Check for
Updates

Is Small Really Beautiful for Central Bank Communication?
Evaluating Language Models for Finance: Llama-3-70B, GPT-4,
FinBERT-FOMC, FinBERT, and VADER

Wonseong Kim
Institute of Economics and Statistics, Korea University
KR
wonseongkim@korea.ac.kr

Choong Lyol Lee
Institute of Economics and Statistics, Korea University
KR
cllee@korea.ac.kr

Abstract

This study compares the sentiment detection capabilities of lan-
guage models for the domain of central bank communication, par-
ticularly the official statements released by the U.S. Federal Open
Market Committee (FOMC). While previous studies have explored
FOMC communication, this work is one of the few studies that use a
natural language processing-based approach. The analysis employs
VADER, FinBERT, a fine-tuned FInBERT model (FinBERT-FOMC),
GPT-4, and Llama-3-70B.

Within the scope of our labeled dataset on FOMC minutes,
Llama 3 is the most accurate model, followed by GPT-4, FinBERT-
FOMC, FinBERT, and VADER. The FinBERT-FOMC model, which
was fine-tuned on central bank communication and utilizes a text
simplification pipeline, performs better than the original FinBERT
model. Llama 3 and GPT-4 outperform at the expense of large model
sizes. Unlike GPT-4, FinBERT and FinBERT-FOMC are open-source
and can be deployed on consumer-grade hardware. Llama 3 requires
substantial hardware investments to deploy.

The work thus finds that there is still a between model size and
performance, and that the notion that “small is beautiful” can still
hold for use cases where maximum accuracy is a lesser concern
than inference speed and cost.

Human performance is still significantly above all models, indi-
cating that further improvements in language models and FOMC-
specific prompting are possible. The labeled dataset for central
bank communication we present in this paper is thus a challenging
benchmark for future research.

The dataset is freely available for download.!

'huggingface.co/datasets/janspoerer/fomc.
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1 Introduction

1.1 Introduction to the FOMC

The Federal Open Market Committee (FOMC) is part of the United
States Federal Reserve and plays a significant role in the country’s
central banking system. It is responsible for directing monetary
policy in the United States, which has far-reaching effects on the
global economy. As the core policymaking body within the Federal
Reserve System, the FOMC’s decisions and communication impact
various economic aspects, such as financial markets, investment
strategies, and the general stability of the economy.

The FOMC convenes eight times a year and the official state-
ments it releases after these meetings are of paramount importance.
The statements reflect the Committee’s current economic assess-
ments and policy decisions, shaping the expectations of various
economic stakeholders [35]. The statements’ impact on market sen-
timent is substantial, leading to immediate and noticeable shifts in
financial behavior and investment climate.

The official statements are scrutinized by economists, financial
analysts, and investors, providing them with critical insights into
the Federal Reserve’s views on economic conditions, inflationary
pressures, and future policy directions. Analyzing these statements
is not just about decoding the immediate market reactions but also
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understanding their longer-term implications. This understanding
is vital for anyone engaged in the financial sector or interested in
the health and trajectory of the U.S. and global economies.

1.2 Policy Transparency

Central banks worldwide have recently increased their emphasis
on transparency and communication as essential tools for effec-
tive monetary policy [2, 34]. The FOMC’s official statements are a
prime example of this communication strategy, serving as a critical
channel for conveying the Committee’s policy stance and forward
guidance. Despite evolving content, these statements maintain their
relevance and impact on financial markets.

Market participants, policymakers, and researchers alike inspect
the language and tone of FOMC statements for signals that may
guide their decision-making and forecasting processes. Investors
and banks use natural language processing to analyze the Federal
Reserve’s FOMC Minutes. The FOMC Minutes reflect the opinions
of the most relevant monetary policy decision-making body in the
U.S. on inflation, the state of the economy, and labor markets [37].

1.3 Contributions

This study has two primary contributions. Firstly, it presents an
open FOMC minutes dataset that can be used as a foundational
resource for sentiment analysis in central bank communication.
The dataset captures the complexity of sentiments in financial texts,
where a single sentence may contain multiple aspects. Secondly,
this research article compares the performance of language models
for the sentiment classification of complex financial texts. FOMC
minute texts are subject to the ongoing academic debate surround-
ing the role of central bank communication in influencing financial
markets and the economy. While numerous studies explore FOMC
communication, only some cover the linguistic aspects of FOMC
transcripts. Our work is a milestone in this domain, focusing on
a linguistic approach to understand these documents better. We
employ a multi-method approach, integrating qualitative content
analysis and quantitative techniques. Our analysis encompasses
the period since the inception of the FOMC’s meeting minutes on
January 3rd, 2006.

1.4 Overview of the Study’s Structure

The remainder of this article is organized as follows: Section 2 re-
views the literature on FOMC communication. Section 3 describes
our data, including the data sources and findings from natural
language processing (NLP) techniques. Section 4 presents our meth-
ods, highlighting sentiment prediction in FOMC meeting minutes.
Finally, sections 5 and 6 present the predicted results and a discus-
sion of the study’s implications, limitations, and avenues for future
research.

2 Related Work
2.1 Related Work on FOMC Communication

Language and communication have been increasingly recognized
as essential factors in economic policy and decision-making, par-
ticularly in the context of central bank communications. [37] finds
that the FED funds futures rate and the exchange rate of the U.S.
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dollar are partly reflected in FOMC transcript sentiment, which
emphasizes the role that FOMC sentiment may play for market
participants. [43] argues that increased central bank transparency
and willingness to share assumptions about future policy have
improved policy predictability and effectiveness.

[5] showed that text analysis techniques such as Latent Semantic
Analysis can provide valuable insights into market participants’
reactions to FOMC minutes. The work by [11] on transparency in
central bank communication is another example of the growing
use of text analysis in economics. They develop a new measure
of central bank transparency based on NLP, which is used to as-
sess the effectiveness of transparency policies in various countries.
Ongoing research in this area aims to develop more accurate and
efficient methods for analyzing financial text sentiment, potentially
improving financial decision-making and forecasting.

More recently, [8] used natural language processing to identify
the tone of FOMC post-meeting statements, highlighting the impor-
tance of qualitative statement language in policy decision-making.
While some state-of-the-art methods are used in text classification
in the financial domain [6, 23], the current linguistic analysis of
FOMC minutes is still limited to vector language models. It has
yet to incorporate more advanced models, such as transformers.
Improving linguistic analysis techniques could provide even more
accurate and efficient methods for analyzing central bank commu-
nication and informing economic policy.

2.2 Related Work on Methods for Sentiment
Classification

There are multiple approaches to solving sentiment classification
tasks, and [26] provide a summary of pre-LLM methods. Dedi-
cated classification models were the first methods. Those models
include VADER [10] and FinBERT [4, 15], which we also use in
this study. But the task can also be solved using general or fine-
tuned language models. This is a paradigm shift outlined by [36,
pp- 173-174]. Examples of such general-purpose models used for
sentiment classification include encoder-only transformers such as
BERT [7] and its variants [12, 18, 20], encoder-decoder models such
as BART [17], and decoder-only transformers such as the GPT fam-
ily [1, 9, 29, 30]. Model engineers may also reformulate sequence-
to-sequence (seq2seq) models to perform sentiment classification
tasks [36, 44, p. 177]. Language models can also be fine-tuned for
(sentiment) classification tasks, as [25, pp. 8-9] summarized in a
recent survey.

[19] reveal that GPT-4 can solve a range of financial tasks with
state-of-the-art performance. Their study finds that the sentiment
classification performance of GPT-4 is comparable to FinBERT (pp.
410-411). We confirm their findings in section 5. [19] also report
that GPT-4 has the highest performance on financial sentiment
tasks among the language models under consideration. It performs
better than other language models on the Financial PhraseBank
task [24] and on the FiQA sentiment task [22].

The “small is beautiful” principle finds support through knowl-
edge distillation, as demonstrated by DistilBERT [33]. This involves
training a smaller “student” model to replicate the behavior of a
larger “teacher” model. By leveraging the teacher model’s outputs,
the student model learns the task and absorbs the nuances of the
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larger model, retaining up to 97% of the performance while re-
quiring fewer parameters and running faster. This illustrates that
smaller, fine-tuned models can be just as effective as larger ones for
downstream tasks.

[27] use a fine-tuned RoBERTa model to achieve better perfor-
mance on the TweetFinSent dataset than GPT-4 in a few-shot setting
[19, p. 411]. This shows how the performance of sentiment models
is influenced by the type of text that the model was trained on.
While GPT-4 is comparable to fine-tuned smaller models on formal
text, it underperformed in the context of X (formerly Twitter) texts,
which are usually short and sometimes written in a casual style.

Prompt engineering aims to improve the capabilities of language
models without requiring changes to the model [31, 41]. [42] pro-
pose to not only prompt models with question-answer prompts
(few-shot prompting), but to provide question-reasoning-answer
triplets in the few-shot prompt. They find that eight question-
reasoning-answer triplets significantly improve the reasoning abili-
ties of language models.

Flow engineering [32] is a concept that emphasizes the benefits of
gradual knowledge extraction and reasoning from language models.
It is a shift from one-off prompts to a conversational, multi-prompt
approach. While the authors work with a programming use case, the
concept was proposed only recently and will likely be generalized
by other researchers to more domains.

3 Data

3.1 Overview

The dataset is freely available for download. 2 Our study employs
language modeling techniques to 1,065 randomly selected medium-
length sentences from the FOMC since January 3rd, 2006, covering
131 FOMC minute transcripts (32,034 sentences) over 18 years.
We chose to analyze medium-length sentences from FOMC com-
munications, given their complexity. These communications often
cover intricate economic situations and future actions, and medium-
length sentences are better suited for capturing multiple aspects of
a discussion. Shorter sentences may not fully convey the intended
sentiment in context. To ensure accuracy, we specifically curated
the FOMC dataset to include sentences of medium length.

Existing research on sentiment analysis in FOMC minutes has
typically utilized word-level analysis, even when dealing with
longer paragraphs [14]. Word-level approaches fail to detect con-
textualized nuances. Alternative, contextualized approaches such
as BERT [7] and ELMo [28] can overcome the limitations of word-
level models. Consequently, this study explores the benefits of
sentence-level sentiment analysis to gain a contextual understand-
ing of FOMC minutes.

The preprocessing steps included four stages, but not all were
performed for all models: splitting, removing stopwords, removing
short sentences, and manual inspection. The first step involved split-
ting paragraphs into individual sentences and removing headlines.
The FinBERT-FOMC model post-processes the sentences using a
text simplification pipeline described by [6]. Next, and only for the
FinBERT model, we removed stopwords, which are words that do
not carry significant meaning. Then, for all models, we filtered out

Zhuggingface.co/datasets/janspoerer/fomc.
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sentences too short to provide meaningful insights, which we set
at fewer than eight words or fewer than 43 characters.

3.2 Labeling

To assess the precision of the language model, qualified annotators
labeled a total of 1,065 sentences. The research design accounted
for the possibility that one person might exaggerate aspects and
sentiments in complex text. A voting system was implemented to
mitigate this issue. If one annotator failed to choose the correct
sentiment, but the others selected the correct sentiment, the la-
bel would be revised to reflect the majority. Thus, the final label
required at least two matching labels as the ground truth. A sig-
nificant distinction of our financial dataset is the rule for perfect
information in labeling. Annotators were permitted to search for
unknown words and concepts; otherwise, the dataset for FinBERT
was to disregard external knowledge in detecting market sentiment.
This approach ensures the dataset’s labels are highly accurate, as
our objective is to have a solid ground truth. By leveraging online
information, annotators achieved near-perfect information circum-
stances for precise labeling.

Of the 32,034 FOMC sentences we had extracted from the FOMC
transcripts, we chose 1,065 sentences of medium length. This de-
cision is based on the rationale that short sentences often do not
contain multiple statements about the same sentiment aspect and
often only contain statements about a single aspect. This makes
short sentences too easy to classify. Long sentences, however, often
explain general guiding principles of the FOMC and do not express
any sentiment. Medium sentences were thus the most difficult to
classify, allowing for the best estimation of a model’s capabilities.

All annotators had at least an master level education in business,
finance, or economics degree. The authors provided about half
of the labels. None of the sentences were only annotated by the
authors. None of the annotators were incentivized to label sentences
quickly.

When discussing discrepancies between annotators, we estab-
lished the following non-trivial definitions of FOMC sentiment
across the three aspects. Foreign positive growth is positive for the
growth sentiment, even if no direct link to growth in the U.S. can
be established. Decreases in government spending are negative for
growth. A minor change in an indirectly growth-related indicator,
such as domestic debt, is neutral.

Below is an example of a hard sentence (ID 12087 of the dataset)
that led to disagreements between the models: “Recent data sug-
gested that growth rates of household spending and business fixed
investment had moderated from their strong fourth-quarter read-
ings” VADER: positive, FinBERT: negative, FinBERT-FOMC: nega-
tive, GPT-4: neutral, Llama 3: negative. The human annotation of
this sentence is “neutral” because a moderation implies a decrease
(negative), but from a high level, indicating that growth is still
higher than zero, albeit not high. This sentence is one of the most
debatable sentences, showing the complexity of the underlying
language and the need for high-quality annotations. We believe
that our dataset is an important contribution to the scientific com-
munity, as it is a useful and hard benchmark component for future
research.
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4 Methods
4.1 VADER

Valence Aware Dictionary and sEntiment Reasoner (VADER) is a senti-
ment analysis tool that operates on a rule-based framework to evalu-
ate the sentiment expressed in each text [10]. It analyzes sentiments
conveyed through short social media posts (microblogs), reviews,
and forum discussions. VADER employs a lexicon of sentiment-
related words and a set of rules to determine the polarity (positive,
negative, or neutral) and intensity of sentiment in the text. The
VADER score is normalized to a range of -1 to 1, where a score
close to 0 indicates neutral sentiment. We chose -0.05 and 0.05 as
the cutoffs for negative and positive sentiment, respectively.

4.2 FinBERT

FinBERT was proposed by [4] and is a pre-trained transformer
language model [39] based on the BERT architecture [7]. The model
is designed to capture the nuances and complexities of financial
language and terminology, making it suitable for various financial
text analysis tasks [21]. The model has been fine-tuned on a large
corpus of financial text data, including news articles, corporate
reports, and regulatory filings. In this study, a fine-tuned version
of the FinBERT language model was utilized, based on [40]. The
sentiment score of the FinBERT model is normalized to a range of
-1to 1.

The dataset used to train FInBERT includes Financial Phrase-
Bank [24] and FiQA Task 1 sentiment scoring [22]. While the model
was trained on existing financial datasets, including a high agree-
ment level dataset that was further fine-tuned by [40] to reduce
noise in the labeled data, the dataset may not be well-suited for
analyzing sentiment in FOMC minutes. This is because the FOMC
often mentions multiple sentiment aspects in a single sentence,
which may have different valences. Furthermore, FOMC sentences
may contain opposing statements about a single sentiment.

4.3 FinBERT-FOMC

[6] describes a version of FinBERT that is fine-tuned on 1,3753
FOMC sentences. In addition to being fine-tuned, FinBERT-FOMC
preprocesses the sentences with the Sentiment Focus method (p.
361), which uses conjunctions to detect phrases that are irrelevant
to the sentences’ sentiment. The results demonstrated an overall
improvement of 5% in accuracy over the baseline FInBERT model.
In cases of complex sentences containing conjunctions like “but,”
“while;” and “though” with contradicting sentiments, the fine-tuned
model outperformed the original FinBERT by a margin of 17.4%.

4.4 GPT-4 and Task-Specific Prompt
Engineering

GPT-4 is a transformer-based language model and is considered one

of the most capable models to date [1, pp. 7-8]. [19] show that GPT-

4 delivers the best language model performance for some financial

sentiment analysis benchmarks, as we summarize in section 2.2.

Due to being closed-source, details about the model’s architecture

3The original dataset was in its early stages and labeled by two researchers, and in
this paper, we build upon an initial FOMC dataset, extending it to encompass 1,065
sentences.

629

Kim, Spérer, Handschuh, Lee

are not known. We use GPT-4 in this study due to its current status
as a state-of-the-art language model despite it being closed-source.
When experimenting with GPT-4 for aspect-based FOMC sen-
timent analysis, we studied how to ensure that the model output,
which can be unstructured text of varying length, can reliably
be parsed by our evaluation system. As GPT-4 is a text-to-text
model, receiving an unstructured text and returning a structured
text requires a prompt that enforces structure on the output. We
experimented with several prompts, including the following:

e Aninstruction to provide the aspect-based sentiment in JSON
format with the three keys growth, employment, and infla-
tion. No further explanation or background about FOMC
sentiment was provided.

o A description with the information provided in the prompt
above, in addition to 14 examples in human-readable form,
such as “Lower petroleum prices are good for inflation” This
prompt was similar to the instructions the human annotators
received (see subsection 3.2).

o No verbal explanation, just eight example sentences followed
by the desired JSON output (see B for the full prompt).

When testing the first prompt, we received unparsable responses for
the growth sentiment in 11.25% of cases; with the second prompt,
the rate dropped to 4.13%; with the third prompt, the rate dropped
to 0.0%. We, therefore, used the third prompt for all GPT-4 and
Llama 3 experiments in this study.

We also tested the prompt suffix “Let’s think step by step” pro-
posed by [16] by allowing the model to output its reasoning in
a JSON field called “explanation” to the beginning of the model
output. This suffix reduced the GPT-4’s ability to reliably provide
parsable JSONs with the correct keys. As a result, we did not use this
suffix in our experiments despite its merits in other domains (pp.
5-9).

On a side note, GPT-4 and Llama 3 allowed us to calculate the sen-
timents for the aspects of employment and inflation without much
additional effort. Employment and inflation were not predicted by
the other models.

4.5 Llama 3 and Task-Specific Prompt
Engineering

Llama 3 is a decoder-only transformer language model. Unlike
GPT-4, Llama 3 is open-source, making its architecture transparent
and making the model available for deployment by anybody with
appropriate hardware. Compared to previous versions of Llama
[38], Llama 3 has an extended vocabulary with 128’000 tokens and
it uses recent architectural advancements such as Grouped Query
Attention [3].

Llama 3 training sequences were 8,192 tokens long, which is
much longer than necessary for the task at hand.

We deployed the Llama-3-70B version of the model on a professional-

grade NVIDIA DGX-2 GPU cluster. Llama-3-70B suffers from sig-
nificant degradation from quantization [13], hence we chose the
original 16-bit model.

We used the same prompt for Llama 3 as for GPT-4.
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Figure 1: Frequencies of sentiment labels of the ground truth and all models.

Ground Truth VADER FinBERT

FinBERT-FOMC GPT-4 Llama 3
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750
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5 Results
5.1 Confusion Matrix

Metric VADER FinBERT FinBERT-FOMC GPT-4 Llama 3
(Neg) 0.437 0.602 0.620 0.504 0.744
F1 (Neu) 0.376 0.574 0.634 0.748 0.815
1 (Pos) 0.508 0.624 0.663 0.628 0.794
F1 (Avg) 0.440 0.600 0.639 0.627 0.784
Accuracy  0.443 0.597 0.638 0.682 0.793

Table 1: Performance Comparison of Language Models.

5.1.1 VADER. VADER is designed to analyze online communi-
cation, which often exhibits strong emotions. In contrast to this,
the FOMC statements have an unemotional tone, and, unsurpris-
ingly, FOMC statements were predominantly classified as neutral
by VADER, with more than 30% of sentences being classified as
such.

VADER tends to produce a centered distribution of sentiment pre-
dictions, which prompted us to allocate a neutral sentiment interval
between -0.05 and 0.05. This adjustment was made to enhance the
classification power of VADER and to better align with the actual
sentiment distribution. After adjusting the interval for the neutral
rating, VADER demonstrated a skewed sentiment distribution in
favor of more positive predictions.

As can be derived from the confusion matrix in table 5.1.6,
VADER achieved a high recall of 0.767 on positive sentences. Over-
all, however, VADER has a weak performance with an accuracy of
only 44.3% and an F1 score of 0.44.

VADER is the weakest model. This is likely due to the emotional
text from X (formerly Twitter) that VADER was designed for [10, p.
222]. Simple models have the potential to be competitive in financial
classification tasks, as the strong performance of other small models
[27] shows when compared to GPT-4 [19, p. 411]. But as VADER
is a rule-based model, it is not surprising that VADER performs
poorly on the formally written FOMC dataset.

5.1.2  FinBERT. The confusion matrix for FinBERT indicates that
the model better detected positive and negative sentiments than
neutral sentiments. The model had the highest accuracy in detect-
ing negative sentiments, with 205 (81.7%) true negatives, and the
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accuracy for positive sentiments was also high, with 233 (82.3%)
true positives. However, the model had a low recall in detecting
neutral sentiments, only detecting 157 (29.6%) out of 531 neutral
sentences.

In the sentence below, which states that historically low un-
employment insurance benefits can be a positive signal for the
economy, FInBERT classified the sentiment as negative: “The four-
week moving average of initial claims for unemployment insurance
benefits through mid-October remained near historically low levels.”
Moreover, the assigned sentiment score of -0.964 by FinBERT in
this sentence is not only extreme but also in the opposite direction
of the actual sentiment, which is concerning. This finding high-
lights a potential limitation of FinBERT in accurately capturing
the sentiment of financial text data, especially in the context of
FOMC minutes. Furthermore, compared to VADER, the FinBERT
model determines sentiment more confidently and sometimes in
the wrong direction.

Overall, the FinBERT model performed better than VADER in
detecting positive and negative sentiments, but its recall could be
improved for neutral sentiments.

5.1.3  FinBERT-FOMC. The fine-tuned FinBERT-FOMC model im-
proves in this area, as figure 5.1.6. It is able to detect neutral senti-
ment more accurately than the original FInBERT model. Its negative
sentence accuracy is also better, increasing from 44.1% (FinBERT’s
negative-sentiment accuracy) to 49.4% (FInBERT-FOMC'’s negative-
sentiment accuracy). Likewise, the recall on negative-sentiment
sentences increased from 81.7% to 83.3%. FINBERT-FOMC loses pos-
itive sentence recall against FinBERT. The recall drops from 82.3%
to 68.9%. Nevertheless, the positive-sentiment prediction accuracy
of FinBERT-FOMC (63.9%) is higher than that of FinBERT (54.7%).

Overall, FinBERT-FOMC is superior to FInBERT, with higher F1
scores on negative (from 0.57 to 0.62) and neutral (from 0.45 to 0.63)
sentiments and an unchanged F1 score for positive (0.66) sentiment.

5.1.4 GPT-4. While GPT-4’s accuracy is the second-highest with
68.2%, it reports neutral sentiment too frequently. GPT-4 only classi-
fies sentences as negative or positive if they have a clear sentiment,
leading to good precision scores for negative and positive senti-
ments. However, GPT-4 is too cautious in its predictions, as it has a
low recall for negative and positive sentiments.

As a result, GPT-4 has a lower F1 score for negative sentiments
than FinBERT-FOMC (0.50 vs. 0.62). GPT-4, unlike FinBERT-FOMC,
reports too many neutral sentiments, leading to a high recall of
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neutral sentiment but also to too many false neutral predictions
(and simultaneously low recall for positive and negative sentiment).
Table 5.1.6 shows that the model reports negative and positive
sentiments insufficiently often.

The average F1 score of FInBERT (0.64) is slightly higher than
GPT-4’s F1 score (0.63), indicating that they have a comparable
performance on the FOMC dataset.

Our results are in line with prior comparative research by [19, pp.
410-411], who showed that GPT-4 overall has comparable sentiment
analysis capabilities to FInBERT [4] on tasks such as the Financial
PhraseBank [24] and the FiQA sentiment task [22].

5.1.5 Llama 3. Llama 3’s accuracy is the highest with 79.3%. Llama 3
tends to under-detect negative sentiment. It’s prediction distribu-
tion closely resembles that of the ground truth, as figure 1 shows.

The average F1 score of Llama 3 is the highest of all models, with
0.78. With an F1 score of 0.65 for negative sentiment, the negative
sentiment is Llama 3’s weakest sentiment. It has an F1 score of 0.82
for neutral and 0.79 for positive sentiments.

Upon closer inspection of the responses of GPT-4 and Llama 3,
we found that Llama 3 is able to provide reasoning for its predic-
tions, while maintaining the ability to follow the output format that
we had requested. This is a significant advantage over GPT-4, which
often failed to provide reasoning for its predictions when prompted
to explain its predictions. For most FOMC sentences, Llama 3 pro-
duced an explanation before and after the JSON-like output, which
likely gave Llama 3 the edge needed to perform better than GPT-4
[16].

5.1.6  Comparison Between Models. In Summary, VADER achieves
an accuracy of 44.3%, FInBERT 59.7%, FInBERT-FOMC 63.8%, GPT-4
68.2%, and Llama 3 79.3%. FInBERT-FOMC'’s areas under the curve
(AUCs) outperform GPT-4’s AUCs. Llama 3 clearly stands out as
the best-performing model The results show that fine-tuning of a
moderately small language model can be valuable even compared
to a large foundation language model such as GPT-4, but that there
are significant differences among large language models.

The result of VADER, based on a lexicon and rules, had an ac-
curacy of 44.3%, serving as a baseline. Naive guessing would have
an expected accuracy of only 33.3%. FinBERT, a model pre-trained
on financial data, achieved higher accuracy at 59.7%, indicating the
benefits of domain-specific pre-training. Further fine-tuning of Fin-
BERT on FOMC texts resulted in FInBERT-FOMC, which showed a
significant increase in accuracy to 63.8%. The much larger GPT-4
and Llama 3 models had accuracies of 68.2% and 79.34%, respec-
tively. However, GPT-4’s AUC scores were not superior to those of
FinBERT-FOMC, suggesting that larger models do not necessarily
perform better in sentiment analysis. Our findings add to the ongo-
ing debate about the trade-offs between large foundation models
and smaller, finely-tuned counterparts. Moderate-sized models like
FinBERT-FOMC, when optimally adjusted for specific text types,
can get close to some large language models.

Human annotators demonstrated superior accuracy compared
to machine analysis, ranging from 87.5%-89.6% for the growth
sentiment, surpassing the best Al model (Llama 3 with an accuracy
of 79.3% and an average F1 score of 0.78). The discrepancy between
human and model performance highlights the difficulty presented
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by the FOMC dataset, which can be attributed to the subtleties of
economic language.

VADER
negative neutral positive
Total
(44.4%)  (58.8%) (37.9%)
= negative (43.0%) 108 56 87 251
2 neutral (27.7%) 116 147 268 | 531
H
positive (76.7%) 19 47 217 283
Total | 243 250 572 | 1065
FinBERT
negative neutral positive
Total
(47.4%)  (78.2%) (58.8%)
- negative (82.5%) 207 25 19 251
B neutral (45.4%) 177 241 113 531
= s
positive (66.4%) 53 42 188 283
Total | 437 308 320 | 1065
FinBERT-FOMC
negative neutral positive
Total
(49.4%) (81.6%) (63.9%)
e negative (83.2%) 209 29 13 251
5 neutral (51.8%) 159 275 97 531
= e
positive (68.9%) 55 33 195 283
Total | 423 337 305 | 1065
GPT-4
negative neutral positive
Total
(89.8%) (62.8%) (79.5%)
= negative (35.1%) 88 159 4 251
2 neutral (92.5%) 6 491 34 531
E_<
positive (51.9%) 4 132 147 283
Total |98 782 185 | 1065
Llama 3
negative neutral positive
Total
(80.8%) (83.3%) (72.5%)
- negative (68.9%) 173 61 17 251
B neutral (79.8%) 30 424 77 531
= s
positive (87.6%) 11 24 248 283
Total ‘ 214 509 342 1065

Table 2: Confusion matrices for all models. The numbers in
parentheses show the recall and the precision.
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Figure 2: F1 Scores by Model and Sentiment for FOMC Sentiment Analysis

VADER FinBERT

FinBERT-FOMC GPT-4

Llama 3

0.624
0.602 (5., 0.600

F1 Score

Neg Neu Pos Avg Neg Neu Pos Avg

6 Conclusion

Key observations from the F1 scores of different models for FOMC
sentiment analysis indicate that Llama 3 is the most effective, achiev-
ing the highest average F1 score of 0.784 with strong performance
across negative, neutral, and positive sentiments. GPT-4 also per-
forms well, particularly excelling in negative sentiment with an
F1 score of 0.748, though its performance in neutral sentiment is
relatively lower at 0.504. Both FinBERT and FinBERT-FOMC show
similar and competitive results, with FinBERT-FOMC slightly ahead
in the average score (0.639 versus 0.600).

FinBERT-FOMG, in particular, has shown enhanced capability
due to its fine-tuning process, outperforming the base FinBERT
model. Although it does not reach the accuracy level of Llama 3,
FinBERT-FOMC offers a good size-performance trade-off. With
its relatively compact architecture, FiInBERT-FOMC stands out as
a promising candidate for specialized sentiment analysis in the
context of FOMC communications compared to GPT-4.

In summary, while Llama 3 outperforms other models, adhering
to the principle of *small is beautiful, FinBERT-FOMC demonstrates
that fine-tuning can yield efficient and cost-effective solutions. It re-
mains beneficial for researchers or institutions to create customized
language models tailored to their specific requirements, leveraging
the versatility and efficiency of models like FinBERT-FOMC.

7 Limitations and Future Work

The primary limitation is that the approach did not consider inter-
sentence contexts due to our methodology of isolating sentences.
More attention is required on the richness of contextual infor-
mation, especially when interpreting statements about economic
changes that are often inherently relative. While the FOMC'’s sys-
tematic style of communication somewhat mitigates this issue,
future research must develop an approach that takes into account
the entirety of the statements, considering the broader economic
discourse, to enhance sentiment prediction accuracy.

In future research, constructing more sophisticated FOMC senti-
ment classifiers should be contemplated. Such models could incorpo-
rate an ability to discern the relevance of statements to the domestic
economy, distinguishing between comments on internal affairs and
those about international contexts. This would necessitate an ana-
lytical framework capable of situating individual sentences within
the larger economic narrative, recognizing the implications for the
U.S. economy.

632

2663 0639

0.620 0.634

Neg Neu

Pos Avg

0.815 0794 0784

0.744
0.628 0.627

Neg Neu Pos Avg Neg Neu Pos Avg

Recent advances in prompt engineering, especially research on
the paradigm of flow engineering [32], are worth being investigated
in future research. Additionally, future research should work to
overcome existing limitations of chain-of-thought (CoT) prompting
concerning reliably parsable output formats (see subsection 4.4
for documentation of our experiments that informed us not to
use CoT in this study) and make use of the improvements made
possible by CoT [42]. To overcome the limitations of sentence-by-
sentence sentiment labels, contextualized approaches to aspect-
based sentiment prediction are a promising open field for research
on FOMC minutes.
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Disclosure of Direct Costs for the Study

The GPT-4 costs were no higher than $101.98. The costs for the
GPT-4 (8k context window) API were $6 per 100k tokens at the
time of the experiment (lower today). In addition to the main run,
we also ran test experiments to try different prompt strategies. We
estimate the total direct costs of the GPT-4 study to be below $300.

Furthermore, we performed inference with FInBERT and VADER

on a local machine. The costs for these runs are negligible and are
mainly due to consumer-grade hardware (GPU) usage and electric-
ity costs from running the GPU for several hours. We ran Llama-3-
70bn on our institute’s NVIDIA DGX-2 GPU cluster.
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GPT-4 & Llama3 Prompt
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tence: Imports rose in December, with an increased volume of petroleum
imports, but declined in January, driven by lower prices and volumes for
petroleum.

put: { "growth_sentiment": "neutral", "employment_sentiment": "neutral", "
inflation_sentiment": "positive" }

tence: Commercial and industrial loans on banks' books continued to expand
strongly, reportedly in part to fund increased merger and acquisition
activity.

put: { "growth_sentiment": "positive", "employment_sentiment": "neutral", "
inflation_sentiment": "neutral" }

tence: Available indicators of drilling activity, such as counts of rigs in
operation, suggested spending would decline less rapidly in the third
quarter.

put: { "growth_sentiment": "negative", "employment": "neutral", "inflation":
"neutral" }

tence: Almost all participants judged that the surprisingly weak May
employment report increased their uncertainty about the outlook for the
labor market.

put: { "growth_sentiment": "neutral", "employment_sentiment": "negative", "
inflation_sentiment": "neutral" }

tence: Although payrolls for state and local governments expanded in July and
August, nominal construction spending by these governments declined in
July.

put: { "growth_sentiment": "negative", "employment_sentiment": "positive", "
inflation_sentiment": "neutral" }

tence: And, even if nominal wages should accelerate somewhat, relatively wide
profit margins could buffer the effect on prices of final goods and
services.

put: { "growth_sentiment": "neutral", "employment_sentiment": "positive", "
inflation_sentiment": "positive" }

tence: The pass-through of the substantial rise in energy prices could
account for a considerable part of the step-up in core inflation in
recent quarters.

put: { "growth_sentiment": "neutral", "employment_sentiment": "neutral", "
inflation_sentiment": "negative" }

tence: Growth of nonfinancial domestic debt was estimated to have slowed a
little in the third quarter from the average pace in the first half of
the year.

put: { "growth_sentiment": "neutral", "employment_sentiment": "neutral", "

inflation_sentiment": "neutral" }




