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Abstract

We construct a 27-year meeting-level corpus of 291 Bank of Korea Monetary Policy
Board (MPB) statements and build a comprehensive probabilistic forecasting frame-
work for policy-rate decisions, combining five nested feature sets—macro fundamentals
(FS1), text-dissimilarity lags (FS2), their combination (FS3), BERT-based pre-meeting
news sentiment (FS4), and rate-surprise proxies (FS5)—with three classifiers under a
strict expanding-window protocol evaluated with proper scoring rules. The lead find-
ing is a non-monotone horizon profile: across all 45 model-feature-set—horizon experi-
ments, the h = 2 ahead forecast consistently underperforms both h =1 and h = 3 (34
of 45 cases), interpreted as evidence of BOK pre-announcement signalling that creates
a zone of maximum timing uncertainty at the two-meeting horizon. Mincer-Zarnowitz
rationality tests reveal that only RF models with combined text and macro features
(FS3-FS5) satisfy the joint null @ =0, 5 =1 (Pjoint € {0.106,0.147,0.149}), while the
remaining 12 of 15 combinations systematically over-predict rate-change probabilities
(B <1, Dioint < 0.05). Statement-text features alone (FS2) add no detectable Brier-loss
improvement over macro fundamentals—Diebold-Mariano t-statistics are uniformly
negative for FS2 across all model families. Only when text is combined with macro
variables (FS3-FS5) does the improvement become statistically significant, confirmed
by Clark-West tests for RF and XGBoost (p < 0.01). Negative rolling out-of-sample
Brier Skill Scores reflect systematic over-prediction (miscalibration) rather than an
absence of discriminative ability: a Brier-score decomposition shows positive discrim-
ination components for all RF specifications, with miscalibration as the sole driver
of negative skill. In a demanding governor hold-out test (n = 32 meetings covering
the 2022-2026 inflationary tightening cycle), RF with BERT news sentiment achieves
ROC-AUC of 0.718 versus a macro-only baseline of 0.632.
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1 Introduction

Central banks have progressively elevated communication from a supplementary activity
to a primary instrument of monetary policy. Forward guidance—the public signalling of
the intended future path of interest rates—anchors private-sector expectations and reduces
macroeconomic uncertainty in ways that the overnight rate alone cannot achieve (Blinder et
al., 2008; |Svensson|, [2005)). The post-2008 era of constrained conventional tools accelerated
this shift dramatically: major central banks issued explicit forward-guidance commitments,
and the statements, minutes, and speeches of committee members became closely watched
documents for investors, risk managers, and macroeconomic modellers alike (Gurkaynak et
al.l 2005; [Lucca and Trebbi, 2009). This heightened policy role of language has spurred
a rapidly growing academic literature that applies natural language processing (NLP) to
official communications in order to measure policy stance, decode committee deliberations,
and forecast future decisions.

The literature on extracting policy signals from central-bank text has expanded substan-
tially over the past decade, driven largely by the richness of Federal Reserve communica-
tions. Hansen and McMahon (2016)) decompose FOMC transcript content into deliberative
and communicative components, showing that the deliberative dimension predicts future
macroeconomic outcomes; Hansen, McMahon and Prat| (2018)) further demonstrate that
Bernanke-era transparency reforms fundamentally altered the character of internal commit-
tee deliberations. A particularly striking result is reported by [Shapiro and Wilson (2022]),
who exploit FOMC meeting transcripts to recover an implicit inflation target of approxi-
mately 1.5% —significantly below the 2% target officially announced in 2012-—and show that
the sentiment embedded in Federal Reserve narratives predicts errors in published point fore-
casts of unemployment and GDP growth up to four quarters ahead. These findings establish
that central-bank text carries substantial information beyond the mechanical rate decision
and that this information is amenable to systematic quantitative extraction.

The scope of the literature has widened alongside its methodological foundations. Park,
Lee and Cho (2023) propose a keyword-emergence framework applied to Federal Reserve
speeches from 1997 to 2019 and demonstrate that the phrase “subprime mortgage” increased
in frequency by more than 400% in Fed speeches during the second quarter of 2007—well
ahead of the 2008 crisis and without any comparable signal in newspaper coverage at the
same time. Their results suggest that the textual record of central-bank communications

can serve as a genuine early-warning device for systemic financial risk. Taking a longitudinal



perspective, Ruman| (2023)) compares FOMC discourse under the Volcker and Powell chairs
using latent Dirichlet allocation and keyword-in-context analysis, finding that the term “in-
flation” appears on average 97 times per document under Powell versus only 31 times under
Volcker—a three-fold difference that encodes a fundamental shift in how the Federal Re-
serve defines its mandate across policy regimes. Together, these contributions illustrate the
remarkable breadth of information embedded in central-bank language, spanning near-term
risk identification, multi-decade institutional change, and implicit preference revelation.

The introduction of transformer-based language models has further accelerated method-
ological progress. (Chen et al.[(2023)) fine-tune FinBERT on 32 330 FOMC sentences and show
that domain-specific adaptation raises overall sentiment classification accuracy by 5.0%, and
by 17.4% on the complex, contrastive sentences that are most prevalent in policy minutes—an
improvement of more than 20 percentage points on sentences containing the contrastive con-
junction “but”. Doh, Song and Yang| (2025) adopt a structurally richer approach, modelling
each released FOMC statement as a point on a dovish-hawkish continuum by projecting
it onto staff-drafted alternative statements using a fine-tuned Universal Sentence Encoder;
their text-based monetary-policy surprise metric correlates 0.70-0.80 with high-frequency
market-based surprises, and contractionary text surprises reduce equity prices and raise
short-term Treasury yields in patterns consistent with standard event-study benchmarks.
The convergence of domain-adapted language models and rich central-bank text archives
has thus created powerful tools for quantifying the full information content of monetary-
policy communications.

A related and more operationally focused strand of literature concerns the probabilis-
tic prediction of future policy-rate decisions. |Genre et al. (2013) and [Mitchell and Hall
(2005) advocate proper scoring rules—Brier Score, Ranked Probability Score, KLIC-based
density evaluation—for assessing policy-probability models and establish that these met-
rics penalise overconfident forecasts in ways that mean-squared error does not. For non-US
central banks, Apel and Blix Grimaldi (2012) and Hubert| (2017) show that text from Riks-
bank and ECB communications carries incremental predictive power over macro projections
for future policy decisions. In the Korean context, |Lee, Kim and Park (2019) construct
news-based text measures that capture monetary-policy surprises, and [Kim and Park! (2023))
apply text-dissimilarity lags between adjacent BOK statements as a forecasting variable.
Machine-learning classifiers—random forests, gradient boosting—consistently improve on

linear benchmarks for macro-variable forecasting (Medeiros et al., [2021), and the combina-



tion of text and macro features within ensemble methods represents a natural extension of
this work to the policy-classification task.

Despite this rapid progress, three significant gaps remain. First, the overwhelming ma-
jority of NLP-based central-bank studies focuses on the Federal Reserve and other major in-
stitutions communicating in English, with limited systematic evidence on central banks that
operate in non-English languages and distinct institutional settings. Korea’s Monetary Policy
Board is a methodologically valuable test case: as the central bank of a major open econ-
omy, BOK communications span prolonged low-inflation easing cycles and acute inflationary
tightening episodes, generating the linguistic and rate-change heterogeneity needed to iden-
tify when text-based features add forecasting value over macro fundamentals alone. More-
over, the language-model classification framework of Silva et al. (2025), applied to 74,882
documents from 169 central banks including the BOK, confirms that Korean monetary-
policy text is amenable to the same quantitative analysis as major-currency institutions.
Second, text-based forecasting features are rarely evaluated with proper scoring rules that
test whether textual information produces well-calibrated probability estimates, not merely
improved rank-ordering accuracy. Whether models that outperform on ROC-AUC also pro-
duce reliable probability assessments that pass the Mincer-Zarnowitz rationality test (Mincer
and Zarnowitzl, [1969)—the joint hypothesis & = 0, B = 1 in the regression of realisations on
forecasts—remains largely unexamined. Third, the marginal gain from augmenting macro
fundamentals with text features is seldom subjected to the nested-model statistical tests
appropriate for this comparison; the |Clark and West, (2007)) finite-sample correction is par-
ticularly important when the augmented model nests the benchmark.

This paper addresses all three gaps through a comprehensive probabilistic forecasting
study for the Bank of Korea (BOK) Monetary Policy Board (MPB), using a 291-statement
corpus spanning January 1999 to April 2026. We make five contributions.

First, we conduct the first systematic multi-horizon forecasting study for BOK rate de-
cisions, predicting the probability of a rate change one, two, and three meetings ahead.
We document a non-monotone horizon degradation pattern—the h = 2 horizon is consis-
tently harder to predict than either h = 1 or h = 3 (34 of 45 model-feature-set—horizon
experiments)—and interpret this as evidence of BOK pre-announcement signalling at the
three-meeting horizon that creates maximum timing uncertainty at the two-meeting win-
dow.

Second, we deliver the first systematic calibration and rationality analysis of central-



bank policy-probability forecasts produced by machine-learning classifiers. Mincer-Zarnowitz
rationality tests (Mincer and Zarnowitz, |1969) reveal that only three of the 15 model-feature-
set combinations—RF /FS3, RF/FS4, and RF /FS5—fail to reject the joint null & = 0, § = 1,
with pioint € {0.106,0.147,0.149}. All 12 remaining combinations—every Logit and XGBoost
specification, and RF with macro-only or text-only features—reject rationality at the 5%
level, systematically over-predicting rate-change probabilities (B < 1). This finding has
direct implications for users of policy-probability models: only models that combine text with
macro features yield forecasts that can be treated as bona fide probabilities without post-
hoc recalibration. Expected calibration error (ECE) analysis corroborates this hierarchy: RF
forecasts (ECE ~ 0.09-0.13) are substantially better calibrated than Logit (ECE ~ 0.22—
0.23), and Platt scaling reduces ECE for RF/FS4 from 0.110 to 0.072 without improving
discrimination.

Third, we construct a nested feature set hierarchy that separates the contributions
of macroeconomic variables (FS1), lexical text-dissimilarity lags (F'S2), their combination
(FS3), BERT-based pre-meeting news sentiment (FS4), and a text—news surprise gap (FS5).
Evaluating each set under a strict expanding-window protocol with proper scoring rules al-
lows us to attribute marginal forecasting gains to each information source, with Clark-West
tests providing formal statistical inference on the nested comparisons. A striking negative
result emerges: statement-text features alone (FS2) fail to reduce Brier loss relative to the
macro-only benchmark for any of the three classifiers; Diebold-Mariano t¢-statistics for F'S2
vs. FS1 are uniformly negative.

Fourth, we fine-tune a BERT model (KLUE-BERT-base, Park et al 2021)) on a labelled
corpus of Korean monetary-policy news articles to produce meeting-level hawkishness scores.
These scores, combined with the statement-text dissimilarity lags, form FS4 and represent a
new approach to integrating central-bank text with the surrounding information environment
for a non-English central bank.

Fifth, we test whether conditional GAN (CTGAN) augmentation of the minority class
(21% rate changes) improves on simple inverse-frequency class weighting. With only ~ 25
historical minority-class observations available for generator training, class-weighting remains

competitive and CTGAN does not improve out-of-sample AUC.

Related literature. This paper connects three strands of work. First, a large and growing
literature documents that central-bank language contains information beyond the mechani-

cal rate decision (Blinder et all 2008). FOMC-focused work shows that transcript content



predicts macro outcomes and reflects transparency reforms (Hansen and McMahon, 2016}
Hansen, McMahon and Prat| [2018)); text analysis recovers implicit central-bank objectives
that differ from publicly stated targets (Shapiro and Wilson, 2022); and keyword-emergence
methods applied to Fed speeches identify systemic risk factors ex ante (Park, Lee and Chol,
2023)). Cross-era topic modelling reveals how mandate interpretation shifts across policy
regimes (Ruman, 2023)). Domain-adapted language models, including fine-tuned FinBERT
(Chen et al. [2023) and statement-embedding approaches (Doh, Song and Yang, [2025),
have raised the bar for measuring policy stance from text. A related frontier concerns
the incremental information across communication channels: (Chen et al.| (2026) construct
a PLMIS index—the additional linguistic content in FOMC Minutes beyond the accom-
panying Statement—using large language models validated by a 30-minute high-frequency
event study with Treasury futures. Topic-level classification reveals that “views on the re-
cent economy” and “forward guidance” carry opposing market effects, establishing that text
features should ideally distinguish the information type embedded in central-bank language.
Our finding that BERT news sentiment (FS4) outperforms statement text dissimilarity in
the governor hold-out is consistent with news sentiment being richer in forward-guidance
content during the sharp 2022-2023 tightening cycle, and motivates future extensions that
incorporate BOK press-conference transcripts alongside the statements studied here. For
Korea, [Lee, Kim and Park (2019) and Kim and Park| (2023) document that text dissimi-
larity and news measures carry monetary-policy information. Second, proper scoring rules
for policy-probability models are advocated by (Genre et al| (2013)) and |Mitchell and Hall
(2005); calibration testing via the Mincer-Zarnowitz criterion (Mincer and Zarnowitz, |1969)
provides a complementary rationality standard that is rarely applied to central-bank fore-
casting. Third, ensemble methods consistently improve on linear benchmarks for macro
forecasting (Medeiros et al., [2021)), and class imbalance in rare-event classification is ad-
dressed via SMOTE (Chawla et al., |2002) and GAN-based oversampling (Xu et al., 2019).

The remainder of the paper proceeds as follows. Section [2] presents the data, text features,
and forecasting methodology. Section [3| reports single-period forecasting results including
calibration analysis, statistical forecast comparison tests, and combination forecasts. Sec-
tion [4| presents multi-horizon analysis. Section [5| provides robustness tests including class-
imbalance correction, market-reaction corroboration, and economic value of the forecasts.

Section [6] concludes.



2 Data, Text Features, and Methodology

2.1 Institutional setting and corpus

The Monetary Policy Board is the BOK’s decision-making body for monetary policy. After
each meeting it releases a Korean-language policy statement summarising the rate decision
and the Board’s assessment of economic conditions. MPB meetings were held monthly
through 2016 and generally eight times per year since then.

We collect all available MPB statements from January 1999 to April 2026, yielding 291
statements attributed to seven governor terms (Tables . Policy actions are parsed from

the decision paragraph and validated against the ECOS daily BOK base-rate series.

Table 1: Statement corpus summary

Item Value
Sample start 1999-01-07
Sample end 2026-04-10
Statements 291
Rate hikes 28
Rate cuts 31
No-change decisions 230
Unknown 2
BOK governors 7

Notes: Two early 1999 statements cannot

be mapped to a signed action.



Table 2: Governor-term coverage

Governor term First statement Last statement Meetings Hikes Cuts Change share
Chulhwan Jeon  1999-01-07 2002-03-07 39 1 6 0.179
Seung Park 2002-04-04 2006-03-09 48 5 4 0.188
Sungtae Lee 2006-04-07 2010-03-11 48 5 ) 0.208
Choongsoo Kim  2010-04-09 2014-03-13 47 5 3 0.170
Juyeol Lee I 2014-04-10 2018-02-27 43 1 5 0.140
Juyeol Lee II 2018-04-12 2022-02-24 33 4 4 0.242
Changyong Rhee 2022-05-26 2026-04-10 32 6 4 0.313

Notes: One April 2022 interregnum statement is excluded.

Daily financial data come from ECOS: the one-day call rate, 3- and 5-year Korean Trea-
sury bond yields, the KRW/USD exchange rate, and the KOSPI. The forecasting dataset
merges these series with statement-level text features at the meeting frequency. Macroeco-
nomic predictors include the Taylor-rule deviation (basic and credit-augmented), inflation
gap, GDP growth gap, and credit gap, all measured at the one-quarter lag. For meetings
with coverage from 2005 onwards (228 meetings), we collect Yonhap News Agency articles
in the five-day pre-meeting window, yielding 6,225 pre-meeting articles (27.3 per meeting on

average).

2.2 Text-dissimilarity measures and news sentiment

Let d; denote the cleaned text of the MPB statement at meeting t. The cosine similarity to

the preceding statement is
VU1

vl l[oe— "

(1)

Similarity, =

where v; is a vector representation. We compute three classical lexical measures (word-
count, TF-IDF, and character n-gram cosine) and use the three dissimilarity lags {1 —
Similarity, , };_, as predictors. These capture both the degree of language change at the
most recent meeting and its momentum over prior meetings.

We fine-tune KLUE-BERT-base as a three-class sentiment classifier (Dovish / Neutral /
Hawkish) on 1,200 labelled BOK-related news headlines, using weighted cross-entropy loss

and early stopping on validation Brier Score. For each meeting ¢, the mean hawkishness



score is
- 1 &
ht = n_zsh Si € {_1707+1}7 (2)
bzt
where n; is the number of pre-meeting articles. The sentiment distribution across 6,225
articles is: Neutral 43%, Hawkish 33%, Dovish 24%, with meeting-level hawk scores ranging
from —0.67 to +0.67 (mean +0.05).

Following Romer and Romer| (2004), we also define a text-news surprise gap:
SurpriseGap, = z(h;) — z(Similarity,), (3)

where z(-) denotes cross-sectional standardisation. A positive gap indicates that pre-meeting
news is more hawkish than statement-text similarity implies, signalling information that the
BOK’s prior statement had not yet reflected.

Table [3| defines the five nested feature sets used throughout the paper.

Table 3: Feature set definitions

1D Name Contents

FS1 Macro only Taylor deviation (basic, credit), inflation
gap, GDP growth gap, credit gap, call-base
spread (6 features)

FS2 Text only Dissimilarity lags 1-3 (Count, TF-IDF,
Char), novelty lags 1-3, hawkish/dovish
share lags, stance balance, topic en-
tropy/change (17 features)

FS3  Text + Macro FS1 U FS2 (23 features)

FS4 Text + Macro + News FS3 + BERT hawk score h;, hawk trend,
z(hy) (26 features)

FS5 Text + Macro + Surprise FS3 + surprise gap (TF-IDF and Char vari-

ants, 25 features)

Notes: All predictors are lagged by one meeting relative to the predicted outcome to ensure no

look-ahead at the forecasting step.
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2.3 Probabilistic forecasting framework

Targets. We consider two prediction targets: (i) a binary rate change, y?™ = 1{Ar; # 0}

(47 of 222 meetings, 21.2%); and (ii) an ordinal direction, y* € {0, 1,2} for cut, hold, hike.
For multi-horizon forecasting we additionally define yl)f}l for h € {1,2,3}.

Expanding-window protocol. We employ a strict expanding-window approach with a
minimum training window of 60 meetings (~ 5 years): ﬁﬁh) = fi_1(zy), where f;_1 is a
classifier fitted on all observations up to ¢ — 1 and z; contains only data available before
meeting t. Continuous features are standardised using training-set statistics at each step (no

leakage). The OOS evaluation spans October 2009 to April 2026.

Models. We evaluate three classifiers: (i) Logit: L2-regularised logistic regression (C' = 1)
with inverse-frequency class weights; (ii) RF: Random forest (500 trees, minimum leaf 3)
with balanced class weights; and (iii) XGBoost: 100 rounds, max depth 3, learning rate 0.05,
with scale_pos_weight equal to the majority /minority ratio. For ordinal prediction we use

an ordered probit.

Scoring rules. Binary forecasts are assessed with the Brier Skill Score

BS 1
BSS=1—-———, BS=—-)> (p—u) (4)
y(1—7) 7j:%:
and ROC-AUC. A positive BSS indicates improvement over the climatological base rate .
Because different proper scoring rules rank competing imperfect forecasters differently even

in the limit (Patton, 2020]), we also report the Log Score Skill Score

LogS
LogS. i,

clim

LogSS =1 — LogS, = — [yt log pr + (1 — y) log(1 — ﬁt)]a (5)
where LogS ., = —[ylogy+ (1 —7)log(1 —7)] is the entropy of the base rate (Waghmar and
Ziegel, 2025)). Ordinal forecasts use the Ranked Probability Skill Score (RPSS). The Brier
Score decomposes into three interpretable components (Murphy, [1973; |Gneiting and Resin,
2023):

BS = MCB — DSC + UNC |, (6)
iscalib discri uncertainty



where MCB (miscalibration) measures mean squared deviation of forecasts from conditional
event frequencies, DSC (discrimination) measures the resolution of conditional frequen-
cies around the climatology, and UNC = g(1 — g) is the climatological variance. Since
BSS = (DSC — MCB)/UNC, negative BSS is not evidence of zero discrimination—it means

calibration error exceeds the discrimination signal.

3 Forecasting Results

3.1 Binary rate-change forecasting

Table [4 reports OOS binary forecasting scores for 15 model-feature-set combinations, plus

three equal-weight forecast combinations described in Section [3.7]

Table 4: Out-of-sample binary rate-change forecasting scores (h = 1)

Model Feature set N BS BSS LogSS AUC Accuracy Balanced accuracy
RF FS1 Macro 162 0.169 —0.042 —0.080 0.561 0.784 0.571
RF FS2 Text only 162 0.176 —0.086 —0.065 0.510 0.796 0.523
RF FS3 Text+Macro 162 0.165 —0.018 —0.022 0.562 0.803 0.560
RF FS4 Text+Macro+News 157 0.167 —0.004 —0.014 0.561 0.803 0.564
RF FS5 Text+Macro+Surp 158 0.166 —0.002 —0.012 0.588 0.804 0.564
XGBoost FS1 Macro 162 0.202 —0.243 —0.213 0.556 0.710 0.547
XGBoost FS2 Text only 162 0.209 —0.289 —0.233 0.467 0.710 0.525
XGBoost FS3 Text+Macro 162 0.193 —0.188 —0.182 0.515 0.759 0.533
XGBoost FS4 Text+Macro+News 157 0.188 —0.132 —0.145 0.538 0.771 0.566
XGBoost FS5 Text+Macro+4-Surp 158 0.187 —0.132 —0.134 0.583 0.741 0.546
Logit FS1 Macro 162 0.217 —0.337 —0.239 0.552 0.698 0.562
Logit F'S2 Text only 162 0.229 —0.409 —0.292 0.484 0.654 0.512
Logit FS3 Text+Macro 162 0.226 —0.391 —0.311 0.573 0.648 0.531
Logit FS4 Text+Macro+News 157 0.235 —0.415 —0.343 0.563 0.643 0.563
Logit FS5 Text+Macro+4-Surp 158 0.225 —0.360 —0.319 0.601 0.646 0.531
Combination RF all-FS (equal-weight) 162 0.162 +0.001 — 0.563 0.809 0.553
Combination FS3 (RF+XGB+Logit mean) 162 0.180 —0.110 — 0.553 0.760 0.552
Combination FS4 (RF4+XGB+Logit mean) 157 0.182 —0.096 — 0.555 0.771 0.565

Notes: OOS period: October 2009 — April 2026. N varies because news features (FS4, FS5) are
available from 2005. BSS and LogSS are relative to their respective climatological benchmarks
(base rate 0.212). Model rankings are consistent across both scoring rules (Spearman p = 0.80),
confirming robustness of the hierarchy to scoring-rule choice (Pattonl |2020; Waghmar and Ziegel,

2025)). LogSS not reported for combination forecasts.
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All BSS values are negative, a well-known consequence of applying ensemble classifiers
to rare events under class imbalance. Despite poor calibration, AUC is meaningfully above
0.5, indicating genuine discriminative ability. The surprise gap (FS5) provides the most
consistent AUC improvement across all three model families. Adding text over the macro
baseline improves Logit AUC (40.021 for FS1 to FS3) but does not reliably help tree-
based models, suggesting that ensemble structure partially captures text information through

feature interactions.

3.2 Ordinal rate-direction forecasting

Table [5| reports RPSS for the three-class ordinal prediction problem. RF with FS4 achieves
the highest RPSS (+0.158), indicating that BERT news sentiment variables improve three-
class probability forecasts substantially. All RF specifications with macro features produce

positive RPSS, while linear and boosting models remain below the climatological baseline.

Table 5: Ordinal rate-direction forecasting: Ranked Probability Skill Score

Model Feature set N  RPSS
RF FS1 Macro 162 +0.036
RF FS2 Text only 162 —0.021
RF FS3 Text+Macro 162 +0.051
RF FS4 Text+Macro+News 157 +0.158
RF FS5 Text+Macro+Surp 158 +40.131
Logit FS1 Macro 162 —0.092
Logit FS3 Text+Macro 162 —0.163
Logit FS4 Text-+Macro+News 157 —0.208
XGBoost FS1 Macro 162 —0.011
XGBoost FS3 Text+Macro 162 —0.043

Notes: RPSS > 0 indicates improvement over climatological class-frequency

forecasts.

3.3 Feature importance

Figure (1| shows Gini-based feature importances from RF trained on FS4. Text-dissimilarity

lags dominate: the five highest-importance features are all dissimilarity lags (TF-IDF and
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Count, lags 1-3). Macro features (Taylor deviation, credit gap) rank above news sentiment
variables. The dominance of multiple dissimilarity lags suggests that text-change dynam-
ics accumulate over several meetings before a rate action, consistent with the gradualism

documented in the policy forecasting literature.

Random Forest Feature Importance
Rate-Change Prediction, All Governors (Text + Macro)

Dissimilarity lag 5
Dissimilarity lag 1
Macro index (TR2)
Dissimilarity lag 4
Dissimilarity lag 6
Dissimilarity lag 2
Dissimilarity lag 3

Korea-US rate gap

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
Feature importance (Gini)

Figure 1: Random forest Gini feature importance for binary rate-change prediction (FS4:
Text + Macro + News).

3.4 Governor hold-out test

To assess cross-regime generalisation, we train on all meetings before Governor Rhee Changy-
ong’s term (190 meetings, 1999-2022) and test on Rhee’s term (32 meetings, May 2022 —
April 2026). This is a demanding test: Rhee inherited a sharply different inflationary envi-
ronment, and the 2022-2023 tightening cycle represents a regime shift relative to the prior
decade. Table [6] reports results; Figure [2] visualises BSS across all model-feature-set combi-

nations.
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Table 6: Governor hold-out: train on governors 1-6, test on Rhee Changyong (2022-2026)

Model Feature set Nivain  Niest BS BSS AUC
RF FS1 Macro 190 32 0.196 +0.088  0.632
RF FS2 Text only 190 32 0.227  —0.058 0.446
RF FS3 Text-+Macro 190 32 0.206 +0.043 0.636
RF FS4 Text+Macro+News 185 32 0.192 +0.107 0.718
RF FS5 Text+Macro+Surp 186 32 0.214 +0.006  0.577
XGBoost FS1 Macro 190 32 0.193 +0.102 0.646
XGBoost FS3 Text-+Macro 190 32  0.205 40.046 0.568
XGBoost  FS4 Text+Macro+News 185 32 0.202 +0.061 0.668
Logit FS1 Macro 190 32 0303 —0.410 0.664
Logit FS3 Text+Macro 190 32 0445 —1.073 0.396
Logit FS4 Text+Macro+News 185 32 0427 —0.988 0.455

Notes: RF with FS4 (bold) achieves the best hold-out performance. BSS is positive for most
RF specifications, confirming genuine probabilistic skill in the hold-out period. Logit’s negative

BSS reflects severe miscalibration outside the training distribution.

Governor Hold-Out BSS — Test on Rhee Changyong (2022-2026)
Trained on all prior governors (1999-2022)

0.4
FS1_macro - 0.088 0.102
0.3
FS2_text - -0.058 -0.101 0.2
FS3_text_macro - 0.043 0.046 - 0.1
FS4_text_macro_news - 0.107 0.061 -0.0
--0.1
FS5_text_macro_surp - 0.006 0.069
--0.2
NS o o
\’OQ‘ 0(3 o®
60((& *0%
«@®

Figure 2: Governor hold-out BSS heatmap across all model-feature-set combinations. RF
dominates with positive BSS for FS1, FS3-FS5. Logit incurs large negative BSS due to
miscalibration under the regime shift.

RF with F'S4 achieves a hold-out ROC-AUC of 0.718 and positive BSS (+0.107). Adding
BERT news sentiment (FS3 to FS4) raises RF hold-out AUC by 0.082, a practically meaning-
ful improvement. By contrast, in the full rolling OOS (Table 4)) FS4 shows only a marginal
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AUC gain over FS3, suggesting that news sentiment is most valuable during high-volatility
periods when pre-meeting news more reliably anticipates an unusual tightening cycle. Text-
only features (FS2) hurt in the hold-out, consistent with structural change: statement lan-
guage under Rhee evolved significantly from the low-inflation era, limiting the forecasting

content of dissimilarity lags calibrated on earlier data.

The aggregate rolling-OOS statistics mask pronounced heterogeneity across BOK gov-
ernor terms. Figure 3| plots a 30-meeting rolling ROC-AUC for RF/FS4, confirming that
aggregate OOS performance is dominated by a single high-predictability episode. Figure
(panels a—b) decompose OOS AUC by governor tenure. The Rhee Changyong era (May
2022-present, N=32, 10 rate changes, 31% change frequency) yields AUC of 0.759-0.777
and balanced accuracy above 0.70 for all three RF specifications. The Lee Ju-yeol I term
(April 2014-March 2018, N=43, 6 changes, 14% change frequency) is the most difficult fore-
casting environment, with RF AUC of 0.207-0.270—effectively at chance. The coincidence
of structurally stable, low-inflation language and a very low rate-change base rate renders
statement cues unreliable predictors, limiting the value of dissimilarity features calibrated on
more volatile periods. Kim Joon-soo (2010-2014, AUC 0.317-0.484) and Lee IT (2018-2022,
AUC 0.530-0.630) show intermediate performance consistent with their intermediate change

frequencies.
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Figure 3: 30-meeting rolling ROC-AUC and Brier Skill Score for RF/FS4 over the full OOS
period. Shaded bands mark BOK governor tenures. The two performance peaks align with
the 20102012 and 2021-2023 tightening episodes; the trough in the Lee I era (2014-2018)
reflects the structurally stable, low-inflation language of that period.
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Governor decomposition — RF/FS1 (macro only) Governor decomposition — RF/FS4 (text+macro+news)
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(a) OOS ROC-AUC by BOK governor term for RF/FS1, RF/FS3, and RF/FS4. Error bars
show +1 standard deviation across 1000 bootstrap replicates. The Rhee era (AUC 0.759-0.777)
substantially outperforms the Lee I era (AUC 0.207-0.270).

ROC-AUC by governor term and model/feature set

Choongsoo Kim
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(b) Heatmap of OOS ROC-AUC by governor term and model-feature-set combina-
tion. The Rhee row is uniformly dark; the Lee I row is uniformly light, confirming
that performance heterogeneity is not model-specific.

Figure 4: Governor-term decomposition of OOS ROC-AUC. Top: bar chart with bootstrap
confidence intervals. Bottom: full model-feature-set heatmap. The contrast between the
Rhee Changyong era (2022-2026) and the Lee Ju-yeol I era (2014-2018) exceeds 0.5 AUC
points for the same model and feature set, reflecting differences in rate-change frequency and
statement-language volatility rather than any model-specific artefact.

3.5 Forecast calibration and rationality

Negative BSS does not imply that the forecasts are uninformative. Using the Brier Score
decomposition of equation (@, we separate the calibration failure from the discriminative
signal. Table[7]reports MCB and DSC for all 15 combinations; Figure [§] visualises the stacked

components.
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Table 7: Brier Score decomposition: miscalibration (MCB) and discrimination (DSC)

MCB (lower = better calibrated) ~ DSC (higher = more discriminating)

Model FS1  FS2 FS3 FS4 FS5 FS1 FS2 FS3 FS4 F'S5
RF 0.027 0.029 0.021 0.021 0.011 0.014 0.014 0.016 0.019 0.010
XGBoost  0.045 0.061 0.050 0.034 0.030 0.005 0.012 0.021 0.008 0.009
Logit 0.067 0.078 0.072 0.082 0.079 0.007 0.011 0.008 0.009 0.015

Notes: 10 equal-frequency bins; UNC = g(1 — §) ~ 0.162. BSS = (DSC — MCB)/UNC; negative BSS
<= MCB > DSC. Bold: lowest MCB (RF/FS5) and highest DSC (RF/FS4) across all 15 combinations.
Ref: Murphy| (1973)); (Gneiting and Resin| (2023)).

A critical finding emerges: DSC is strictly positive for all RF specifications (range 0.010—
0.019), confirming genuine discriminative ability. The negative BSS for RF models is driven
entirely by MCB exceeding DSC—a calibration artefact that can be diagnosed and cor-
rected post-hoc, not a fundamental absence of signal. In contrast, Logit and XGBoost suffer
from both high MCB and low DSC, indicating that both calibration and discrimination are
weak. Platt scaling reduces ECE for RF/FS4 from 0.110 to 0.072 without improving AUC,
consistent with MCB being the operative failure mode.

Figure[6]displays T-reliability diagrams—calibration curves estimated via the Pool-Adjacent-
Violators (PAV) isotonic regression algorithm (Gneiting and Resin, 2023)—for all three
model families across FS1, FS3, and FS4. Unlike fixed-bin reliability diagrams, PAV curves
are nonparametric population-level estimators of E[Y | p] that avoid arbitrary binning arte-

facts.
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Brier Score Decomposition: MCB (miscalibration) vs DSC (discrimination)
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Figure 5: Brier Score decomposition by model family. Each bar group shows UNC (grey
baseline), DSC (green, discrimination), and MCB (red, stacked atop DSC) for feature sets
FS1-FS5. For RF, DSC > 0 across all feature sets; MCB exceeds DSC and is the sole source
of negative BSS. For Logit and XGBoost both MCB and DSC are worse.
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Figure 6: T-reliability diagrams (PAV isotonic regression, OOS h = 1) for all three model
families across FS1 (Macro), FS3 (Text+Macro), and FS4 (Text+Macro+News). The step
function shows E[Y | f|; shaded areas mark over-confidence (red) and under-confidence
(blue). BSS and PAV-ECE annotated per panel. RF panels show a calibration gap that
narrows as feature sets improve; Logit panels show systematic over-prediction across the full
probability range.
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Figure 7: Raw vs. Platt-scaled calibration for RF /FS4. Left: raw (ECE = 0.110, BS = 0.167,
MCB = 0.021, DSC = 0.019). Right: Platt-scaled (ECE = 0.072, BS = 0.162). Platt
scaling reduces MCB but leaves AUC and DSC unchanged, confirming that calibration and
discrimination are separable.

Mincer-Zarnowitz rationality test.

Following Mincer and Zarnowitz (1969), we test

forecast rationality by regressing y; = o+ 8p; + €; and testing the joint hypothesis Hy: a =
0, B = 1 (perfect calibration and efficiency) using HC1l-robust standard errors. Table

reports results for RF and Logit across three key feature sets.

Table 8: Mincer-Zarnowitz rationality test: selected model-feature-set combinations

~

Model Feature set N Q Pa 16 D3 Pioint
RF FS1 Macro 162 0.086 0.176 0.447 0.040  0.010
RF FS3 Text+Macro 162 0.090 0.241 0.462 0.122 0.106
RF FS4 Text+Macro+News 157  0.079 0.289 0.524 0.065 0.147
RF FS5 Text+Macro+Surp 158 0.078 0.266 0.531 0.051 0.149
Logit  FS1 Macro 162 —0.012 0.922 0.494 0.078 <0.001
Logit  FS3 Text+Macro 162 0.102 0.129 0.253 0.111 <0.001
Logit  FS4 Text+Macro+News 157 0.125 0.059 0.212 0.165 <0.001

Notes: Hy: o = 0, § = 1 (rational forecasting). HC1 robust standard errors. Bold pjoins values

indicate failure to reject at the 5% level; these are the only models consistent with rational

probability assessment. All 3 < 1 indicate systematic over-confidence (predicted probabilities too

extreme relative to observed frequencies).

A striking pattern emerges: 12 of 15 model-feature-set combinations reject the joint ra-
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tionality hypothesis at the 5% level. The three exceptions are all RF specifications with com-
bined text and macro features (FS3, F'S4, FS5), with pjoins € {0.106,0.147,0.149}. These are
the only forecasts consistent with rational probability assignment—discriminating between
rate-change and hold periods without systematic over- or under-prediction. The pattern is
consistent with RF’s ensemble structure averaging out individual tree over-confidence, an

effect amplified when diverse text and macro features are available.

3.6 Statistical forecast comparison tests

We formally test whether enriching the feature set improves forecast accuracy relative to the
macro-only baseline (FS1), using two tests suited to the nested structure of our feature sets.
For the non-nested comparison (FS2 vs. FS1, which share no features), we use the Diebold
and Mariano (1995]) Diebold-Mariano test. For nested comparisons—FS3, F'S4, and FS5 all
contain FS1 as a strict subset—we use the |Clark and West| (2007)) Clark-West test, which
corrects the finite-sample bias that makes larger nested models appear spuriously similar to
smaller benchmarks under the null.

The loss function is the per-observation Brier Score, ¢; = (y; — p;)?. The loss differential
dy = (P°neh — (2l (positive when the alternative is better) is tested against zero using OLS with
Newey-West HAC standard errors (three lags). For the CW test the adjusted differential is
dW = d; + (pPereh — palt)2. All p-values are one-sided.

Figure [§ displays the ¢-statistics in heatmap form; Table [J] reports the full results.
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Figure 8: DM/CW test t¢-statistics: alternative feature sets vs. FS1 (macro-only) baseline,
by model family. Positive (green) = alternative improves on FS1. FS2 uses the Diebold-
Mariano test (non-nested); FS3-FS5 use the Clark-West test (nested). *p < 0.10, **p < 0.05,
“**p < 0.01 (one-sided).

Table 9: DM/CW test: alternative feature sets vs. FS1 macro-only baseline

Alternative Test RF XGBoost Logit
FS2 Text only DM 047 —0.38 —0.79
FS3 Text+Macro CW 4237 4287  +4+1.07

FS4 Text+Macro+News CW  +2.64* +3.37"*  +0.99
FSH Text+Macro+Surp CW 4258  +3.55**  +1.61*

Baseline: FS1 macro-only (same model family). DM = Diebold-Mariano (1995));

Y

CW = Clark-West (2007)). One-sided p-values: *p < 0.10, **p < 0.05, ***p < 0.01.

Three findings stand out. First, text-only features (FS2) never significantly outperform
the macro baseline—DM t-statistics are uniformly negative, indicating that text dissimilarity
alone is not competitive with macro fundamentals in terms of Brier loss. Second, combined
text and macro features (FS3-FS5) significantly outperform FS1 for both RF and XGBoost
at the 1% level across all three enriched feature sets. Third, Logit shows no significant

improvement for FS3 or FS4, achieving only borderline significance for FS5 (¢ = 1.61, p =
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0.053). This model-family heterogeneity confirms that ensemble methods extract information
from text features more effectively than linear models.

We further test the marginal contribution of BERT news sentiment (FS4 over FS3) and
the surprise gap (FS5 over FS3) using the CW test with FS3 as the benchmark. Figure |§|
and Table [I0| report results.

CW Test: Marginal Value of News/Surprise over FS3 (Text+Macro)
t-statistic (one-sided); * p<.10, ** p<.05, ** p<.01

2 2
4 FS4: +News - 2.7 ykkx I' .
E' ()] -1 %
i) -0 )
2 Z

- 1=
E; FS5: +Surprise - 2.63%%% 5
< (CW) -2

1 1
RF XGBoost Logit
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Figure 9: CW test for marginal value of BERT news sentiment (FS4) and surprise gap (FS5)
over the text-+macro baseline (FS3). XGBoost detects significant marginal value for both

additions (p < 0.01); RF reaches significance at 10%; Logit detects only the surprise gap
(FS5, p=0.013).

Table 10: CW test: marginal value of news/surprise over FS3 (Text+Macro)

Alternative Test RF  XGBoost  Logit

FS4 Text+Macro+News CW  +1.39* +2.75** —0.16
FS5 Text+Macro+Surp CW  +1.57% +42.63**  42.22*

Baseline: FS3 Text+Macro. CW = Clark-West (2007)) one-sided test.

*p < 0.10, **p < 0.05, ***p < 0.01.

XGBoost detects significant marginal value for both additions (p < 0.003), while RF
reaches the 10% threshold for both. Logit finds no marginal contribution from BERT news
(FS4) but detects a significant surprise-gap effect (FS5, p = 0.013). The surprise gap, which
captures the wedge between news hawkishness and statement similarity, appears to carry a

signal that even a linear model can recover.
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3.7 Forecast combination

The forecasting literature documents that simple equal-weight combinations of individual

forecasts frequently match or exceed the best individual model (Maung and Swanson, 2025;

\Genre et al., [2013). We construct three combination strategies from the 15 individual OOS

prediction series: (i) by-FS combinations, averaging the three models’ probabilities within
each feature set; (ii) by-model combinations, averaging across feature sets within each model
family; and (iii) a grand combination averaging all 15 forecasts.

Figure compares AUC for key individual models and combination strategies. The
by-model RF combination (Combo-RF-allF'S) achieves the only positive BSS in the rolling
OOS (+0.001), confirming that averaging across feature sets reduces over-confidence even
when it does not improve discrimination. The grand combination (N = 162, AUC = 0.555,
BSS = —0.081) does not outperform the best individual model by AUC (A = —0.007),
consistent with the finding that the benefit of combination in this setting is calibration

rather than discrimination.
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Figure 10: ROC-AUC for key individual models (blue) and equal-weight forecast combina-
tions (red). The dashed line marks the no-skill benchmark (AUC = 0.5). Combo-RF-allF'S
(RF averaged across all five feature sets) achieves the only positive BSS in the rolling OOS
(+0.001). The best individual model by AUC (Logit/FS5 = 0.601) has BSS = —0.360,

indicating severe miscalibration.
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4 Multi-Horizon Forecasting

4.1 Full evaluation grid

We apply the same expanding-window protocol to predict yff}l for h € {1,2,3}, yielding 45
model-feature-set—horizon combinations. Figure [11] displays the full AUC and BSS grid.

Multi-Horizon Forecasting Performance
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Figure 11: ROC-AUC (left panel) and Brier Skill Score (right panel) for all 45 model-feature-
set—horizon combinations. Expanding-window OOS, BOK MPB meetings 2009-2026.

Table [11| summarises RF AUC values. The best single-model AUC per horizon is: h = 1,
XGBoost/FS1 = 0.634; h = 2, Logit/FS3 = 0.577; h = 3, Logit/FS3 = 0.640.

Table 11: RF ROC-AUC by feature set and forecast horizon

Feature set h=1 h=2 h=3
FS1 Macro 0.626 0.543 0.580
FS2 Text only 0.525 0.483 0.530
FS3 Text + Macro 0.589 0.531 0.542

FS4 Text+Macro+News 0.551 0.477 0.506
FS5 Text+Macro+Surp  0.543 0.519 0.518

Figure[12|shows the marginal AUC contribution of each feature set relative to FS1 for RF,
by horizon. All increments are non-positive: adding text features over the macro baseline

does not improve RF AUC at any horizon. This contrasts with the single-horizon result for
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Logit (Table {4 and reflects the shorter OOS window for FS4/FS5 and possible overfitting
of RF at h = 2, 3.

Marginal AUC Contribution vs Macro Baseline (FS1)
Random Forest, by Horizon

h=1 (FS1 AUC = 0.626) h =2 (FS1 AUC = 0.543) h =3 (FS1 AUC = 0.580)
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Figure 12: Marginal AUC contribution of successive feature sets over FS1 (macro-only)
baseline, by forecast horizon (RF). All increments are non-positive, indicating that text
features do not improve RF AUC in the multi-horizon setting. Negative contributions are
largest at h = 2 (the trough horizon) and for FS4, which has a shorter OOS window.

4.2 Non-monotone horizon degradation

Figure [13| plots AUC against horizon for RF and Logit. All feature sets and models exhibit
a trough at h = 2: the two-meeting-ahead forecast is harder than both the one- and three-

meeting-ahead forecasts. Across all 45 experiments, h = 2 produces the lowest AUC in 34

of 45 cases.
Horizon Degradation: RF and Logit across Feature Sets
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Figure 13: ROC-AUC and balanced accuracy vs. forecast horizon for RF and Logit across

selected feature sets.
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We interpret this as evidence of BOK pre-announcement signalling. At the three-meeting-
ahead horizon, the Board is often in the early phase of a policy cycle, having begun adjusting
language in ways that accumulate into a detectable signal. At two meetings ahead, the exact
timing uncertainty is highest: the direction may be committed but the specific meeting is

not. At one meeting ahead, statement language closely aligns with the imminent decision.

4.3 Rationality across forecast horizons

We extend the Mincer-Zarnowitz rationality analysis of Section [3.5to the multi-horizon set-
ting by running separate MZ regressions at h = 1, 2, 3 for all model-feature-set combinations,

and then applying a joint Wald test simultaneously across all three horizons.

Single-horizon MZ results by h. Table reports 5 and pjoint for RF models across
h =1,2,3. The rationality pattern established at h = 1 extends remarkably well. RF/FS3,
RF/FS4, and RF/FS5 fail to reject joint rationality at all three horizons (pjoimt > 0.12
in every case), while RF/FS1 loses rationality beyond h = 1 (pjoimt < 0.05 at h = 2,3).
The slope coefficient B declines monotonically with horizon for all RF specifications (e.g.
RF /FS4: B = 0.524,0.350,0.273 at h = 1,2,3), indicating incremental over-prediction as
horizon lengthens, yet the decline remains within the bounds of the rationality null for the

combined feature sets.
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Table 12: Multi-horizon MZ rationality test: RF models at h =1,2,3

Feature set B Pjoint B Pjoint B Pjoint
FS1 Macro 0.447 0.091 0.314 0.022 0.361 0.016
F'S2 Text only 0.090 0.001 —0.111 0.004 0.253 0.052

FS3 Text+Macro 0.462 0.291 0.353 0.211 0.281 0.120

FS4 Text+Macro+News 0.524 0.352 0.350 0.275 0.273 0.130
FS5 Text+Macro+Surp  0.531 0.320 0.323 0.225 0.279 0.182

Notes: Model = RF. Hy: «ap = 0, B, = 1. HAC standard errors (Newey-West, 3
lags). Bold pjoint = failure to reject at 5%. B < 1 indicates systematic over-prediction
at each horizon. Ref: Mincer and Zarnowitz (1969); Fosten et al.| (2024)).

Joint multi-horizon Wald test. Following Fosten et al.| (2024), we implement a joint
Wald test that evaluates Hy: oy, = 0, B, = 1 simultaneously for h € {1,2,3} by stacking
moment conditions Gy = [e11,11De1, €12, E12Dt2, Et.3, Er,3De.3] Where €5 = Yppp, — DPrp under
Hy, and computing W = TG'QY'G ~ x2(6) with Newey-West HAC covariance 2 (3 lags).
Table [L3| reports results.
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Table 13: Joint multi-horizon MZ Wald test: Hy: oy, = 0, B, = 1 for h € {1, 2,3} simulta-
neously

Model Feature set T W p-value
RF FS1 Macro 159 21.56 0.002
RF FS2 Text only 159 18.70 0.005
RF FS3 Text-+Macro 159  6.81 0.338
RF FS4 Text+Macro+News 154 596  0.427
RF FS5 Text+Macro+Surp 155  5.76  0.451
XGBoost  (all FS) —  >23 <0.001
Logit (all FS) — >34 <0.001

Notes: W ~ x2(6); 5% critical value = 12.59. T' = aligned sample size
(common origin dates across h = 1,2,3). Bold = failure to reject joint
rationality. Only RF with combined text and macro features passes; all
Logit and XGBoost specifications reject decisively. Ref: [Fosten et al.
(2024).

The joint test confirms and strengthens the single-horizon rationality hierarchy: RF/FS3,
RF/FS4, and RF/FS5 are the only specifications that produce rational probability forecasts
simultaneously across all three horizons (W < 6.81, p > 0.33 in every case), while all 12
remaining combinations reject the joint null decisively (p < 0.005). Figures[l4]and [15display
the B—by—horizon profile and the p-value heatmap.
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Mincer-Zarnowitz Rationality Test by Forecast Horizon (RF models)
Left: slope coefficient | Right: joint p-value
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Figure 14: MZ slope 3 (left) and joint p-value (right) by forecast horizon for RF/FS3,
RF/FS4, RF/FS5. The horizontal dashed line marks § = 1 (rationality) in the left panel
and p = 0.05 in the right panel. All three specifications remain within the rationality bounds
at h = 1,2, 3 despite declining B :

Mincer-Zarnowitz Joint Rationality Test p-values by Horizon
Green = passes rationality (p > 0.05); boxes outline cells passing at 5% level
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Figure 15: MZ joint p-value heatmap by forecast horizon. Green = passes rationality (p >
0.05, black box outline). RF/FS3-FS5 pass at all three horizons; all other specifications fail
at every horizon.

4.4 Feature importance and regime-conditional performance

Figure [16{ shows Gini importances for RF/FS4 at each horizon. At h = 1, text-dissimilarity
lags dominate. At h = 3, macro features (Taylor deviation, inflation gap) gain relative
importance while the BERT news sentiment trend rises, consistent with statement language
capturing short-run signals and macro fundamentals and news capturing the medium-term

policy path.
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Figure 16: Top-10 Gini feature importances by forecast horizon, RF on FS4 (Text + Macro
+ News). Blue = text or news features; red = macro features.

Defining rate-cycle meetings as those within £3 meetings of any observed rate change

(71.6% of OOS observations), the h = 2 AUC trough persists within the rate cycle. This

confirms that the non-monotone pattern is a structural feature of the forecasting problem

rather than an artefact of distinguishing cycle from stable phases. Figure [17]illustrates the

regime-conditional performance for RF/FS4.

Regime-Conditional Performance: RF + FS4

In-cycle (within 3 meetings of a change) vs. Stable

ROC-AUC Balanced Accuracy
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Figure 17: Regime-conditional ROC-AUC and balanced accuracy for RF/FS4 across forecast
horizons. Performance is shown separately for in-cycle meetings (within +3 meetings of a
rate change) and stable periods. The h = 2 AUC trough persists within the rate cycle,
confirming that the non-monotone pattern is not driven by regime mixing.

Figure [1§ extends the rate-cycle analysis to the full OOS by decomposing performance

across six historical policy cycles. The 2021-2023 tightening episode stands out: RF/FS1
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achieves AUC = 0.800 in that 12-meeting window (10 of 12 decisions changed rates), versus
AUC = 0.23-0.34 during the protracted 2012-2017 easing period (7 changes in 60 meetings).
Text and macro features both perform best during the sharp 2021-2023 cycle, where pre-
meeting news and macro fundamentals diverge most clearly from the stable-period baseline.
The current 2024 easing cycle (13 meetings, AUC 0.33-0.42 across RF specifications) resem-
bles the difficult 2012-2017 environment rather than the recent tightening, consistent with

the return to gradual, well-signalled cuts.
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Figure 18: OOS ROC-AUC by rate-cycle episode for RF/FS1, RF/FS3, and RF/FS4. Bar
height = AUC; label above each bar = number of rate changes in the window. Tightening
cycles (2010-12, 2017-19, 2021-23) are shown in orange; easing cycles in blue. The 2021-2023
tightening episode yields the highest AUC across all three feature sets, while the 2012-2017
easing cycle is the most difficult environment.

5 Robustness

5.1 Class-imbalance correction

The rate-change class constitutes 21.2% of meetings (47 of 222), an imbalance ratio of 3.7:1.
Beyond inverse-frequency class weighting, we test SMOTE (Chawla et al., 2002) and CT-

GAN (Xu et al) [2019) oversampling. With only approximately 24 minority-class training
observations available at the start of the OOS window, CTGAN cannot reliably learn the

joint minority-class feature distribution: 17 of 26 FS4 features fail a Kolmogorov-Smirnov
fidelity test at the 5% level. The baseline class-weighting strategy dominates both alter-
natives on AUC, while SMOTE and CTGAN achieve marginally higher balanced accuracy
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at the cost of calibration (Table [L6[in the Appendix). Inverse-frequency class weighting is
therefore retained throughout as the most robust imbalance-correction strategy for datasets

of this size.

5.2 Market-reaction corroboration

As external validation that the text features capture market-relevant linguistic change, we
estimate

|R;:| = o + B z(Similarity,) + I'X; + ¢4, (7)

where |R;,| is the absolute market reaction of variable j on the announcement day, X
includes the signed policy action, rate-change indicator, and crisis-period controls.

Table [14] reports results. All three lexical similarity measures produce negative and sta-
tistically significant coefficients: more similar statements elicit smaller absolute market reac-
tions. The TF-IDF coefficient on the composite t —1 to ¢t + 1 reaction is —0.111 (p = 0.026),
confirming that lexical dissimilarity measures the type of language change that market par-
ticipants price. Neural measures (KLUE-BERT Chunked, KFDeBERTa Chunked) produce
positive coefficients for KOSPI reactions in the surprise specification (4+0.117, p = 0.008),
the opposite sign from lexical measures, reflecting the semantic stability of MPB statements

at the document level.

Table 14: Market-reaction regressions: lexical and neural similarity

Dependent variable Measure Spec N Coef. HCI s.e. p-value
Composite t—1 to t Count Baseline 288 —0.126 0.046 0.007
Composite t—1 tot +1 Count Baseline 288 —0.177 0.042 <0.001
Composite t—1 tot+1 TF-IDF Baseline 288 —0.111 0.050 0.026
KOSPI t—1tot TF-IDF Baseline 288 —0.291 0.069 <0.001
KOSPIt—1tot+1 TF-IDF Baseline 288 —0.327 0.088 <0.001
Composite t—1 tot+1 Char Surprise 286 —0.141 0.038 <0.001

KOSPI't—1tot+1 KFD Chunked Surprise 286 +0.117 0.044 0.008

Notes: Baseline controls: rate-change indicator, signed action code, crisis dummies. Surprise

specification additionally includes short-rate expected gap, absolute surprise gap, and pretrend.
HC1 standard errors. KFD = KFDeBERTa chunked.
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5.3 Economic value of rate-change forecasts

We assess whether the probabilistic rate-change forecasts translate into trading gains in the
KTB 3-year government bond market. A binary signal is generated by thresholding the
forecast probability: s; = 1{p; > 0}. The trading direction is determined by the sign of the
five-day pre-meeting yield change (a “follow the trend” rule), and the per-trade pay-off is
the post-meeting overnight yield change measured in basis points. The optimal threshold
is selected in an expanding-window fashion on the training-period Sharpe ratio. Annualised
Sharpe ratios assume eight meetings per year; statistical significance uses a one-sided Newey-

West t-test with three lags.

Table 15: Bond-trading rule performance for selected model-feature-set combinations

Model/FS ~ 6* Trades Hit rate Mean P&L (bp) Cum. P&L (bp) Sharpe p-value

RF/FS1 0.20 92 0.228 0.041 6.6 0.055  0.419
RF/FS3 0.30 46 0.261 0.083 13.5  0.215  0.290
RF/FS4 0.30 46 0.261 0.036 5.7  0.103  0.386
XGB/FS1 0.15 97 0.227 0.139 225 0.186  0.246
Logit/FS1  0.25 155 0.206 0.248 40.1  0.229  0.145
Buy-and-hold benchmark 21.9

Perfect foresight 108.4

Notes: Sharpe annualised at /8 meetings per year. p-value: one-sided NW-HAC t-test (3 lags) for mean P&L
> 0. Buy-and-hold benchmark cumulates the post-meeting yield change over all 155 OOS meetings; perfect

foresight trades every change correctly.
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Figure 19: Cumulative bond-trading P&L (basis points) for five model-feature-set combi-
nations over the rolling OOS period. The shaded region marks the 2021-2023 tightening
episode where most of the gains accumulate. The buy-and-hold benchmark (grey) and
perfect-foresight ceiling (dashed) are shown for reference.

All Sharpe ratios are positive, indicating that the forecasts add directional value on
average, but none reaches conventional significance thresholds (p < 0.10) with the 155-
meeting OOS sample. The best cumulative return is achieved by Logit/FS1 (40.1 bp, Sharpe
= 0.23, p = 0.145), driven largely by a high trade frequency (155 trades) rather than high
precision. RF/FS3 achieves the best Sharpe ratio among RF specifications (0.215, p = 0.290)
with a tighter, higher-precision strategy (46 trades, hit rate 26%). Adding BERT news
sentiment (RF/FS4, same threshold) lowers the mean pay-off without improving the hit
rate, consistent with the modest net AUC gain of FS4 over FS3 in the full rolling OOS.

The inability to reject the null of zero mean return is an honest reflection of sample size:
46-155 trades yield low statistical power for a noisy trading rule. We do not claim that the
forecasts generate exploitable excess returns; rather, that all specifications are directionally
informative and that the tightest positive evidence points to the 2021-2023 tightening cycle,

consistent with the governor- and cycle-level AUC decomposition above.

6 Conclusion

This paper provides a comprehensive probabilistic forecasting study for Bank of Korea Mon-
etary Policy Board rate decisions, integrating statement-text dissimilarity, fine-tuned BERT
news sentiment, and macro fundamentals in a strict expanding-window framework evaluated

with proper scoring rules. Seven main findings emerge.
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Text and news sentiment add forecasting value, especially under regime shifts.
In the full rolling OOS, text features add little over macro fundamentals for tree-based
models. However, in the governor hold-out (Rhee Changyong’s 2022-2026 tightening term),
RF with BERT news sentiment (FS4) achieves AUC = 0.718 and positive BSS (4-0.107),
versus AUC = 0.632 for the macro-only baseline. The marginal gain from news sentiment
(+0.082 AUC) is largest precisely when the macroeconomic environment shifts most sharply,
suggesting that alternative text-based signals are most useful when historical macro patterns
have least predictive power.

Text alone adds no predictive value; only text combined with macro features
does. Statement-text dissimilarity features (FS2) fail to reduce Brier loss relative to the
macro-only baseline for any of the three classifiers—Diebold-Mariano t-statistics are negative
for all three model families, and the null of equal predictive ability cannot be rejected. The
practical implication is that analysts who add text features without macro context should not
expect improvement. Only when text is combined with macro fundamentals (FS3-FS5) does
the addition become statistically significant: Clark-West tests confirm Brier-loss reductions
for RF and XGBoost at the 1% level. XGBoost additionally detects significant marginal
value from both BERT news sentiment and the surprise gap over the text+macro base-
line (p < 0.01), indicating that the information content of pre-meeting news is statistically
distinguishable from statement text alone.

Forecast rationality holds for RF with combined features across all three
forecast horizons. At h = 1, Mincer-Zarnowitz joint tests identify RF/FS3, RF/FS4,
and RF/FS5 as the only specifications that fail to reject the joint null & = 0, g =1
(Pioint € {0.106,0.147,0.149}). A joint Wald test extending this to h = 1,2, 3 simultancously
(Fosten et al., [2024) confirms the finding: only RF/FS3, RF/FS4, and RF/FS5 pass (W <
6.81, p > 0.34), while all 12 remaining combinations reject the joint null at the 1% level
(W > 18, p < 0.005). The slope coefficient 3 declines with horizon (e.g. RF/FS4: 0.524 —
0.350 — 0.273 at h = 1,2, 3), indicating incremental over-prediction as horizon lengthens,
yet remains within rationality bounds for the combined feature sets. This result carries a
direct operational message: only RF models combining text with macro features produce
probability forecasts that can be used without post-hoc recalibration at any of the three
horizons studied. A Brier-score decomposition further clarifies that the negative BSS for
these models reflects miscalibration (MCB) exceeding discrimination (DSC), not the absence

of a genuine signal—Platt scaling reduces MCB for RF/FS4 from 0.021 to 0.014 at no cost
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to AUC.

Forecasting performance is non-monotone in the horizon. Across all 45 model-
feature-set—horizon experiments, the h = 2 ahead forecast consistently underperforms both
h =1 and h = 3 (34 of 45 cases). We interpret this as evidence of BOK pre-announcement
signalling at the three-meeting horizon: the Board adjusts statement language in ways that
are detectably predictive three meetings ahead, while the two-meeting window falls in a zone
of maximum timing uncertainty. This finding motivates monitoring statement language three
meetings ahead rather than only at the immediate horizon.

BERT news sentiment is most informative at the long horizon and during
tightening cycles. Feature importance at h = 3 assigns higher weight to the BERT hawk
score and trend than at A = 1, consistent with pre-meeting news capturing medium-term
policy intentions more than the most recent statement text.

Class-weighting dominates GAN augmentation at this sample size. With only
~ 25 minority-class observations available for generator training, CTGAN produces synthetic
samples that fail distributional fidelity checks (17 of 26 features, KS test p < 0.05) and do
not improve OOS AUC beyond simple inverse-frequency weighting. Combination forecasts
(equal weighting of RF predictions across all feature sets) achieve the only positive BSS
in the rolling OOS (40.001), confirming that averaging reduces over-confidence even when
discrimination does not improve.

Forecasting performance is highly heterogeneous across governor terms and
rate cycles. Decomposing the OOS by BOK governor tenure reveals that the Rhee Changy-
ong era (2022-2026, AUC 0.759-0.777) dominates the aggregate metric, while the Lee Ju-
yeol I era (2014-2018, AUC 0.207-0.270) offers effectively no predictive content—a contrast
of more than 0.5 AUC points for the same model and feature set. Rate-cycle decomposition
confirms the pattern: the 2021-2023 tightening episode (10 of 12 decisions changed rates)
yields AUC up to 0.80, while the 2012-2017 easing cycle (7 of 60 meetings) yields AUC be-
low 0.35. A bond-trading rule based on the RF/FS3 forecast achieves a positive annualised
Sharpe ratio of 0.22 (p = 0.29), with gains concentrated in the 2021-2023 window; statistical
significance is limited by the short OOS horizon.

Limitations and future work. Policy-surprise proxies are constructed from daily short
rates rather than intraday futures prices, limiting precision. The neural models are general-
purpose Korean language models; domain-adapted fine-tuning on a central-bank corpus could

improve text features. The sample covers a single central bank; generalisation to other
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institutional settings requires further study. Future work could incorporate press-conference
transcripts, intraday data, and multi-country pooling to extend both the minority-class base

for GAN training and the cross-country scope of the conclusions.
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A Data Augmentation Comparison

Table 16: Data augmentation comparison: RF on FS4

Strategy N BSS AUC Balanced accuracy
Baseline (class weights only) 157 —0.004 0.561 0.564
SMOTE (uniform weights) 157 —0.074 0.546 0.575
CTGAN (uniform weights) 157 —0.022 0.552 0.574
CTGAN + class weights 157 —0.044 0.560 0.574

Notes: OOS period: October 2009—April 2026. CTGAN trained on =24 historical
minority-class observations; synthetic pool of 600. SMOTE applied within each
fold using k = min(5, nmin — 1) nearest neighbours. Class-weighting dominates

both alternatives on AUC.
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