer and Swanson, 2023)
- that is, the assumption that the surprise in monetary policy action does not stem from a
difference in the implied information sets, but rather from a misperception of how the central
bank weights that information set, which is equally accessible to both the public and the
central bank. For the purposes of this simple decomposition exercise, we therefore retain the
term ‘information effect’ which, particularly in the case of our narrative data source, cannot
be completely distinguished from the ‘Response to News’ effect.

We therefore extend our narrative pipeline by analyzing the articles that signaled a
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surprise throughout the main procedure. We apply a further LLM-based classification step
to these 1,722 articles, which is based on a similar prompt architecture as within the main
procedure, but now specifically asks the LLM to analyze the article and determine whether
the surprise was due to the information effect. Within the prompt we further provide the
LLM with the following definition, which is based on the description of the information effect
in Jarocinski and Karadi (2020):

A monetary policy surprise that arises because the central bank reveals

new information about its assessment of the economic outlook.

The LLM is then asked to return a binary classification of whether the surprise was
due to an information effect or not accompanied by a short explanation of its assessment.
The full prompt is documented in Appendix A. We thus follow the ”poor-man’s proxy”
approach of Jarocinski and Karadi (2020) in which a newspaper-indicated surprise either
reflects a pure monetary policy shock or an information shock. Since we then aggregate the
article-level classifications to the meeting level, we get a continuous decomposition of our
newspaper-based surprise series into a pure monetary policy shock and an information shock
(see Figure 6), which is in the spirit of Figure 9 in Jarocinski and Karadi (2020).

We re-run our empirical application from section 4.3 (see Figure 7 in Appendix B) but do
not find significant differences when using the ‘pure’ monetary policy shock series instead of
the original surprise measure. Running the same local projection specification as in equation
2 but replacing the original shock measure with the information effect labeled shock series (see
Figure 8 in Appendix B) yields largely insignificant results, where only partial components
of the price puzzle from Figure 5 can be explained. Since the 'Response to News’ channel
may compress the role of an information effect (Bauer and Swanson, 2023), our estimate of
the presence of an information effect is particularly conservative. Nevertheless, we document
rather small contributions of the information effect regarding the magnitude of the underlying
surprise. Given our initial sample of 1,722 articles that signaled surprising monetary policy
behavior, only 245 articles were labeled as being driven by an information effect. As visible
in Figure 6, only a small proportion (14.1%) of the underlying surprises were driven by
an information effect. We thus document much smaller information effect contributions
compared to Jarociniski and Karadi (2020), who find that the information effect accounts for

almost 50% of their overall surprises.
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Figure 6: Decomposition of Information Effect in Newspaper-Based Monetary Policy Shocks

6 Conclusion

This paper proposes an alternative approach to constructing a comprehensive and histori-
cally consistent shock series from contemporaneous newspaper coverage of monetary policy
decisions. A central strength of our approach lies in its transparency. Even though HFI
monetary policy shocks —the benchmark in monetary economics— are theoretically appeal-
ing, they often lack retrospective interpretation and are sensitive to the financial market
indicators and methodology used. By focusing on public and media reception rather than
solely on financial markets, our approach yields surprisingly similar results while still being
fully traceable to the underlying narrative content.

We present evidence that LLMs are capable of replicating human narrative analysis even
if the task requires the complexity of interpreting nuanced economic coverage. We leverage
these capabilities by building a newspaper-based shock series which aligns particularly well
with Jarocinski and Karadi (2020). However, the alignment is notably lower during periods
of financial turmoil, where we find our newspaper-based series to provide a more plausible
assessment. The empirical application of our newspaper-based series aligns with standard
findings in the literature. We further investigate the role of information effects in our series
and in contrast to Jarocinski and Karadi (2020) find that they only account for a small
proportion of the surprises.

Several limitations require further consideration. Firstly, newspaper coverage may be
subject to editorial bias or country-specific framing. Secondly, while LLM-based classifica-
tion performed accurately in our validation exercises, it remains sensitive to prompt design.
Furthermore, our decomposition exercise was limited to a simple binary classification of the
information effect. A more nuanced classification might distinguish between different types
of information effects or take into account the response to news channel. Such extensions

could provide deeper insights into the underlying drivers of monetary policy shocks.
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A LLM Prompts for Article Classification

Prompt 1: Relevance Detection

You are an expert in European monetary policy and economic

journalism.

Task:

Analyze the following newspaper article from an economic
perspective. The goal is to assess whether the article
explicitly discusses the most recent monetary policy decision by
the European Central Bank (ECB). An article that only focuses on
a monetary policy decision by another central bank (e.g. Fed,
BoE, SNB) is not relevant. Monetary policy decisions refer in
particular to interest rate decisions and ECB press conferences,
during which the central bank communicates its monetary policy

assessments, forecasts, and actions.

An article is considered relevant if it reports on a specific
monetary policy decision (e.g., an interest rate hike, cut, or
hold or other monetary policy decisions like asset purchase

programs or forward guidance).

Articles are not considered relevant if they only mention terms
like "ECB" or "interest rates" without referring to a specific
and recent ECB decision or its monetary policy communication
(e.g., general commentary on monetary policy, retrospective
analysis without reference to a specific event, passing

mentions) .

Return exactly this JSON object:
{

"relevant": 1 | O
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Prompt 2: Surprise Explanation - (first-step prompt)

You are an expert in European monetary policy and economic
journalism. Only analyze the article with respect to the
monetary-policy decision of the ECB. Ignore mentions referring
to other central banks (e.g. Fed, BoE, SNB).

Task:
Read the article and decide whether the article itself claims the

decision was:

very unexpectedly restrictive
unexpectedly restrictive
expected / neutral
unexpectedly expansive

very unexpectedly expansive

Definition of "unexpectedly":

- Compare each statement only with the expectations explicitly
mentioned in the article (analysts, market participants, author

DI

- A policy decision shall be judged as "unexpectedly restrictive"
if the article says the policy decision fell short of
expectations (e.g. if the rate cut is smaller than expected) or
comes later than expected, and vice-versa for a restrictive
measure (e.g. if the rate hike is smaller than expected or comes
later than expected).

- If the article gives no indication of surprise in either

direction, return "expected / neutral".

Only return the explanation. The explanation must be ONE short
English sentence summarizing the article’s stated surprise and

the direction of the surprise (restrictive/expansive).

Return exactly this JSON object:
{

"explanation": "..."
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Prompt 3: Numerical Mapping - (second-step prompt)

You are an expert in European monetary policy and economic
journalism. You receive the summary of another expert who
evaluated an article regarding a recent policy decision by the
ECB.

Task:
Based on this summary, characterize the decision using the

following categories:

2 very unexpectedly restrictive
unexpectedly restrictive

0 expected / neutral

-1 unexpectedly expansive

-2 very unexpectedly expansive

Definition of "unexpectedly"

- The ECB’s decision was more expansive than expected -> -1.

- The ECB’s decision was way more expansive than expected -> -2.
- The ECB’s decision was expected -> O.

- The ECB’s decision was more restrictive than expected -> 1.

- The ECB’s decision was way more restrictive than expected -> 2.

Return exactly this JSON object:
{
"score": -2 | -1 | 0 | 1 | 2
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Prompt 4: Detection of Information Effects

You are an expert in European monetary policy and economic

journalism.

Task:

The following article contains information that the recent monetary
policy decision by the European Central Bank (ECB) was
surprising. Analyze the article and determine whether the
surprise was due to the "information effect". A surprise due to

the "information effect" is defined as follows:

A monetary policy surprise that not reflects an unexpected policy
action but the central bank revealing new information about its
assessment of the economic outlook.

Output format:

Return exactly this JSON object:

{
"information_effect": 1 | O,
"reasoning": "One short English sentence explaining the key
evidence from the text."
b

37




B Local Projections with Pure Monetary Policy Shocks
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Figure 7: Baseline Local Projection with pure Newspaper-Based Monetary Policy Shocks
(without information effect component)
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Figure 8: Baseline Local Projection in response to the Information Effect component of
Newspaper-Based Monetary Policy Shocks
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C Discussion of Designated Period

The ECB, in its press conference following the monetary policy decision on 6 December 2007,

reports:

”On the basis of our regular economic and monetary analyses, we decided at
today’s meeting to leave the key ECB interest rates unchanged. The latest in-
formation has confirmed the existence of strong short-term upward pressure on
inflation, with the HICP inflation rate reaching 3.0% in November. It has also
fully confirmed our assessment that there are upside risks to price stability over
the medium term. Against this background, and with money and credit growth
remaining very vigorous in the euro area, the Governing Council stands ready to
counter upside risks to price stability, as required by its mandate. The economic
fundamentals of the euro area remain sound. However, the reappraisal of risk in
financial markets is still evolving and is accompanied by continued uncertainty
about the potential impact on the real economy. We will therefore monitor very
closely all developments. By acting in a firm and timely manner on the basis of
our assessment, we will ensure that second-round effects and risks to price sta-
bility over the medium term do not materialise. Firmly anchoring medium and
long-term inflation expectations in line with price stability is all the more impor-
tant at times of financial market volatility and increased uncertainty. As regards
the financial markets, we will continue to pay great attention to developments

over the coming weeks.”
(Trichet, 2007)

The ECB, in its press conference following the monetary policy decision on 6 November 2008,

reports:

”On the basis of its regular economic and monetary analyses, at today’s meeting
the Governing Council decided to reduce the key ECB interest rates further by
50 basis points, following the previous coordinated interest rate cut on 8 October
2008. The outlook for price stability has improved further. Inflation rates are
expected to continue to decline in the coming months, reaching a level in line
with price stability during the course of 2009. The intensification and broad-
ening of the financial market turmoil is likely to dampen global and euro area
demand for a rather protracted period of time. In such an environment, taking

into account the strong fall in commodity prices over recent months, price, cost
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and wage pressures in the euro area should also moderate. At the same time,
the underlying pace of monetary expansion has remained strong but has contin-
ued to show further signs of deceleration. All in all, the information available
and our current analysis indicate a further alleviation of upside risks to price
stability at the policy-relevant medium-term horizon, even though they have not
disappeared completely. At this juncture, it is therefore crucial that all parties,
including public authorities, price-setters and social partners, fully live up to
their responsibilities. The level of uncertainty stemming from financial market
developments remains extraordinarily high and exceptional challenges lie ahead.
We expect the banking sector to make its contribution to restore confidence. The
Governing Council will continue to keep inflation expectations firmly anchored
in line with its medium-term objective. In so doing, it supports sustainable
growth and employment and contributes to financial stability. Accordingly, we

will continue to monitor very closely all developments over the period ahead.”
(Trichet, 2008)

The ECB, in its press conference following the monetary policy decision on 2 April 2009,

reports:

”On the basis of its regular economic and monetary analyses, the Governing
Council decided to reduce the key ECB interest rates by a further 25 basis points.
This decision brings the total reduction in the interest rate on the main refi-
nancing operations of the Eurosystem since 8 October 2008 to 300 basis points.
Today’s decision takes into account the expectation that price pressures will re-
main subdued, reflecting the substantial past fall in commodity prices and the
marked weakening of economic activity in the euro area and globally. The latest
economic data and survey information confirm that the world economy, including
the euro area, is undergoing a severe downturn. Both global and euro area de-
mand are likely to remain very weak over 2009, before gradually recovering in the
course of 2010. Available indicators of inflation expectations over the medium to
longer term remain firmly anchored in line with the Governing Council’s aim of
keeping inflation rates at levels below, but close to, 2% over the medium term. A
cross-check with the outcome of the monetary analysis confirms that inflationary
pressure has been diminishing. After today’s decision we expect price stability to
be maintained over the medium term, thereby supporting the purchasing power
of euro area households. The Governing Council will continue to ensure a firm an-

choring of medium-term inflation expectations. Such anchoring is indispensable
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to supporting sustainable growth and employment and contributes to financial
stability. Accordingly, we will continue to monitor very closely all developments

over the period ahead.”
(Trichet, 2009)

The ECB, in its press conference following the monetary policy decision on 4 August 2011,

reports:

"Based on its regular economic and monetary analyses, the Governing Council
decided to keep the key ECB interest rates unchanged, following the 25 basis
point increase on 7 July 2011. The information that has become available since
then confirms our assessment that an adjustment of the accommodative mone-
tary policy stance was warranted in the light of upside risks to price stability.
While the monetary analysis indicates that the underlying pace of monetary ex-
pansion is still moderate, monetary liquidity remains ample and may facilitate
the accommodation of price pressures. As expected, recent economic data in-
dicate a deceleration in the pace of economic growth in the past few months,
following the strong growth rate in the first quarter. Continued moderate expan-
sion is expected in the period ahead. However, uncertainty is particularly high.
For monetary policy, it is essential that recent price developments do not give
rise to broad-based inflationary pressures. Inflation expectations in the euro area
must remain firmly anchored in line with our aim of maintaining inflation rates
below, but close to, 2% over the medium term. Such anchoring is a prerequisite
for monetary policy to make an ongoing contribution towards supporting eco-
nomic growth and job creation in the euro area. At the same time, short-term
interest rates remain low and financing conditions are favourable. Thus, our mon-
etary policy stance remains accommodative. We will continue to monitor very
closely all developments with respect to upside risks to price stability. Given
the renewed tensions in some financial markets in the euro area, the Govern-
ing Council today also decided to conduct a liquidity-providing supplementary
longer-term refinancing operation (LTRO) with a maturity of approximately six
months. The operation will be conducted as a fixed rate tender procedure with
full allotment. The rate in this operation will be fixed at the average rate of the
main refinancing operations (MROs) over the life of the supplementary LTRO.
The operation will be announced on 9 August 2011, with allotment on 10 Au-
gust 2011 and settlement on 11 August 2011, and will mature on 1 March 2012.
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The Governing Council also decided to continue conducting its MROs as fixed
rate tender procedures with full allotment for as long as necessary, and at least
until the end of the last maintenance period of 2011 on 17 January 2012. This
procedure will also remain in use for the Eurosystem’s special-term refinancing
operations with a maturity of one maintenance period, which will continue to be
conducted for as long as needed, and at least until the end of the last quarter of
2011. The fixed rate in these special-term refinancing operations will be the same
as the MRO rate prevailing at the time. Furthermore, the Governing Council
has decided to conduct the three-month LTROs to be allotted on 26 October,
30 November and 21 December 2011 as fixed rate tender procedures with full
allotment. The rates in these three-month operations will be fixed at the average
rate of the MROs over the life of the respective LTRO.”

(Trichet, 2011)
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D Comparison with updated Jarocinski and Karadi
Shock Series
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Figure 9: Shock series from Jarociniski and Karadi (2025) available at https://github.com/
marekjarocinski/jkshocks_update_ecb and from us composed in agreement and disagree-
ment contributions (Own creation)
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