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Abstract

The use of Large Language Models (LLMs) has been widespread, and their adoption by practitioners opened ways
to deepen the analyses at unprecedented granular levels. This facilitated implementing text-as-data applications
in social sciences, which previously required substantial time and effort, for instance in narrative economics.
Investigating uncertainty has been of key importance in modern mainstream economics, especially at central
banks, where it is considered as a pillar of monetary policy practice. This work sets an LLM-based framework to
reveal the narratives of uncertainty drivers in selected monetary policy documents, yielding a Directed Acyclic
Graph (DAG) structure featuring causal patterns and their intensities. Besides its topic-rich, highly informative
network structure, results were found to meet event-based documents and the prevailing macroeconomic context.
Although LLMs are known to be bias-sensitive and difficult for replications, establishing a central node in the
output graph enabled a powerful narrative map in the Federal Reserve governors speeches without requiring
few-shot strategies or metadata incorporation. Tested on two minutes issued during the 2008 financial crisis and
the COVID-19 pandemic, it successfully retrieved latent factors pertaining to monetary policy uncertainty and
robust context-aware narrative quality thanks to LLMs reasoning abilities. Moreover, this scheme outperforms
deep semantic search models trained on a big central bank corpus and has the advantage of revealing more
granular patterns for specific context-based tests.
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1. Introduction

Innovations in the field of natural language processing (NLP) played a key role in maximizing information
extraction from text documents and enhancing the performance of several tasks whose execution
requires a substantial semantic depth.

The advent of LLMs, as deep learning models trained on "next-word" prediction tasks, dramati-
cally fostered information extraction and eased the application of text-as-data methods. As neural
models, LLMs feature memory-based architectures called transformers [1], able to capture long-range
dependencies in training data.

Although hailed by users for their high accuracy and speed of execution, LLMs remain black-
box models whose inner architecture was trained on various documents, making the output prone
to judgment errors or interpretation. Their use is not bias-free and is constrained regarding the
hyperparameter tuning and the data quality [2], and they are considered by many as stochastic parrots
[3].

In empirical research, the use of LLMs has been widespread but remains a big challenge. Practitioners
interact with LLMs using prompts and do ignore the documents used during the training step, while
the output may not be unique, and its variability fuels reproducibility issues and biases [3]. Recent
advances shifted the use toward a multitasking strategy using Al agents to better handle the LLMs
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output. The bona fide of LLMs was demonstrated in political science [4], where few-shot promptings
outperformed automated content analysis.

Parallel to the development of NLP applications, narrative economics [5] established itself as a leading
research field, particularly in monetary policy. The literature witnessed an unprecedented interest of
researchers trying to uncover textual information for testing and inference purposes [6], usually with
architectures describing the narrative statements via imbricated NLP methods [7].

Uncertainty plays a pivotal role in the monetary policy practice and is considered a forward guidance
tool at the hands of central bankers [8]. First attempts to gauge uncertainty in text documents used basic
word count methods, as for the economic policy uncertainty [9]. Some authors [10] employed a semantic
search approach [11] to better apprehend contextual information and distinguish uncertainty from risk,
based on a large corpus of collected central bank speeches. Moreover, the notion of uncertainty within
an economic framework has been the subject of extensive academic scrutiny [12].

While semantic search models require a sizable amount of documents to achieve robust results,
they do offer better results than dictionaries but at a questionable, often agnostic topic quality [13]
and an extensive training time. Further hyperparameter selection and post-hoc adjustments [14] are
usually used to enhance the topic structure, requiring significant resources. LLMs are considered deep
embedding models, deriving their power from their flexible context-based information, in contrast to
traditional static word embeddings [15, 16] and semantic search models [11]. Instead of relying on
autoregressive schemes for token generation, LLMs are capable of thinking, which means generating a
sequence of tokens representing intermediate steps in the reasoning process [17].

Recent attempts to use LLMs in monetary policy targeted stock market dynamics [6], emotions [18]
and inflation expectations [19], to name a few. Results suggested a cautious use of LLMs for complex
tasks requiring an in-depth analysis [18], and warned over the error-prone, customized prompting.
These shortcomings stem from the often ignored behavioral patterns and cognitive processes [20].

This work tries to reveal uncertainty factors and their causal linkage in selected corpora related
to monetary policy. It leverages the reasoning power of LLMs to track uncertainty formation and its
lineage. Tested on two selected Federal Reserve minutes, this methodology details uncertainty drivers
and the impact of macroeconomic factors on policymaking. Noticeable minutes from the 2008 financial
turmoil and the 2020 pandemic demonstrated the importance of context information in discerning
factors from events. Such granular patterns form a storytelling that cannot be retrieved using advanced
topic models but does require human-like reasoning prone to a biased judgment.

Besides the high-quality content of uncertainty mapping, the application did not encounter hallu-
cination claims even when setting higher values of the temperature parameter for deep information
retrieval. This allows further policy-related tests to be conducted in terms of uncertainty resilience and
risk management related to the retrieved drivers.

Findings recommend the use of zero-shot prompting for document scaling in comparative politics,
as uncovered uncertainty factors were found to explain the rhetoric far better than automated text
analysis. Moreover, LLMs offer a substantial narrative quality by remaining robust to policy changes
and dynamic corpora, able to discern conventional from unconventional policy actions. The use of
prior information, as for few-shot prompting, may enhance the results but comes with some risks if the
used examples do not fully align with the scope of the corpus.

Although the experiment is prone to reproducibility issues linked to the choice of LLMs and their
reasoning abilities, a multistep approach (Chain-of-Thought [21]) for uncertainty could enhance results,
for example, at the level of economic agents or with regard to specific variables. Such schemes render
more stable results, but at an expensive cost that hinders reproducibility and generalization.

The paper outlines the development of text analysis (Section 1) and then details uncertainty in text
mining and the recent adoption of LLMs as a technology (Sections 2 and 3). Section 4 features an
application on two distinct minutes and details the graph-like results, later discussed in Section 5.



2. Uncertainty in text analysis

Uncertainty is generally known as the state of being unsure or facing an unclear situation. It has been
considered as a hidden variable that cannot be captured via simple, straightforward measurement
methodologies.

In macroeconomics, uncertainty significantly reduces the effectiveness of devised policies. Main-
stream economics experienced during long periods a fierce debate on how to define uncertainty and how
to separate it from risks. Assessing sources of uncertainty remains a debated philosophical subject [22],
whose origin stems from Keynes [23] and Knight [24]. The former Chairman of the Federal Reserve,
Ben Bernanke [25], proposed three broad categories to separate uncertainty from risk: uncertainty
about the state of the economy, the structure of the economy, and expectations. This classification
pertains to distinguishing backward-looking variables (state and structure) from forward-looking ones
(expectation).

Earlier attempts to gauge uncertainty in text mining used keywords [26] for a general-level estimation.
This text-as-data strategy assessed policy uncertainty using the occurrence of specific terms in selected
corpora [9, 27, 28], without providing context information on uncertainty colors [29].

While researchers still use these indices for investigative purposes, they lack semantic depth because
uncertainty concerns, or alternatively confidence, could be mentioned by terms or expressions not
encompassed by wordlists. Practitioners in economics are generally more concerned with uncertainty
drivers and their amplitude than with uncertainty as a phenomenon. Several works attempted to explain
uncertainty color [30] but failed to come up with concrete results, despite extensive efforts put on
post-hoc inferences. This remains acute with the adoption of unconventional tools to steer monetary
policy, whose implementation is subjected to policy changes. In other terms, uncertainty drivers could
be ranked, depending on their outlook, into backward-looking and forward-looking drivers [29].

Semantic search models do leverage contextual information and provide a better assessment of
high-level hypotheses compared to automated content analysis. [10] used semantic search models to
unfold uncertainty origin and quantify its magnitude within the corpus of international central banks’
speeches. The resulted embeddings confirmed a knightian approach that distinguishes uncertainty
from risk adopted by leading central banks around the world. The methodology, built around top2vec
[11] as an embedding topic model, could be considered as a shallow language model featuring a robust
distributional representation given by the triplet document-topic-word, entirely depending on the
corpus and on pre-trained models.

Solutions based on word embeddings [15] offer a granular analysis based on contextual patterns and
require large corpora to achieve their results. However, they fail to come up with structured information
that replaces human judgment or expertise.

LLMs are considered as contextualized word embeddings, acting as search engines and retrieving
information from inputs they received during the training stage. Their reasoning capabilities are reliable
alternatives to experts’ assessments and can be used to yield structured output, tailored to the inquiries
users request.

These advantages put LLMs above all previous text analysis techniques in terms of reliability, accuracy,
and execution. Moreover, its dense architecture is capable of retrieving hidden factors related to a
given task without requiring prior information or post-hoc inference. These characteristics fulfill the
conditions to test uncertainty in documents, uncover its origin, and detail its drivers without designing
sophisticated and expensive models.

3. Large Language Models in Economics

LLMs are deep neural networks featuring attention layers [1], serving as a memory mechanism to
foster learning capabilities of the architecture. They act as search engines for information retrieval or
powerful machines for question-and-answer tasks. Their capabilities have been praised and proven
to outperform traditional automated content analysis and other NLP solutions [4], while remaining



flexible and low-friction tools in political discourse analysis [31].

In economics, numerous applications have been given by researchers [19], praising Generative Al as
reliable alternatives for economists [32], but mostly used for shallow tasks such as sentiment analysis.

Particularly, researchers in monetary economics used LLMs to solve issues related to specific clas-
sification and sentiment analysis. Earlier works targeted central bank communication, namely Cen-
tralBankRoBERTa [33] and ECBERT-base [34]. The latter is a deep learning model developed to detect
emotions embedded in Federal Open Market Committee (FOMC) press conferences, while the former is
a dual classifier for economic agents and sentiment analysis.

[29] used fine-tuned LLMs on monetary corpora in Japan to capture uncertainty dynamics. They built
a monetary policy index based on forward-looking and backward-looking (respectively, anticipation-
based and historical data) considerations on policy frameworks and market operations.

[35] conducted a randomness-type test on different uncertainty measurements and found LLMs
successfully substitute panel experts for the case of Poland and the United States.

4. Experiment

An OpenAI model (gpt-oss-120b) [36] was used to uncover uncertainty factors in selected minutes
released by the Federal Reserve, the organism steering monetary policy in the United States. The
gpt-oss-120b model was designed for powerful reasoning, agentic tasks, and versatile developer use
cases. Other LLMs, as for meta-llama-3.1-8b-instruct, failed to yield structured outputs and lacked a
coherent lecture of uncertainty factors.

The experiment followed a zero-shot prompt strategy'. It did not provide any example or label to
avoid guidance that may mislead the results. Over the last 25 years, Federal Reserve minutes dealt
with various topics, such as banking stability, financial innovation, and crises, whose importance was
fluctuating over time. Few-shot strategies might provide good anchors for uncertainty factors but would
also distort results if the prompting overlooks debated topics.

Prompting (uncertainty factors)

system prompt = *You are a macroeconomic expert in estimating uncertainty in a given text.
Evaluate the uncertainty drivers using a network, where each driver is a node and each vertex is the
correlation between nodes.

The central node of the graph is "monetary policy uncertainty".

Final output are two dataframes: one for edges and one for vertices’

Instead, we just required having monetary policy uncertainty as a central node in the graph-like
generated answer. By doing so, we reinforce the goal of our task and provide a solid anchor as a starting
point and test the output against event-based uncertainty.

For this aim, two minutes released during the 2008 financial crisis and the 2020 pandemic were
selected to run the experiment of extracting uncertainty factors and check the retrieved nodes and their
links.

At the height of the financial crisis, on September 16, 2008, the Federal Reserve released a statement
geared toward stressed economic agents and financial markets. Figure 1 shows the output as a network
structure centered around the node monetary policy uncertainty. It elicits 11 factors explaining uncer-
tainty concerns, whose interactions offer a granular causality map. The reasoning ability of the OpenAI
model helped derive a topic-like explanation of each node, as tabulated in Table 1.

Uncertainty sources from the financial sector form a distinct clique on the left side of the graph
(banking system stress, financial budget stress, and credit conditions tightness), having the highest intensity
links to monetary policy uncertainty. Intensity edges differentiate the factors’ importance of financial
and banking risks as primary uncertainty sources if compared to other sources (inflation and foreign
exchange uncertainties are represented by two nodes each, at the bottom of Figure 1).

'maxTokens = 3000, temperature = 1.3, topP = 0.8, topK = 40
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Figure 1: Uncertainty factors from the Federal Reserve minute released on September, 16t" 2008 .

Node

Description

monetary policy uncertainty
financial market stress

labor market weakness
housing market contraction
inflation outlook uncertainty
credit conditions tightness
global economic slowdown
commodity price volatility
banking system stress

fiscal policy uncertainty
foreign exchange volatility
policy expectations shift

Uncertainty about the future stance of monetary policy

Stress in short- and long-term financial markets (e.g., repo, bond spreads)
Weakening employment and payroll trends

Declining residential investment and home-price pressure
Uncertainty about the path of headline and core inflation

Tight credit conditions for households and businesses

Deceleration of growth in advanced and emerging economies
Volatility in oil and other commodity prices

Strains on banks and other financial institutions (e.g., Lehman, AIG)
Uncertainty about fiscal actions (tax rebates, GSE conservatorship)
Movements in the dollar versus major trading partners

Changes in market expectations for the future policy path

Table 1
Nodes description (reasoning) from the prompting output of the Federal Reserve minute released on September,
16" 2008

Figure 2 shows the results of a minute released on April 29, 2020, during the early months of the
COVID-19 pandemic. The network of uncertainty factors is relatively dense compared to the previous
application. Worries related to the then-prevailing pandemic situation were expressed as the second
highest edge coming out of monetary policy uncertainty, after financial market uncertainty. Spillover
of the pandemic could be retrieved from the rhetoric used in the minute as being linked to emerging
markets, policy communication, and mortgage markets, whose nodes are acting as authorities (nodes
receiving many edges). Table 3 explains to elements of Figure 2 and offers a qualitative labeling of
nodes regarding uncertainty. Such granular description calls for advanced information retrieval and
cannot be performed at the level of topic model and narrative extraction models [7].

In both experiments, the node monetary policy uncertainty is a confounder, featuring only outgoing
causal edges. Its role, stated as a central node, makes it a hub [37], while some factors were found to be
authorities because they attract many nodes with substantial intensities. These factors often interact
independently but form further substructures to add more details to the narrative map. In Figure 2,
supply chain uncertainty is a mediator between inflation and emerging market uncertainties, denoting
inflationist risks related to issues global trade was facing.

The two minutes used were alternatively analyzed using a semantic search model learned on a



Node Description

Topic 1 ’fomc’, ’longerrun’, ’reopens’, "readings’, ’labor’, "pce’, *softness’, ’liftoff’, ’bounceback’, *fed’

Topic 2 ’cares’, ‘pmccf’, cpff’, *coronavirus’, "ppplf’, smccf’, ’talf’, ’'mlf’, ’paycheck’, ’pdcf’

Topic 3 ’pickup’, "damped’, ’softness’, 'nonfarm’, ’homebuilding’, ’readings’, ’payrolls’, 'nondefense’, "downshift’, ’crosscurrents’
Topic 4 ’kiley’, ’reifschneider’, ’elb’, *fomc’, ’longerrun’, ’mertens’, ’liftoff’, ’laubach’, ’labor’, ’roberts’

Topic 5 ’fomc’, ’minneapolis’, 'minnesota’, 've’, ’'montana’, ’kocherlakota’, *fed’, fettig’, ’II’, ’dissents’

Table 2
Top 5 topics uncovered via Top2vec model [10] on the Federal Reserve minute released on September, 16" 2008

ﬁscal_poli@mcertainty

labor_marncertainty

forward_guid@e_uncertainty

0.66

0.70 supply_ch@uncertainty
0.62 077 balance_shuncertainty
0.66 071
health_crl@mcertamty ods 071
0.69
043 . . .
07 o0 pohcy_commu10n_uncerta1nty

073

monetary_pd@_uncertainty
0.58 0.61
mongagefm@t_uncertainty oas o
: 0.78
038 ok1 inflation @certainty
emergingfm@t_uncertainty
055 0:60. 047
051 . R 042 .

financial_mafket_uncertainty

046 0.64

0.49
0.73 0.55

corporate_c_uncertainty

foreign_exchang@arket_uncertainty
energy_pri@mcertainty

Figure 2: Uncertainty factors from the Federal Reserve minute released on April, 29t" 2020 .

Node

Description

monetary policy uncertainty
health crisis uncertainty
fiscal policy uncertainty
financial market uncertainty
corporate credit uncertainty
emerging market uncertainty
mortgage market uncertainty
labor market uncertainty
inflation uncertainty

supply chain uncertainty
energy price uncertainty

policy communication uncertainty

balance sheet uncertainty
forward guidance uncertainty

Stance, tools and timing of Fed policy actions (rate path, asset purchases, balance-sheet size)

Surrounding the evolution of the COVID-19 pandemic, its severity, and the timing of public-health interventions
Size, composition and duration of fiscal stimulus programmes (e.g., CARES Act, PPP, unemployment benefits)
Market-wide conditions: volatility, liquidity, and the functioning of key funding markets

Default risk, rating-watch activity and the availability of financing for non-financial firms

Capital-outflows, commodity-price exposure and sovereign-debt stress in EM economies

Delinquency rates, forbearance extensions and the health of the residential-mortgage market

Job loss dynamics, unemployment duration and the speed of labour-market recovery

Near-term price dynamics given disinflationary demand pressure and deflationary commodity shocks.
Disruptions to production and logistics caused by lockdowns and travel restrictions.

Oil-price trajectories and their spill-over effects on inflation and corporate earnings.

Clarity, consistency and forward-guidance of monetary-policy communication

Ultimate size, composition and timing of unwind of the Fed’s balance-sheet holdings

Conditionality and timing embedded in the Fed’s forward-guidance framework.

foreign exchange market uncertainty  Dollar funding strains abroad and the effectiveness of swap-line arrangements.

Table 3
Nodes description (reasoning) from the prompting output of the Federal Reserve minute released on April, 29"
2020

corpus of central bank speeches released by the Bank of International Settlements (BIS) [10], as an
out-of-sample document projected to the learned embedding space [11]. Tables 2 and 4 show the top
5 topics close to each minute and clearly demonstrate issues pertaining to understanding documents
falling into the same category of trained corpora. This means the embedding of the two minutes was
not fully adopted by the model, and the embeddings’ cosine similarities with the term uncertainty are
too weak to derive meaningful information.



Node Description

Topic 1 ’pickup’, "damped’, ’softness’, 'nonfarm’, "homebuilding’, ‘readings’, ’payrolls’, 'nondefense’, "downshift’, ’crosscurrents’

Topic 2 ’adb’, ’asian’, ’iffo’, aiib’, asia’, *cgif’, ’'mdbs’, ’bankable’, ’abmi’, ’paif’

Topic 3 ’ach’, checks’, 'presentment’, ’check’, "truncate’, ’electronically’, ’electronic’, "truncation’, ‘cheques’, ’processing’
. B s R PR s PN L . . L L2 L

Topic 4 ’policyrelevant’, ’pandemic’, 'vaccination’, ’pepp’, ’vaccinations’, ’mutations’, 'recalibrated’, ’infections’, *vaccine’, ’coronavirus
. . . S s s s e g s s s s s s ,

Topic 5 ’jersey’, puerto’, rico’, "upstate’, ‘fairfield’, ’syracuse’, *albany’, ’queens’, ’buffalo’, "brooklyn

Table 4
Top 5 topics uncovered via Top2vec model [10] on the Federal Reserve minute released on April, 29" 2020

5. Discussion

The use of LLMs to extract uncertainty factors proved to be highly informative and cheaper than
automated content analysis. It didn’t require labels or hyperparameter setting, as for traditional topic
models and other NLP applications. While a rough prompt yielded unstable results, making explicit
guidance about the graph structure proved helpful in stabilizing results.

Narrative economics has been known to feature many hard-level tasks in NLP, partly due to the
granular tests researchers aim to conduct. These tasks often require complex output, along with
human expertise, that considers the economic theory and context information for convincing results.
Shortcomings of traditional automated text extraction regularly yield poor results because of missing
context information and agnostic training strategies borrowed from statistical learning [38].

LLMs, as deep neural networks, were trained on large amounts of documents, and their ability to
explain their results makes them the go-to solution for text analysis. This human-like reasoning feature
could be considered as a powerful tool at the hand of practitioners whose aim is to maximize information
extraction and test context-based results.

In the case of uncertainty, our experiment proved to be effective for a semantic retrieval of latent
factors in accordance with monetary policy practice. The DAG-structure of uncertainty determinants
was found to be robust in event-driven documents related to the financial crisis or the pandemic.
Besides elements that constitute nodes of the graph, edges feature information about the intensity of
factors accounting for risks and unclear outlooks, as well as directed edges to track causality within
the map. Edges could be used to separate factors from an outlook perspective (forward-looking or
backward-looking) or from a positional perspective (internal and/or external factors pertaining to
central banks or national/international developments).

Setting a unique central node in the output graph could be seen is a pre-processing step or a normaliza-
tion process guaranteeing a fair comparability between generated graphs. It helps comparing uncertainty
formation and assess the degree of resilience from the edges intensities for further macroprudential
simulations.

Further applications of network analysis offer additional storytelling elements, in terms of hubs and
authorities, and confirm the importance of having a structural representation able to cope with further
tests. Particularly, latent factors could be clustered into cliques [39] and communities [40] to shed light
on hidden patterns and their interactions. This brings further insights into LLMs robustness in terms of
provided answers and the quality, or richness, of data used to train these models.

In central bank communication, such graph-structure is indicated for comparative analysis [41] and
document scaling tasks [42] both at the institutional and member levels. It circumvents agnostic, static
models and term-based scaling techniques to offer a theory-relevant basis for document comparison.
Running at the document level is one indisputable advantage of this methodology, as it does not depend
on the whole corpus and is not influenced by other documents.

Prompts could be augmented with human expertise (labels or examples for few-shot prompting or
Chain-of-Thought) to better guide the experiment. This would fit extensive research plans but may
come at the risk of misguiding the inference if examples do not cover the depth of the task.



6. Conclusion

Narrative economics established itself as a leading research field in social sciences and witnessed an
unprecedented development, correlatively with new NLP tools available to practitioners. The wide
adoption of LLMs as a powerful technology to solve difficult tasks helped researchers speed up task
execution and enhance data extraction at unprecedented levels. Despite many shortcomings, LLMs
have been praised as a reliable, cheaper alternative to traditional automated content analysis, whose
implementation features human intervention for difficult tasks.

This work proved the usefulness of LLMs in capturing semantic, event-based uncertainty in selected
minutes belonging to monetary policy practice. The output, given as a DAG of uncertainty factors,
shapes a storytelling pertaining to different events and contexts witnessed at the Federal Reserve during
the past twenty years. Such results did not require extensive prompting strategies but simply setting a
central node in the graph output, as a normalization step for an accurate comparison.

The network structure overcomes weaknesses of topic models and other transfer-learning schemes,
which are not always pertinent to the field of central bank communication or require large corpora
and expensive training to achieve robust results. Latent factors were found to match the prevailing
context of the minutes, and their interactions offer additional information to practitioners in terms of
causality testing and uncertainty formation. The network linkage may be used to assess uncertainty
resilience and serves as a basis for macroprudential simulations, in parallel to its suitability for central
bank communication.
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