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Abstract

This study investigates whether the informational content of Bank
of Japan (BOJ) communications can predict short-term movements in
Japanese Government Bond (JGB) yields and BOJ purchase opera-
tions. We construct a BOJ Policy Stance Index by applying FinBERT-
based sentiment analysis and keyword scoring to a corpus of 807 BOJ
speeches and announcements spanning 1996 to 2025, and integrate this
index into an event-study framework covering the BOJ’s unconventional
monetary policy journey, from the Zero Interest Rate Policy and Quan-
titative and Qualitative Easing, through Yield Curve Control, to the
post-2024 normalization phase. Our quantitative benchmark reveals
that daily JGB yield changes follow a near-random walk and are un-
correlated with changes in BOJ outright purchases; the NLP-derived
hawkish-dovish scores likewise show no correlation with yield changes
or subsequent position adjustments. While frontier large language mod-
els appear to predict yields with high in-sample accuracy, we show that
this performance likely reflects forward-looking bias rather than genuine
forecasting ability. These results provide converging evidence that the
semi-strong form of the Efficient Market Hypothesis holds in the JGB
market with respect to BOJ communication. The BOJ’s signaling relies
on linguistic subtleties in formal business Japanese-such as degrees of
politeness-that are lost in English translation. Consequently, domestic
investors receive clear signals, whereas global investors accessing only
the English text are deprived of the same guidance value.
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1 Introduction

The Bank of Japan (BOJ) has issued a series of policies for the past 30 years,
evolving from conventional interest rate adjustments to increasingly uncon-
ventional monetary easing measures. Following the zero interest rate policy
(ZIRP) introduced in 1999, the early 2000s saw the pioneering introduction of
quantitative easing (QE). After a brief intermission between 2006 and 2008,
the Global Financial Crisis prompted the BOJ to reactivate and expand its
asset purchase programs. A signi�cant shift occurred in 2013 with the launch
of Quantitative and Qualitative Monetary Easing (QQE), which involved mas-
sive purchases of Japanese government bonds (JGBs) and risky assets such as
ETFs and J-REITs, targeting a 2% in
ation goal. This framework was fur-
ther extended into a negative interest rate policy (NIRP) in 2016 and later
supplemented by Yield Curve Control (YCC), aiming to cap 10-year JGB
yields around zero (Hattori and Yoshida, 2021). Between 2016 and 2024, YCC
became the centerpiece of BOJ's policy toolkit. However, as in
ation dynam-
ics shifted, the BOJ incrementally widened YCC bands and, in March 2024,
formally exited both the negative interest rate and YCC regimes, marking
a historic pivot toward policy normalization while maintaining accommoda-
tive �nancial conditions. The subsequent normalization period (2024-2026)
has seen the BOJ reduce its JGB purchases and raise the policy rate gradu-
ally. Annual average headline CPI in
ation illustrates this transition: after
near-zero or negative readings in 2020-2021 (0.0% and -0.2%), in
ation rose to
2.5% in 2022, peaked at 3.27% in 2023, eased to 2.74% in 2024, and remained
elevated at approximately 3.17% in 2025.

The YCC policy has received good results. Hattori and Yoshida (2021)
document how the BOJ successfully controlled the 10-year Japanese govern-
ment bond (JGB) yields within the target range through a combination of
�xed-price and �xed-amount purchase operations. Fixed-price operations, in
particular, were e�ective in capping yields at the desired level. Under YCC, the
BOJ made its bond purchase operations endogenous to market yields. Tests
showed that under YCC, higher yields triggered increased bond purchases, re-
versing the pre-YCC direction of causality. This allowed the BOJ to manage
balance sheet growth more e�ectively. YCC signi�cantly reduced the disper-
sion of expert yield forecasts, especially during periods with a narrow target
range and enhanced forward guidance. This could indicate that investors'
expectations aligned more closely with the BOJ's policy goals. JGB yields be-
came less volatile and followed a stationary process under YCC, particularly
when the target range was binding. This contrasts with the pre-YCC period,
where yields were non-stationary despite quantitative easing. The stabilizing
e�ects of YCC extended to other maturities (2-, 5-, and 20-year JGBs), espe-
cially during periods of narrow targeting. This suggests e�ective transmission
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of the policy across the entire yield curve. The BOJ achieved these results
without relying on frequent �xed-price operations, instead relying on forward
guidance and the credibility of its endogenous intervention rule.

While the macroeconomic e�ects of the BOJ's unconventional policies are
well-documented, a critical open question remains: \does the BOJ's public
communication convey information that can predict short-term movements in
JGB yields or the central bank's own market operations?" This question sits
at the intersection of the E�cient Market Hypothesis (EMH) and the growing
literature on textual analysis in �nance. If the semi-strong form of the EMH
holds, public speeches and announcements should be instantaneously incor-
porated into market prices, yielding no systematic predictability. Conversely,
if linguistic nuances-particularly in a communication culture characterized by
deliberate ambiguity and indirect signaling-contain incremental information
not immediately digested by markets, NLP-based strategies could potentially
generate alpha.

This paper tests this hypothesis by constructing a comprehensive analyt-
ical pipeline that bridges quantitative market microstructure analysis with
state-of-the-art Natural Language Processing (NLP). We �rst establish a pre-
dictability baseline using daily JGB yield and BOJ purchase data from 2010 to
2025, documenting the statistical properties-unit-root behavior, fat tails, and
regime-dependent volatility, which any forecasting model must overcome. We
then apply FinBERT, a �nancial-domain-speci�c language model, to a corpus
of 807 BOJ speeches and announcements to derive a continuous hawkish-dovish
score that measures the policy stance embedded in each communication. This
textual index is subsequently integrated into an event-study framework that
tests for causal relationships between BOJ rhetoric and subsequent yield move-
ments, purchase adjustments, and yield curve dynamics.

Our analysis yields three principal �ndings. First, daily JGB yield changes
are approximately unpredictable from both past quantitative data and con-
temporaneous NLP-derived sentiment scores, consistent with the semi-strong
form of the EMH. Second, the observed regime shifts in the BOJ's reaction
function from active easing (negative purchase-yield correlation) to YCC (pos-
itive correlation) to normalization (sharply negative correlation) are visible in
the textual record but do not translate into exploitable short-horizon trading
signals. Third, we document a methodological caution: while cutting-edge
large language models like Claude can retroactively \predict" yield changes
with high in-sample accuracy, this performance is more attributable to forward
looking bias rather than genuine forecasting ability. Through a counterfactual
analysis of the September 2025 Monetary Policy Meeting dissent, we demon-
strate that frontier LLMs can nonetheless serve as powerful tools for \ex-ante"
expectation quanti�cation and communication gap identi�cation-capabilities
that, while not pro�table in the semi-strong EMH sense, o�er signi�cant value
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for policy analysis and risk management.
The remainder of the paper is organized as follows. Section 2 reviews

the relevant literature on LLMs, information retrieval, and sentiment analy-
sis. Section 3 provides a detailed quantitative analysis of BOJ purchase posi-
tions and JGB yield dynamics from 2010 to 2025, establishing the empirical
benchmark. Section 4 presents our NLP methodology and results, including
future-orientation detection, hawkish-dovish stance index construction, topic
modeling, event-study tests, and frontier LLM-based counterfactual analysis.
Section 5 concludes with implications for both the EMH literature and the
practical application of NLP in �xed-income markets.

4



Analyzing policies of Bank of Japan with Large Language Models

2 Literature Review

2.1 Large Language Models (LLMs) and Core NLP Ar-
chitectures

The �eld of Natural Language Processing (NLP) has undergone a series of de-
velopments in recent years, and the transformer architecture itself is that rev-
olution. Introduced by Vaswani et al. (2017), the transformer fundamentally
rede�ned how language models are built, replacing recurrent and convolutional
architectures with a self-attention mechanism that enables parallel processing
and long-range dependency capture. Building upon this, Devlin et al. (2019)
introduced BERT, a seminal model that fundamentally changed the approach
to NLP tasks. BERT's key innovation lies in its bidirectional training, allowing
it to learn deep contextual representations by conditioning on both left and
right context in all layers. Its pre-training and �ne-tuning deeply in
uenced
the standard, demonstrating state-of-the-art performance on a wide range of
tasks and serving as the foundation for many subsequent models.

Following BERT's success, signi�cant research focused on optimizing its
pre-training methodology. Liu et al. (2019) proposed RoBERTa (Robustly Op-
timized BERT Approach), which demonstrated that BERT was undertrained.
By modifying key hyperparameters, including training the model longer with
larger batches and more data, and dynamically changing the masking pat-
tern applied to the training data, RoBERTa achieved substantial performance
improvements over the original BERT. Its robust performance has made it a
popular choice for downstream tasks, and models based on its architecture,
such as roberta-base-squad2, are frequently employed in question-answering
experiments.

The need to extend these powerful models beyond English led to the de-
velopment of multilingual and language-speci�c architectures. Conneau et al.
(2020) introduced XLM-RoBERTa (XLM-R), a cross-lingual model pre-trained
on text in 100 languages. By scaling up the amount of training data and us-
ing a larger vocabulary, XLM-R signi�cantly outperformed prior multilingual
models like multilingual BERT, making it a highly e�ective tool for cross-
lingual NLP tasks, including question answering and sequence classi�cation.
Parallel to this, research has focused on creating high-performance models for
speci�c languages. For instance, Martin et al. (2020) presented CamemBERT,
a language model tailored for French. Based on the RoBERTa architecture and
trained on a large French corpus, CamemBERT has achieved superior results
on various French NLP benchmarks, particularly for tasks like Named-Entity
Recognition (NER).

Currently, a parallel and highly in
uential branch of research has focused
on scaling up model size and shifting towards generative capabilities. Brown
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et al. (2020) marked a landmark moment with the introduction of GPT-3
(Generative Pre-trained Transformer 3). As a massive autoregressive language
model with 175 billion parameters, GPT-3 demonstrated remarkable few-shot
and zero-shot learning abilities. Unlike its predecessors that required �ne-
tuning for speci�c tasks, GPT-3 could perform tasks like translation, question-
answering, and text generation by simply being provided with a few examples
or a natural language prompt. This work is crucial for contextualizing the
recent emergence of powerful generative AI systems, such as ChatGPT.

Since the advence of GPT-3 in 2020, the �eld has been de�ned by a race
towards even larger models and the re�nement of the instruction-following
paradigm. This period saw the rise of models like GPT-4 (OpenAI et al.,
2023), PaLM (Chowdhery et al., 2022), and LLaMA (Touvron et al., 2023),
which further pushed the boundaries of scale and introduced innovations in
training techniques, such as the mixture of experts (MoE) architecture to im-
prove e�ciency. Crucially, the focus shifted from mere few-shot performance
to aligning models with human intent through techniques like Reinforcement
Learning from Human Feedback (RLHF) (Agarwal et al., 2022). This ap-
proach was instrumental in transforming raw generative models into conver-
sational agents like ChatGPT, capable of nuanced dialogue and complex task
completion. Concurrently, the drive for democratization led to the explosion
of open-source, \smaller" yet highly capable models (e.g., LLaMA, Mistral)
that rival their larger counterparts (Touvron et al., 2023), fostering a rich
ecosystem of �ne-tuned variants for specialized domains. This era has also
been marked by a surge in multimodal capabilities, with models like CLIP
(Linear-probe, 2021) and Flamingo (Alayrac et al., 2022), and later GPT-4V,
blurring the lines between text, vision, and audio, enabling the development of
uni�ed models that can reason across di�erent data types. Research is focused
on improving e�ciency through techniques like quantization and pruning (X.
Zhu et al., 2024), mitigating inherent issues like hallucination and bias, and
extending context windows to process entire documents or long-form media.

But despite the remarkable 
uency and few-shot capabilities of generative
LLMs, their use for knowledge extraction in policy analysis raises a funda-
mental concern: these models are optimized to propose the most statistically
plausible continuation of a prompt, rather than to retrieve veri�able facts.
Consequently, a purely generative pipeline inherits all the biases discussed in
the literature: the model is \looking for an answer" in a black-box fashion,
without exposing the source from which its conclusion is derived. For our task
of extracting structured policy signals from the BOJ communications, such
opacity is especially problematic, because any claim about the BOJ's stance
must be auditable and grounded in speci�c textual evidence. We therefore
deliberately avoid relying on a generative component as the primary extrac-
tion engine. Instead, we adopt a less black-box approach that maintains a
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clear logical link in the chain of reasoning: we use encoder-only transformer
architectures (e.g., FinBERT) (Araci, 2019) for stance classi�cation, and when
the task requires locating supporting evidence within a large corpus, we turn
to transparent retrieval methods such as BM25. Because BM25 scores docu-
ments based on explicit lexical overlap with the query, it enables us to trace
every extracted statement back to the exact passages and terms that produced
it, making the provenance of the answer fully visible. This design choice en-
sures that the NLP pipeline remains interpretable, auditable, and scienti�cally
defensible.

2.2 Information Retrieval (IR) and Question Answering
(QA)

The task of open-domain question answering (QA), the ability to answer fac-
tual questions based on a large corpus of text, has evolved signi�cantly, driven
by advances in both information retrieval and machine reading comprehension.
Modern QA systems increasingly rely on a hybrid architecture that combines
traditional term-based methods with neural dense representations to achieve
high accuracy and e�ciency.

For decades, term-based sparse retrieval methods have been used as infor-
mation retrieval systems. Robertson et al. (2009) formalized the BM25 (Best
Matching 25) algorithm, which remains one of the most robust and widely
adopted ranking functions. BM25 scores documents based on the frequency
of query terms within a document, while accounting for term saturation and
document length normalization. Despite the rise of neural methods, BM25 is
still considered a powerful baseline and an essential component in multi-stage
retrieval systems due to its e�ciency, interpretability, and strong performance
on out-of-domain datasets.

While BM25 excels at lexical matching, it struggles with the semantic gap
situations where a document contains relevant concepts but uses di�erent vo-
cabulary than the query. To address this, neural dense retrieval methods learn
to embed both questions and documents into a dense vector space where rel-
evance is measured by semantic similarity. A breakthrough in this area came
from Reimers and Gurevych (2019) with Sentence BERT (SBERT). By modi-
fying the BERT architecture to use siamese and triplet networks, SBERT can
derive semantically meaningful sentence embeddings that can be e�ciently
compared using cosine similarity. This work made dense retrieval practical
for large-scale tasks by enabling fast, o�ine computation of embeddings and
real-time similarity searches.

Building directly on the concept of dense retrieval, Karpukhin et al. (2020)
introduced Dense Passage Retrieval (DPR), a highly e�ective framework specif-
ically designed for open-domain QA. DPR employs a dual-encoder architec-
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ture: one BERT-based encoder for questions and another for passages. The
model is trained to maximize the inner product of positive question-passage
pairs while minimizing it for negative pairs. Unlike generic sentence embed-
dings, DPR is optimized end-to-end for the retrieval task, making it partic-
ularly e�ective at �nding passages containing answers to factual questions.
Its strong empirical performance has established it as a leading model for the
retrieval stage in QA pipelines.

The integration of these retrieval methods into a complete QA system is
comprehensively surveyed by Zhu et al. (2021) . This work provides a detailed
overview of the \retriever-reader" architecture, which has become the domi-
nant paradigm for open-domain QA. In this framework, the retriever (such as
BM25 or DPR) �rst selects a small subset of relevant passages from a mas-
sive corpus. Subsequently, the reader (typically a transformer-based model
like BERT) extracts or generates the precise answer from these candidate pas-
sages. By decomposing the task into these two stages, the retriever-reader
model balances scalability with the deep language understanding required for
accurate question answering.

2.3 Sentiment Analysis and Tonality

Sentiment analysis, the task of computationally identifying and categorizing
opinions expressed in text, is a cornerstone of NLP. Its applications range
from social media monitoring to �nancial market prediction. However, the
e�ectiveness of sentiment analysis models is highly dependent on the domain
of the text and the methodology used.

In the domain of social media, speci�cally Twitter (now X), the work of
Barbieri et al. (2020) on TweetEval has become a critical benchmark. Tweet-
Eval is a uni�ed framework consisting of seven heterogeneous tasks speci�c
to tweet understanding, including sentiment analysis. The authors introduced
a suite of �ne-tuned transformer models optimized for the unique linguistic
characteristics of social media, such as hashtags, mentions, and informal lan-
guage. The �ne-tuned sentiment tweet roBERTa model, which emerged from
this work, represents a new approach for this domain. Its selection for use
in various studies is typically justi�ed by its superior performance on custom
datasets, demonstrating the value of domain-speci�c �ne-tuning over generic
language models.

While transformer-based models excel in general sentiment, the �nancial
domain presents unique challenges. Standard sentiment lexicons often misclas-
sify words that carry speci�c connotations in a �nancial context. Addressing
this gap, Loughran and McDonald (2011) created a foundational dictionary
for �nancial sentiment analysis. By analyzing a large number of 10-K �l-
ings (annual reports) from U.S. companies, they demonstrated that words
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commonly labeled as negative in general-purpose dictionaries (e.g., \liabil-
ity", \tax", \cost") are not necessarily negative in a �nancial context. Their
work established a domain-speci�c lexicon that became a benchmark for subse-
quent �nancial NLP research. However, as noted in contemporary studies, the
dictionary-based approach is inherently rule-based and keyword-dependent,
which makes it potentially vulnerable to adversarial attacks.

The vulnerability of traditional sentiment analysis, particularly in high-
stakes domains like �nance, has recently come under scrutiny. Leippold (Leip-
pold, 2023) directly investigated this issue by studying adversarial attacks
on �nancial sentiment analysis using large language models. The research
demonstrated how generative models like GPT-3 could be used to craft texts
that preserve grammatical correctness and apparent meaning but systemat-
ically fool sentiment classi�ers. This work is highly relevant to the ongoing
discussion regarding the limitations of keyword-based and even early neural
approaches. It highlights that as models become more powerful, the methods
to attack them also become more sophisticated, posing new challenges for the
reliability of automated sentiment analysis.
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3 Position Analysis

In this section, we attempt to draw a timeline of the positions of the BOJ
under the in
uence of its major policies.

We take the data from the BOJ's o�cial website.
The time span of di�erent outright purchases of JGBs, Excluding Floating-

rate Bonds and In
ation-indexed Bonds, in a competitive auction method, is
about one week. The residual maturities of JGBs include up to 1 year, more
than 1 year and up to 3 years, more than 3 years and up to 5 years, more than
5 years and up to 10 years, more than 10 years and up to 25 years, and more
than 25 years.

3.1 Overview of BOJ Purchases in 2025

The �gure below presents the timeline of BOJ outright JGB purchase amounts
by residual maturity bucket throughout 2025, overlaid with corresponding JGB
yields and key policy events.

The data reveals four distinct purchase periods, each corresponding to a
shift in the BOJ's quantitative tightening (QT) stance. In Regime 1 (January-
March 2025), the BOJ maintained its initial reduction schedule, with the <1Y
bucket at ¥150 billion per auction, medium-term buckets (1-3Y, 3-5Y) at ¥300
billion, the core 5-10Y bucket at ¥325 billion, and the 10-25Y bucket at ¥150
billion. These levels re
ect the QT plan announced in July 2024, targeting
a reduction of approximately ¥400 billion per quarter in monthly purchase
volumes

3.1.1 The April Reduction and Tari� Shock

A broad, simultaneous reduction across all maturity buckets became e�ective
in early April 2025. The <1Y bucket was cut from ¥150 billion to ¥100 billion;
the 1-3Y and 3-5Y buckets each declined by ¥25 billion to ¥275 billion; the
5-10Y bucket fell to ¥300 billion; and the 10-25Y bucket was reduced to ¥135
billion. This compression was consistent with the pre-scheduled QT trajectory
targeting approximately ¥4.5 trillion in monthly purchases for Q2 2025.

Notably, this reduction coincided with the announcement of US recipro-
cal tari�s on April 2, 2025. Despite the resulting market volatility - which
temporarily suppressed JGB yields across the curve - the BOJ maintained its
reduced purchase schedule without any tactical intervention. This is consis-
tent with the BOJ's March MPM (Monetary Policy Meeting) communication,
which acknowledged trade policy uncertainty while emphasizing commitment
to its normalization path.
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3.1.2 The Q3 Frequency Adjustment: Per-Auction Increases, Monthly
Reductions

In early July 2025, the per-auction amounts for the three intermediate maturity
buckets (1{3Y, 3{5Y, 5{10Y) each rose by ¥50 billion relative to Q2 levels |
to ¥325 billion, ¥325 billion, and ¥350 billion respectively | while the ultra-
short (<1Y) and long-end (10{25Y, >25Y) buckets remained unchanged. At
�rst glance, this appears to contradict the ongoing QT trajectory.

However, this per-auction increase was more than o�set by a simultaneous
reduction in auction frequency. According to the BOJ's o�cial outline for Q3
2025 JGB purchase operations, the frequency of auctions for the 1{3Y, 3{5Y,
and 5{10Y buckets was reduced from four times per month to three times per
month, \in order to avoid each auction amount becoming small as the Bank
has been proceeding with the reduction in the amount of JGB purchases."
The net e�ect on monthly purchase volumes was therefore a decrease, not an
increase. For example, the 1{3Y bucket moved from ¥275 billion � 4 = ¥1,100
billion per month to ¥325 billion � 3 = ¥975 billion per month, a reduction
of ¥125 billion per month despite the ¥50 billion rise in per-auction size. The
same arithmetic applies to the 3{5Y and 5{10Y buckets.

This adjustment thus represents a continuation | rather than a reversal |
of the BOJ's QT schedule. By consolidating fewer, larger auctions, the BOJ
maintained orderly market functioning and su�cient auction sizes while still
reducing the aggregate monthly 
ow of purchases, consistent with the target
of approximately ¥400 billion in quarterly reductions. The timing of this
operational change, coinciding with the Japan{US trade deal in mid-July and
the run-up to the July 30{31 MPM at which the BOJ revised its FY2025 CPI
forecast upward to 2.7%, further underscores that the BOJ viewed external
conditions as su�ciently stable to proceed with | rather than pause | its
normalization path.

3.1.3 The October Normalization Step

From early October 2025, the BOJ implemented its deepest across-the-board
reduction of the year. The 1-3Y bucket fell to ¥300 billion, the 3-5Y bucket
to ¥280 billion, the 5-10Y bucket to ¥305 billion, and notably, the 10-25Y
bucket reached a new low of ¥115 billion. The >25Y bucket remained stable
at ¥75 billion throughout the year, suggesting the BOJ was more cautious
about allowing the ultra-long end to cheapen.

This October reduction followed the September MPM, at which two board
members (Takata and Tamura) dissented in favor of an immediate rate hike -
the �rst dual dissent in eight years. The market had already priced in further
tightening, with the 10Y JGB yield rising to 1.655% by September 19 from
1.498% in June.
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3.1.4 Yield Curve Dynamics and Position Changes

The relationship between BOJ purchase reductions and JGB yields is sum-
marized in Table X. Across the year, the yield curve experienced substantial
steepening: the 1Y yield rose by approximately 38 basis points (from 0.48%
to 0.86%), while the 30Y yield rose by over 100 basis points (from 2.33% to
3.36%). This di�erential re
ects the combined e�ect of two forces: policy rate
hikes anchoring expectations at the short end, and QT-driven reduced demand
at the long end.

One key observation is that yield movements frequently preceded formal
BOJ announcements, consistent with Deputy Governor Himino's speech on
January 14 triggering a visible yield increase two weeks before the January
MPM rate hike. This pattern suggests that the BOJ's forward guidance
through speeches was e�ective in anchoring market expectations, a �nding
that connects directly to the NLP analysis in Section 4.

3.2 A broader view since 2010

While the previous subsection focused on the granular evolution of BOJ pur-
chase activities in 2025, this section expands the analysis to the period from
2010 to 2025. This longer horizon captures the full spectrum of the BOJ's
unconventional monetary policy journey: from the early Quantitative Easing
(QE) and Zero Interest Rate Policy (ZIRP) era, through the launch of Quan-
titative and Qualitative Monetary Easing (QQE) in 2013, the introduction
of Negative Interest Rate Policy (NIRP) and Yield Curve Control (YCC) in
2016, and �nally the normalization phase beginning in 2024. By examining the
joint dynamics of JGB yields and BOJ outright purchases over this extended
period, we establish a baseline for evaluating the textual policy stance derived
in Section 4.

3.2.1 Evolution of JGB Yields and BOJ Purchase Volumes

Several distinct regimes can be found from 2010 to 2025:
2010-2012: De
ation �ghting and early QE. The 10Y yield remained below

1.5%, often near 1.0%, while total purchases were modest (typically under 1
trillion yen per month). This period re
ects the BOJ's gradual response to
global �nancial crisis aftere�ects and domestic de
ation.

2013-2015: QQE shock. Following the April 2013 QQQE announcement,
total purchases surged to over 7 trillion yen monthly, and the 10Y yield dropped
sharply from around 0.8% to below 0.4% by 2015. The yield curve 
attened
signi�cantly, with longer maturities (20Y-30Y) compressing more than short-
term yields.
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Figure 1: The BOJ 2025: JGB Yield, Purchase Positions & Policy Timeline

2016-2023: YCC and NIRP era. The introduction of YCC in September
2016 explicitly capped the 10Y yield near zero (later �0:25%, �0:5%, etc.).
Our data con�rms that after 2016, the 10Y yield became remarkably stable
between -0.1% and +0.2%, despite 
uctuations in global rates. During this pe-
riod, total BOJ purchases declined gradually from their QQE peak, stabilizing
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Figure 2: 10Y JGB Yield vs Total BOJ Outright Purchases (2010-2025)

around 4-6 trillion yen per month, as the BOJ relied more on yield targeting
than quantity operations.

2024-2025: Normalization and QT. Following the March 2024 exit from
negative rates and YCC, the 10Y yield began a steady ascent, breaching 1%
in late 2024 and reaching 2.04% by December 2025. Total purchases declined
further, consistent with the QT plan announced in July 2024, falling to below
8 trillion yen monthly by late 2025.

3.2.2 Purchase Composition by Maturity Bucket

We run a simple decomposition of BOJ outright purchases by residual matu-
rity (< 1Y , 1-3Y, 3-5Y, 5-10Y, 10-25Y, > 25Y ) from 2010 to 2025. We found
that before 2016 (pre-YCC), the BOJ purchased across all maturities, with
a notable presence in the 5-10Y and 10-25Y buckets, aiming to depress the
entire curve. From 2016 to 2023 (YCC active), purchases became increasingly
concentrated in the 5-10Y bucket (the YCC operational target), often exceed-
ing 4 trillion yen monthly. Other buckets saw reduced volumes or became
residual. From 2024 to 2025 (post-YCC), the distribution broadens again as
the BOJ normalizes its balance sheet, with no single dominant maturity. The
5-10Y share declines, while medium-term buckets (1-5Y) regain importance
for managing policy rate expectations.
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Figure 3: Monthly BOJ Outright Purchases by Maturity Bucket (2010-2025)

3.2.3 Relationship Between Yields and BOJ Positions

The table result reveals a striking evolution in the BOJ's reaction function.
During the early QE period (2010-2012), the correlation is near zero and statis-
tically insigni�cant, suggesting that purchase volumes were not systematically
tied to contemporaneous yield movements. In the QQE years (2013-2015),
a signi�cant negative correlation emerges, consistent with the BOJ actively
increasing purchases when yields threatened to rise: a conventional easing
response aimed at compressing term premia. Under the YCC regime (2016-
2023), the correlation turns positive, re
ecting a fundamental shift: with the
10-year yield pinned by a rate cap, the BOJ could reduce purchase volumes
without allowing yields to rise, relying instead on forward guidance and credi-
bility. Most strikingly, during the normalization phase (2024-2025), the corre-
lation becomes strongly negative again. This reversal, however, has a di�erent
interpretation: the BOJ is now deliberately reducing purchases (quantitative
tightening) to allow yields to rise in a controlled manner, consistent with an
exit from unconventional policy. The negative sign could indicate that higher
yields accompany lower purchase volumes, a market-driven relationship typical
of normal monetary policy transmission.
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Table 1: Correlation between 10Y JGB Yield and Total Purchases

Period Observations Pearson Spearman

r p-value � p-value

2010-2012 104 0.046 0.643 0.066 0.508
2013-2015 339 -0.226 < 0:001*** -0.242 < 0:001***
2016-2023 766 0.357 < 0:001*** 0.279 < 0:001***
2024-2025 114 -0.519 < 0:001*** -0.502 < 0:001***

Source: Calculations by authors

3.2.4 Yield Curve Steepening and Policy Regime Shifts

Figure 4: 2Y-30Y JGB Yield Slope (2010-2025)

Finally, we examine the slope between 2Y and 30Y yields (a proxy for term
premium and policy expectations). The 30Y yield rose by over 100 basis points
during 2025 alone (from 2.33% to 3.36%), while the 2Y yield increased by only
38 bps. This dramatic steepening, unprecedented in the post-2010 period,
re
ects short-end anchoring by policy rate expectations (BOJ's gradual hikes
priced in), long-end pressure from QT and reduced BOJ demand for long-dated
JGBs, and global spillovers as U.S. Treasury yields also steepened.
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This pattern di�ers sharply from the QQE era (2013-2015), when the en-
tire curve compressed, and from the YCC era (2016-2023), when the curve was
arti�cially 
attened. It demonstrates that the BOJ's policy stance has funda-
mentally shifted from suppressing the yield curve to normalizing its shape -
a transition our subsequent textual analysis aims to capture in central bank
communication.

3.3 Predictability Baseline: From Levels to Changes

Section 3.2.3 documented that the level correlation between the 10Y yield
and total purchases varies across regimes, ranging from �0:67 during QQE to
+0:54 during normalization. However, for the event-study analysis in Section
4.4 | which regresses daily yield changes around BOJ speeches onto NLP-
derived sentiment scores | the relevant question is not whether levels co-move,
but whether changes in yields and purchases are predictable from observable
data. This section characterizes the statistical properties of yield changes and
purchase changes, establishing a quantitative null hypothesis against which
the NLP models of Section 4 will be evaluated.

3.3.1 Unit Roots and Fat Tails in Yield Changes

We �rst verify that yield changes are the appropriate dependent variable by
testing for unit roots. Table 2 reports the Augmented Dickey{Fuller (ADF)
test for both yield levels and �rst di�erences at the three maturities selected
in Section 4.4.

Table 2: Augmented Dickey{Fuller Test for JGB Yields

Maturity Series ADF Statistic p-value

2Y Level 3.179 1.000
2Y �Yield �21.154 <0.001
10Y Level 0.931 0.994
10Y �Yield �19.972 <0.001
30Y Level 0.961 0.994
30Y �Yield �19.420 <0.001

Source: Calculations by authors

Yield levels are strongly non-stationary (p � 1:0), whereas �rst di�erences
are strongly stationary (p < 0:001). This I(1) behavior con�rms that yields
follow a unit-root process and that �rst di�erences | the variable used in the
event study of Section 4.4 | are the appropriate transformation.

Table 3 reports the distributional properties of these daily yield changes.
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Table 3: Distributional Statistics of Daily JGB Yield Changes (basis points)

Maturity Mean Std Skewness Excess Kurtosis N

2Y �0.08 2.83 0.07 49.35 12,785
10Y �0.03 3.49 0.20 11.45 9,786
30Y 0.01 2.56 0.13 9.04 6,470

Source: Calculations by authors

Mean daily changes are economically negligible (less than 0.1 bp), con-
�rming the absence of systematic drift. The standard deviations of 2.5{3.5
bp establish the scale of daily noise that any NLP-based predictor must over-
come. Most critically, the distributions exhibit extreme leptokurtosis: the 2Y
maturity has an excess kurtosis of 49.35, the 10Y of 11.45, and the 30Y of
9.04 (all strongly rejecting normality via the Jarque{Bera test, p < 10�4 ). Fat
tails imply that large yield moves occur far more frequently than a Gaussian
model would predict, concentrating economic signi�cance in tail events that
are inherently di�cult to forecast.

3.3.2 Regime-Dependent Volatility

The unconditional standard deviations in Table 3 mask substantial heterogene-
ity. Table 4 decomposes daily yield volatility across the four policy regimes
identi�ed in Section 3.2.1.

Table 4: Daily Yield Change Volatility by Policy Regime (basis points)

Maturity 2010{2012 2013{2015 2016{2023 2024{2025

2Y 0.47 0.47 1.03 1.97
10Y 1.87 1.93 1.65 2.87
30Y 1.94 2.42 2.27 3.27

Source: Calculations by authors

The 2Y yield volatility increased fourfold from the pre-QQE era (0.47 bp) to
the normalization period (1.97 bp), consistent with the transition from a near-
zero policy rate environment | where the short rate was e�ectively anchored
| to an active tightening cycle in which each data release and speech carries
implications for the rate path. At the long end, the QT period (2024{2025)
exhibits the highest volatility across the entire sample: the 30Y daily volatility
of 3.27 bp exceeds the QQE-era peak (2.42 bp). Combined with the yield curve
steepening documented in Section 3.2.4, this indicates that the normalization
period is characterized by both higher yield levels and greater daily uncertainty.
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This regime-dependent volatility has a direct methodological implication:
any model that pools observations across all regimes | including the OLS
event study in Section 4.4 | faces a heteroscedasticity problem. A sentiment
signal that may be detectable within the low-volatility YCC regime could be
swamped by noise in the high-volatility QT period.

3.3.3 Autocorrelation and Random Walk Behavior

Under the E�cient Market Hypothesis, asset price changes should be unpre-
dictable from their own history. Table 5 tests this proposition for both purchase
changes and yield changes.

Table 5: Autocorrelation Coe�cients of Purchase and Yield Changes

Series Lag 1 Lag 2 Lag 3 Lag 5

�Total Purchases �0.618 0.117 0.027 0.017
�2Y Yield 0.313 0.104 0.064 0.083
�10Y Yield 0.075 0.013 0.008 0.028
�30Y Yield 0.100 0.028 0.017 �0.020

Source: Calculations by authors

Purchase changes. The strong negative lag-1 autocorrelation (�0:618) is a
mechanical artifact of the BOJ's operational calendar. The BOJ rotates across
maturity buckets within each week: a large 5{10Y operation (¥3,250 billion) is
typically followed by a smaller <1Y or 1{3Y operation (¥1,000{3,000 billion),
generating an alternating pattern in the total amount. This oscillation carries
no economic content and vanishes at the bi-weekly frequency, as evidenced by
the near-zero autocorrelation at lag 3 (0.027) and lag 5 (0.017).

Yield changes. The 2Y maturity exhibits a moderate lag-1 autocorrelation
of 0.313, consistent with short-term momentum in policy rate expectations:
when the market begins to price in a rate hike, the adjustment tends to persist
over several days. By contrast, the 10Y and 30Y yield changes have lag-1 au-
tocorrelations of only 0.075 and 0.100, with all higher-order lags economically
negligible. This near-zero serial dependence at the long end is consistent with
a random walk process | the benchmark prediction under market e�ciency.

3.3.4 From Levels to Changes: Purchase{Yield Predictability

Section 3.2.3 established that the level correlation between yields and pur-
chases varies meaningfully across regimes (�0:67 to +0:54), re
ecting the
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shifting causal mechanism from active easing to normalization. We now ask a
sharper question: do changes in one series predict changes in the other?

Contemporaneous change correlation. Table 6 reports the Pearson cor-
relation between �Total purchases and �Yield, measured at the frequency of
individual purchase operations (N = 1;322).

Table 6: Correlation of Contemporaneous Changes: �Total Purchases vs.
�JGB Yields

Pair Pearson r p-value

�Total vs. �2Y 0.003 0.921
�Total vs. �10Y 0.012 0.671
�Total vs. �30Y �0.051 0.063

Source: Calculations by authors

In contrast to the strong level correlations in Table 1, the change correla-
tions are uniformly indistinguishable from zero. The strongest result, �Total
vs. �30Y (r = �0:051, p = 0:063), is directionally consistent with the sup-
ply channel | more purchases compress yields | but economically negligible.
This divergence between level and change correlations is characteristic of co-
integrated series: yields and purchases share common regime-level trends, but
their high-frequency innovations are driven by independent factors.

Lead{lag predictability. Table 7 tests whether yield levels predict subse-
quent purchase changes, completing the predictability assessment.

Table 7: Lead{Lag: Yield Level(t) vs. �Total Purchases(t+1)

Predictor Pearson r p-value

2Y Yield(t) �0.001 0.984
10Y Yield(t) �0.001 0.969
30Y Yield(t) �0.002 0.940

Source: Calculations by authors

All lead{lag correlations are virtually zero (jrj < 0:003, all p > 0:94). Yield
levels carry no detectable information about the direction or magnitude of the
next purchase operation. This is consistent with the pre-announced nature
of the BOJ's purchase schedule: the QT plan speci�es approximate quarterly
reduction targets, leaving minimal scope for yield-contingent adjustments at
the individual operation level.

20



Analyzing policies of Bank of Japan with Large Language Models

3.3.5 Summary and Transition to the NLP Analysis

The results of this section de�ne three properties of the JGB market that
constrain any attempt to predict yields or purchases from external information:

1. Yield changes are approximately unpredictable. Long-end yields
follow a near-random walk with fat tails (excess kurtosis 9{49), implying
a very low signal-to-noise ratio for any point forecast.

2. Volatility is regime-dependent. The fourfold increase in 2Y volatil-
ity from the YCC era to QT, and the peak in 30Y volatility during nor-
malization, mean that a model pooling across regimes faces structural
heteroscedasticity.

3. Changes in purchases and yields are independent. Despite strong
level co-movement across regimes (Section 3.2.3), the changes are uncor-
related both contemporaneously and in lead{lag structure. Observable
quantitative data contains no exploitable short-horizon predictive infor-
mation.

This establishes the null hypothesis for Section 4: if BOJ speeches con-
tained forward-looking information not yet re
ected in market prices, we would
expect the NLP-derived hawkish-dovish scores to exhibit predictive power for
yield changes beyond the zero-correlation baseline established here. As we
will show, the FinBERT-based scores (Section 4.2) yield correlations below
jrj = 0:08 with yield changes (Table 7), and regression-based event studies
(Section 4.4) produce negative out-of-sample R2 across all maturities. Com-
bined with the unpredictability baseline of this section, these �ndings provide
converging evidence for the semi-strong form of the E�cient Market Hypoth-
esis in the JGB market.
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4 NLP Analysis

We collected speeches and announcements text data of the BOJ from 1996 to
2025 from the BIS website. After our double-check by manually searching on
the BOJ's o�cial website and comparing the search results with the text data
from BIS website, we veri�ed that the BIS data is directly taken from the BOJ
o�cial website so can be trusted and used for our research.

Of all 20116 lines of text, we selected 807 lines of text we think are related
to the BOJ based on key words. The length (word count) of the text (full
content of speeches or announcements) ranges from 159 to 11460, with mean
equal to 3762.19 and median equal to 3860.

Table 8: Distribution of text length

Category Number

count 807
mean 3762.19
std 2170.72
min 159
25% 1751
50% 3860
75% 5240.5
max 11460

4.1 Future Oriented Detection

Our �rst analysis is to detect if each speech is future-oriented. In contrast
to the alternative of simply prompting a generative model such as GPT with
a question like \Is this speech future-oriented?", our approach intentionally
avoids treating the task as a black-box text completion problem. A single
GPT prompt would rely on the model's opaque next-token prediction, which
can produce a 
uent but ungrounded answer that re
ects the model's train-
ing biases rather than the evidence in the speech itself, and it provides no
audit trail for the decision. We instead decompose the detection into two
transparent, rule-integrated stages-an embedding-based cosine similarity with
explicit future/non-future examples and a question-answering model that ex-
tracts spans containing future indicators, so that every classi�cation is trace-
able to speci�c textual evidence, the con�dence scores have an objective basis,
and the entire pipeline remains interpretable and scienti�cally auditable.

For that we use two approaches (models). Our �rst approach is using
albert-xxlarge-v2 QA model with all-MiniLM-L6-v2 model as embedding. Our
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second approach is zero-shot classi�cation with distilbart-mnli-12-1 model.
The primary results are: The �rst QA model detected 360/807 future-

oriented texts; the second zero-shot model detected 412/807 future-oriented
texts. Two results diverge and converge around 50%, and con�dence levels for
two models are not signi�cant enough. To solve the problem, we introduce an
improvement on the �rst QA model.

The original methodology for the �rst model consists of 2 layers: the �rst
layer is embedding cosine similarity classi�cation. First we design two sets
of examples used in embedding, futureexamples and nonfuture examples,
whose details can be seen in appendix. Then we use these examples to cal-
culate cosine similarity respectively, futuresim and non future sim, with
dif f score = future sim � non future sim. Then based on the sign of
dif f score, we determine the label of �rst embedding layer, with con�dence
level calculated using sigmoid-like scaling:

conf idence =
2

1 + e�10jdif f scorej
� 1

Figure 5: Sigmoid Function

The second layer is QA classi�cation with albert-xxlarge-v2 model. Simi-
larly we design a question list as part of the input for the QA model. Then to
analyze the output, we collect some future indicator words.

Then we calculate the percentage of future indicators appearing in output
in all future indicators, as yesratio. If yes ratio � 0:4, we identify the result
as \yes", with conf idence = 0:6+0:4 yes ratio; if yes ratio � 0:2, we identify
the result as \no", with conf idence = 0:6 + 0:4 (1 � yes ratio); if 0:2 <
yes ratio < 0:4, we identify the result as \unclear", with conf idence = 0:5.

Then we combine the two layers: if the con�dence level of �rst layer is al-
ready larger than 0.75, then we take the result of �rst layer directly; otherwise,
we turn to the second layer: if the result of second layer is \unclear", we take
the result of �rst layer; otherwise, if the results of �rst layer and second layer
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Table 9: Future indicators given questions

QA question list Future indicators

\What will happen in the future?" `will', `shall', `expect', `anticipate',
\What are the future plans?" `plan', `future', `next', `coming',
\What is expected next?" `upcoming', `ahead', `project',
\What are the upcoming developments?" `forecast', `predict', `outlook',
\What is the outlook?" `going', `gonna'

Table 10: Criteria and Con�dence

yes ratio Result Con�dence

� 0:4 \yes" 0:6 + 0:4 yes ratio
� 0:2 \no" 0:6 + 0:4 (1 � yes ratio)

(0:2; 0:4) \unclear" 0.5

are the same, then we take the result and increase the con�dence level by 0.1,
i.e. conf idencenew = min(conf idence old + 0:1; 1); if the results are di�erent,
we take the result with higher con�dence level, i.e.

result = result � arg max
�2flayer 1 ;layer 2g

fconf idence � g

The 
owchart can be seen in appendix.
To improve the original model, we redesign the con�dence function to what

it's like now. And we add the function of locating the place where the model
output the answer based, so we can monitor the performance of the model and
make improvement manually accordingly. The new result is quite di�erent
from old result, and move closer to the result of second zero-shot model: the
new model detected 463/807 future-oriented texts.

4.2 Future Directions: From Classi�cation to Policy
Stance Index

While the binary future-orientation classi�cation provides a preliminary �lter,
it lacks the granularity required for �nancial application. Our next step in-
volves constructing a BOJ Policy Stance Index (BOJ-PSI) using a �ne-tuned
Financial PhraseBank model. By regressing the NLP-derived hawkish/dovish
scores against the JGB purchase anomalies identi�ed in Section 3.1.2 (The
July Anomaly), we aim to test the hypothesis that BOJ verbal interventions
precede and predict actual position adjustments. Furthermore, we will employ
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the frontier LLM model to conduct a narrative analysis of the dissenting opin-
ions in the September 2025 MPM to quantify the degree of Policy Committee
Fragmentation, a variable often leading to increased volatility in JGB futures.
This multi-layered NLP approach transforms text from a static corpus into a
dynamic leading indicator for Japanese �xed income positioning.

We use hawkishdovish score to represent the result of BOJ Policy Stance
Index, theoretically ranging from -1 to 1, with negative value representing
dovish/easing signals (e.g., rate cuts, stimulus) and positive value representing
hawkish/tightening signals (e.g., rate hikes, �ghting in
ation).

The hawkish dovish score is a weighted combination of sentimentscore
and keywordscore, which means hawkishdovish score = ��sentiment score+
(1 � �) � keyword score, with � = 0:7.

The sentiment score is directly derived from FinBERT model. We use Fin-
BERT sentiment score because in �nancial context, \positive" typically means
strong economy and moderately rising in
ation, so tightening policy is needed
(hawkish); while \negative" typically means weak economy and de
ation risk,
so easing policy is needed (dovish).

For keyword score, we count hawkishcount and dovishcount from hawk-
ish keywords and dovish keywords (see appendix), and the keywordscore is
calculated with

keyword score =
hawkish count � dovish count

max(hawkish count + dovish count; 1)

to normalize it to -1 to +1.
The classi�cation is simple: based on the �nal score, scores greater than 0.3

are Hawkish, scores less than -0.3 are Dovish, and scores between are Neutral.
And the �nal result is overally more dovish, with score ranging from -0.9586
to +0.6768, mean equal to -0.1546 and median equal to -0.1294.

Table 11: Overall score distribution

Category Number

count 807
mean -0.1546
median -0.1294
std 0.2623
min -0.9586
max 0.6768

For broader distribution, most speeches (645, covering 79.9%) are more
neutral, with only 147 (18.2%) more dovish and 15 (1.9%) more hawkish. The
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dovish/hawkish percentage is relatively small because we set the threshold at
�0:3. And the fact that very few speeches take a tightening stance aligns with
Japan's prolonged low-interest-rate environment.

Figure 6: Hawkish-Dovish Score distribution

(a) Distribution of Hawkish-Dovish Scores (b) Score Distribution by Stance

(c) Distribution of Stances (d) Score Density by Stance

For the time trend, the model successfully detects 2 times from 1996 to
2004 when the speeches are extremely passive: after the 1998 Asian Financial
Crisis, and after 2001 the bursting of dot-com bubble. At other times, the
scores are more neutral or moderately dovish, with rare hawkish peaks.

The scatter plots demonstrate a relatively strong correlation between Fin-
BERT sentiment scores and keyword-based scores. So the combined approach
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Figure 7: Hawkish-Dovish Score trend

(a) Annual Average Hawkish-Dovish Score Trend

(b) Monthly Hawkish-Dovish Score Trend

(c) Sentiment Probability Trends Over Time

(70% sentiment + 30% keywords) produces well-calibrated results. For con�-
dence, dovish speeches tend to have higher sentiment con�dence (more decisive
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negative language), while neutral speeches tend to cluster in the middle con�-
dence range, and hawkish speeches show moderate con�dence.

Figure 8: Hawkish-Dovish Score scattering

(a) Sentiment Score vs Keyword Score (b) Positive vs Negative Probability

(c) Score vs Sentiment Con�dence (d) Keywords Count vs Final Score

The hawkish dovish score and the 10-year JGB yield show limited positive
correlation before 2010. After 2010 experiencing the \lost decade", in order to
get rid of long-term de
ation, the BOJ launched QQE (Quantitative and Quali-
tative Monetary Easing) in 2013, pushing the yield further lower, even negative
in certain times. The hawkish dovish score fails to capture this big U-shape
yield decreasing and rebounding trend, due to the limitations of the amount
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