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Highlights

What are the main findings?
• Textual information from central bank communication improves forecast accuracy for in-

terest rate changes when combined with policy dynamics and regularization techniques.
• Forecast gains are concentrated around policy regime shifts, where persistence-based

benchmarks generate large forecast errors.

What are the implications of the main findings?
• Regularization and signal extraction are essential to transform high-dimensional textual

data into economically relevant predictive signals.
• Central bank communication contains forward-looking information that is most valuable

for forecasting, asset pricing, and risk management during periods of policy adjustment.

Abstract

This paper examines when textual information from central bank communication improves
forecasts of policy rate changes. Using the minutes of the Brazilian Central Bank’s Monetary
Policy Committee (Copom), we study whether textual content helps predict changes in
the Selic target rate between consecutive meetings. The minutes are encoded using dense
sentence-level embeddings, and low-dimensional textual factors are extracted via principal
component analysis estimated exclusively on the training sample to prevent look-ahead
bias. Predictive performance is assessed out of sample using an expanding-window back-
testing framework and compared against standard forecasting benchmarks, including
persistence and random-walk specifications, linear autoregressive models, regularized
regressions, and state-space models estimated via the Kalman filter. We find that text-
based predictors perform poorly when used in isolation but deliver meaningful forecast
improvements when combined with short-run dynamics and regularization. These gains
are economically relevant and arise primarily in episodes associated with policy rate adjust-
ments, whereas simple persistence-based forecasts remain difficult to outperform during
rate-hold periods. Overall, the results indicate that central bank communication contains
forward-looking information that is valuable for forecasting policy changes, but that this
information is sparse, episodic, and best extracted through disciplined regularization and
dynamic modeling rather than purely cross-sectional textual signals.

Keywords: text-as-data; machine learning in macroeconomics; sentence embeddings;
Kalman filtering; forecast evaluation
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1. Introduction
Central bank communication is a core component of the monetary policy transmis-

sion mechanism. Beyond the policy decision itself, central banks convey assessments
of the macroeconomic outlook, the balance of risks, and their likely reaction function to
future shocks [1]. These signals shape expectations across financial markets, influencing
the pricing of fixed-income securities, currencies, and other interest-sensitive assets [2].
As a result, understanding whether—and when—central bank communication contains
forward-looking information about future policy actions is of first-order importance for
both macroeconomic analysis and asset pricing.

In Brazil, the minutes of the Monetary Policy Committee (Copom) constitute the
main vehicle through which the Central Bank communicates its interpretation of economic
conditions and its policy stance [2]. While the policy rate decision is announced imme-
diately after each meeting, the minutes provide a richer and more nuanced narrative of
the underlying deliberations. Market participants routinely scrutinize these documents to
infer whether future adjustments to the Selic target rate are more or less likely. Yet, despite
their prominence in practice, systematic evidence on the strictly out-of-sample predictive
content of Copom minutes for subsequent policy decisions remains limited.

This paper addresses a simple but economically meaningful question: given the recent
history of policy decisions and the textual content of the minutes released after meeting t,
can one forecast changes in the Selic target rate at meeting t+1 more accurately than with
simple time-series benchmarks? Importantly, we frame this question in a purely predictive
and real-time setting, abstracting from in-sample explanatory power or ex post narrative
coherence. Our focus is on whether information embedded in central bank communication
improves forecasts relative to strong benchmarks that reflect the well-known inertia of
monetary policy.

We define the forecasting target as yt+1 = 100 (Selict+1 − Selict), measured in basis
points, and evaluate one-step-ahead forecasts using an expanding-window backtesting
protocol that mimics recursive forecasting with re-estimation as new information becomes
available. This design closely mirrors the decision environment faced by investors, analysts,
and policymakers and rules out look-ahead bias by construction.

The empirical setting presents nontrivial challenges. Changes in the Selic rate are
discrete and characterized by a substantial mass at zero, reflecting frequent rate-hold
decisions interspersed with relatively rare adjustments, typically in increments of 25 or
50 basis points. This feature makes naïve benchmarks, such as persistence or random walks,
remarkably competitive, particularly during periods of policy inertia. At the same time,
standard loss functions such as the root mean squared error (RMSE) can be dominated by a
small number of large forecast errors associated with rate changes. This motivates an eval-
uation strategy that combines global accuracy measures with regime-specific diagnostics
that distinguish between maintenance and adjustment episodes.

From a forecasting perspective, incorporating textual information into predictive
models raises two intertwined challenges: extracting a weak, noisy signal from high-
dimensional representations, and combining that signal with strong but mechanical time-
series dynamics. Both challenges are particularly acute in monetary policy settings, where
the target variable is discrete, heavily concentrated at zero, and dominated by persistence.

Textual representations of central bank communication, such as embeddings derived
from policy minutes, are inherently high dimensional and statistically ill-posed relative
to the available sample size. Even after dimension reduction, the resulting factors are
estimated with error and may be highly correlated. In short samples, naïvely treating these
factors as standard regressors risks overfitting and unstable forecasts, especially out of
sample. Regularization is therefore not a modeling choice of convenience but a necessary
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mechanism for disciplined signal extraction. By shrinking coefficients toward zero when
the data provide weak evidence, penalized estimators explicitly trade variance for bias,
stabilizing forecasts and preventing spurious amplification of textual noise.

At the same time, purely text-based forecasts ignore a critical benchmark: past policy
actions already embed a strong, low-variance signal about future decisions. In financial
terms, persistence-based forecasts act as a dominant factor with high explanatory power
during most periods, particularly when policy is on hold. The relevant forecasting problem
is therefore not whether text predicts policy decisions in isolation but whether it adds
incremental information conditional on the prevailing policy stance. This naturally leads
to a forecast-combination interpretation: dynamic terms capture the baseline expectation
implied by recent decisions, while textual factors provide an adjustment that reflects
forward-looking communication about risks, balance of considerations, and potential
regime shifts.

Regularization plays a central role in governing this combination. In penalized dy-
namic models, the persistence component is allowed to dominate when textual evidence
is weak or inconsistent, effectively reverting forecasts toward a conservative benchmark.
Conversely, when textual signals are persistent and aligned with subsequent outcomes,
regularization allows them to enter gradually and systematically, rather than through
large, unstable coefficient estimates. In this sense, regularization functions as an implicit
weighting scheme, endogenously determining when and how much weight should be
placed on communication relative to past actions.

Viewed through this lens, models that combine dynamics and text under regularization
are best understood as signal-extraction devices rather than structural representations of
policy behavior. They filter noisy textual information through the lens of historical policy
inertia, producing forecasts that are robust in tranquil periods yet responsive during
transitions. This is particularly valuable in financial applications, where forecast errors are
most costly precisely when policy regimes shift and asset prices reprice rapidly.

More broadly, this framework aligns central bank communication with standard fore-
casting principles: high-dimensional predictors should be shrunk, weak signals should
be filtered rather than amplified, and new information should complement—not over-
ride—strong baseline predictors. Regularization, signal extraction, and forecast combina-
tion are therefore not ancillary features of the empirical design but the core mechanisms
through which textual information becomes economically relevant for forecasting monetary
policy outcomes.

To transform the textual content of the minutes into quantitative predictors, we rep-
resent each document using dense sentence-level embeddings. Given the high dimen-
sionality of these representations relative to the limited number of policy meetings, we
extract low-dimensional textual factors via principal component analysis (PCA), estimated
strictly on the training sample at each iteration of the backtest. This approach yields
parsimonious regressors that summarize semantic variation, such as shifts in tone, empha-
sis, and thematic focus—while mitigating overfitting and preserving the integrity of the
out-of-sample evaluation.

To operationalize textual data for predictive analysis, this study leverages the
paraphrase-multilingual-MiniLM-L12-v2 model as its core semantic encoder. This model is
a distilled, transformer-based architecture specifically engineered to generate high-quality,
language-agnostic sentence embeddings. Unlike generative large language models (LLMs),
its design is optimized for representation learning: it converts input text into a dense
384-dimensional vector space where semantic similarity is preserved as geometric prox-
imity. We selected this model for its trifecta of methodological advantages essential to
forecasting: its multilingual proficiency, enabled by knowledge distillation across over
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50 languages, ensures robust performance on diverse global sources without intermediary
translation; its compact efficiency (12-layer encoder) allows for the scalable processing
of longitudinal text corpora; and its dedicated fine-tuning on paraphrase identification
explicitly optimizes it for capturing complex semantic equivalences and thematic shifts.
By transforming unstructured discourse into a structured time series of semantic embed-
dings, this model provides the foundational linguistic signal for our subsequent forecasting
pipeline, bridging the gap between qualitative text and quantitative prediction.

Model selection follows a transparent and incremental strategy. We begin with two
widely used benchmarks in settings with discrete outcomes and strong persistence: a
random walk in differences, which formalizes rate maintenance as the baseline forecast,
and a persistence model that extrapolates the most recent policy change. We then consider
a text-only specification to assess whether communication can substitute policy dynamics.
Our main specification combines both sources of information by augmenting a lagged
dependent variable with textual factors. Given the short sample and correlated regres-
sors, this model is estimated using Ridge regularization, with Elastic Net considered as a
robustness check. Finally, we explore a state-space SARIMAX formulation estimated via
maximum likelihood through the Kalman filter, connecting the exercise to the econometric
literature on dynamic models and offering an alternative to penalized regressions.

We place particular emphasis on controlling overfitting and temporal leakage. Di-
mensionality reduction, hyperparameter selection, and model estimation are all restricted
to the training sample, and forecast comparisons are conducted using formal predictive
accuracy tests. The resulting workflow—from PDF text extraction to recursive estimation
and automated generation of tables and figures—is fully reproducible and designed to
facilitate auditability.

The empirical results reveal a pronounced asymmetry in forecast performance that
helps clarify when—and how—central bank communication matters for prediction. Simple
persistence-based benchmarks remain difficult to outperform in directional metrics, reflect-
ing the dominance of rate-hold decisions and the strong inertia of the policy cycle. Models
that rely exclusively on textual information fail to deliver out-of-sample gains, indicating
that communication does not substitute for the information embedded in recent policy
actions. Instead, textual signals appear to be incremental and conditional on the underlying
dynamics of the policy process.

Forecast improvements emerge only when textual factors are integrated with short-
run policy dynamics and disciplined regularization. Specifications that combine lagged
policy changes with text-derived factors and employ shrinkage achieve lower forecast
errors in terms of RMSE, with gains concentrated in meetings associated with policy rate
adjustments. Regime-specific diagnostics reinforce this pattern: while persistence performs
well during maintenance episodes, text-augmented and regularized models tend to reduce
the magnitude of forecast errors precisely during transitions of the monetary policy cycle.

This evidence highlights the dual role of regularization in extracting predictive content
from central bank communication. First, shrinkage stabilizes estimation in short samples
with noisy and potentially collinear textual factors. Second, it effectively filters text-based
information, allowing forward-looking signals to influence forecasts only when they mean-
ingfully complement policy dynamics. From a practical forecasting perspective, these
transition episodes occur precisely when mispricing risks are largest and the marginal
value of improved predictions is highest for investors and risk managers.

More broadly, the results suggest that the predictive value of central bank communica-
tion is not uniform over time but state-dependent and episodic. By jointly emphasizing
dynamics and regularization, this paper contributes to the text-as-data literature by showing
that communication matters not as a standalone predictor but as a selectively informa-
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tive signal that becomes relevant during periods of policy adjustment—when forecasting
accuracy is most valuable.

The remainder of this paper is organized as follows. Section 2 reviews the related
literature. Section 3 describes the data, text processing pipeline, models, and backtesting
protocol. Section 4 presents the empirical results, including regime-specific diagnostics and
forecast comparison tests. Section 5 concludes by summarizing the findings, discussing
limitations, and outlining avenues for future research.

2. Literature Review
Under inflation-targeting regimes, monetary policy is transmitted primarily through

expectations rather than solely through contemporaneous policy actions. Seminal theo-
retical contributions emphasize that the ability of central banks to shape beliefs about the
future path of policy rates is central to policy effectiveness in environments with nominal
rigidities and forward-looking agents [3]. Within this framework, central bank communica-
tion is not merely an explanatory device but a substantive policy instrument that influences
private-sector expectations, financial conditions, and asset prices.

A growing empirical literature documents that official communications—such as pol-
icy statements, minutes, speeches, and inflation reports—contain information that markets
actively process when forming expectations about future monetary policy [1]. Early evi-
dence shows that monetary policy announcements affect long-term interest rates primarily
through changes in expected future short rates rather than through contemporaneous policy
surprises [4]. Subsequent work demonstrates that forward guidance, whether explicit or
implicit, moves yield curves, exchange rates, and risk premia by revealing information
about the central bank’s reaction function and economic outlook [5–7].

Recent advances in text-as-data methods have enabled a more systematic quantifica-
tion of central bank communication [8]. Studies using textual analysis of policy statements
and minutes find that changes in tone, topics, and emphasis are informative about fu-
ture policy actions and macroeconomic conditions [9,10] and also affect key financial
variables [11]. These approaches highlight that communication can affect markets indepen-
dently of the policy rate decision itself, reinforcing the view that communication constitutes
a distinct and powerful policy channel.

In emerging market economies, where credibility, inflation persistence, and exposure to
external shocks are particularly salient, communication may play an even more prominent
role. In the Brazilian case, the Central Bank relies heavily on post-meeting statements,
detailed minutes of the Monetary Policy Committee (Copom), and periodic inflation reports
to convey qualitative assessments of domestic and global conditions, risk balances, and
policy trade-offs [12,13]. Market participants routinely scrutinize these documents to infer
whether the authority is leaning toward tightening, easing, or maintaining the policy stance
in subsequent meetings.

Despite the recognized importance of communication, relatively little is known about
it’s strictly out-of-sample predictive content for future policy decisions, particularly when
evaluated against strong time-series benchmarks that reflect the inherent inertia of mone-
tary policy. Much of the existing evidence focuses on in-sample correlations, event-study
reactions, or explanatory regressions, which may overstate the informational value of com-
munication in real-time forecasting environments. Moreover, the discrete and infrequent
nature of policy rate changes poses additional challenges for assessing predictive gains in a
statistically and economically meaningful way.

Evidence for the Brazilian case indicates that the tone of central bank communication
affects the yield curve and asset prices and suggests that the policy statement anticipates
part of the information later conveyed in the minutes, thereby reducing their strictly new
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informational content, as documented by [14]. Central bank communication has been
shown to contain predictive information for movements in the Brazilian term structure of
interest rates. In particular,refs. [13,15] document that communication-related signals help
explain futures rate dynamics, while ref. [12] provides evidence of economically meaningful
out-of-sample predictive power.

The literature also emphasizes the distinction between surprises associated with the
policy decision itself, the target component, and revisions to the expected future path
of policy rates—the path component. The latter is more directly linked to the role of
communication in shaping expectations about future monetary policy, as discussed by [16].

To examine this informational role empirically, textual communication must be trans-
formed into quantitative variables. Traditional text-as-data approaches rely on bag-of-
words representations, dictionaries, and word counts, which offer transparency and low
computational cost but are limited when meaning depends on context, negation, intensity,
and semantic structure, as emphasized by [17]. More recently, embeddings and neural
language models have enabled the representation of sentences and documents as dense
vectors that capture semantic similarity and latent factors. Emerging evidence suggests
that embeddings tailored to the domain of central bank communication—particularly
when combined with fine-tuning strategies and dimensionality reduction to address high
dimensionality—can outperform purely lexical measures in certain economic applications,
as illustrated in [18–20].

Empirical evidence suggests that textual information can predict, or, more cautiously,
help organize information about—a range of economic outcomes, including policy deci-
sions and expectations, financial market reactions, and, in some settings, macroeconomic
variables. For the United States, ref. [9] show that measures extracted from FOMC minutes
are systematically related to movements in interest rate futures, exchange rates, and equity
prices, indicating that more detailed documents may convey additional signals about the
economic outlook and the balance of risks. In out-of-sample evaluations, however, pre-
dictive gains tend to be heterogeneous across types of communication and institutional
designs and depend critically on measurement choices and informational constraints. These
findings motivate the present study’s focus on extracting low-dimensional textual factors
from Copom minutes—using embeddings and principal component analysis—and on
assessing, within a rigorous out-of-sample forecasting framework, whether such factors
contain predictive information for subsequent changes in the policy interest rate.

In Brazil, the institutional design of Copom communication provides a particularly
useful setting for discussing incremental information. Policy statements are released
immediately after each meeting, while the minutes are published a few days later. Although
other news may arrive in the interim, this sequencing reduces temporal overlaps and helps
structure the flow of information available to markets. The literature exploits this proximity
in timing to distinguish information that is priced immediately after the decision and
statement from what is genuinely new in the minutes. In this context, timing restrictions in
the construction of textual measures become central: textual scoring should rely exclusively
on information available at the time of release in order to minimize contamination from
subsequent data revisions or later disclosures, as proposed by [2] and further discussed
by [21].

This literature also emphasizes that the relative informational role of policy statements
and minutes evolves over time. Changes in textual format and content, particularly
after 2016—when policy statements began to incorporate more explicit discussion of the
economic outlook and risk balance—affect intertemporal comparability and the extent to
which minutes contain genuinely new information. These changes also highlight inherent
limitations of official documents, including repetition, standardization, and the selective
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disclosure of deliberative content. For the purposes of this study, these considerations
motivate restricting the sample to the contemporary communication regime and treating
the statement–minutes window as an operational boundary for what can plausibly be
interpreted as new information relevant for forecasting, in line with the evidence and
discussions in [21,22].

From a methodological perspective, the macroeconomic forecasting literature un-
derscores that textual information adds value only when evaluated in a genuinely out-
of-sample setting and under careful controls against temporal leakage, a concern that
is amplified by short samples and high-dimensional predictors. In such environments,
regularization (e.g., the ridge, lasso, elastic net methods), dimensionality reduction, and
time-series-appropriate validation schemes are essential tools for mitigating overfitting and
parameter instability. The foundations of regularization date back to [23], with subsequent
developments in lasso and elastic net by [24,25]. Best practices and trade-offs in text-as-data
applications are systematically discussed by [17]. Ultimately, formal comparisons of predic-
tive accuracy remain the relevant criterion for assessing whether text delivers meaningful
gains over parsimonious benchmarks, as emphasized by [26].

For central bank communication in particular, forecasting exercises are especially
demanding because text may simultaneously convey signal and noise, and its predictive
contribution can depend sensitively on document type and institutional design. Recent
evidence suggests that incorporating multiple textual sources can, in some cases, degrade
out-of-sample performance by introducing additional noise through excessive granularity.
For Brazil, existing applications indicate that the gains from machine learning methods
using central bank communications are heterogeneous [12] and depend on well-defined
forecast competitions and evaluation windows. Moreover, studies that construct modern
textual measures—including tone, novelty, and domain-specific fine-tuning—consistently
stress that empirical validity hinges on strict alignment with information timing and
disclosure constraints, as discussed in [27,28].

Against this backdrop, this paper contributes by implementing a fully reproducible
pipeline that transforms Copom minutes into dense embeddings, extracts low-dimensional
textual factors via PCA, and incorporates them into dynamic and regularized forecasting
models. These models are evaluated through recursive backtests and formal forecast
accuracy tests, allowing us to characterize when—and under which informational and
institutional constraints—textual information adds incremental predictive value for future
policy rate changes within the Brazilian communication framework.

Regularization has long been recognized as essential for improving out-of-sample
performance in predictive settings characterized by limited sample sizes, persistent regres-
sors, and collinearity. Early contributions emphasize the bias–variance trade-off inherent
in forecasting problems, motivating shrinkage estimators that reduce estimation error at
the cost of controlled bias [23,24]. In time-series and financial forecasting, regularization
plays a dual role: stabilizing parameter estimates and implicitly imposing structure on the
dynamics of the predictive relationship [29,30].

In macro-finance applications, shrinkage methods such as Ridge and Elastic Net have
been shown to outperform unregularized benchmarks when predictors are numerous
and weakly informative [31,32]. From a state-space perspective, regularization can be
interpreted as a prior on parameter evolution or signal smoothness, linking penalized
regression to filtering and Bayesian updating [33,34]. This connection provides a unifying
framework in which static shrinkage and dynamic filtering are viewed as alternative
mechanisms for controlling overfitting while extracting persistent predictive signals.

The use of textual data in economics and finance has expanded rapidly with advances
in natural language processing. A central challenge in this literature is dimensionality
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reduction: raw text representations are extremely high-dimensional and noisy relative
to the available time-series length. As a result, most successful applications rely on the
construction of low-dimensional summaries that act as sufficient statistics for forecasting
tasks [8,35].

Early approaches relied on dictionary-based methods and topic models [36,37], while
more recent work uses dense embeddings derived from neural language models [38].
Regardless of the representation, predictive performance typically depends on extract-
ing a small number of latent factors that concentrate the relevant variation in the text.
Factor-based approaches using principal components or related techniques are common in
macro-finance forecasting, where they provide a disciplined way to map high-dimensional
predictors into a stable forecasting space [29].

3. Data and Methodology
3.1. Data, Sample, and Target Variable Definition

The unit of observation in this study is the meeting of the Monetary Policy Committee
(Copom). Let Selict denote the target Selic rate set at meeting t, observed immediately
following the policy decision. The objective is to forecast, using information associated
with meeting t, including the textual content of the minutes released subsequently, the
change in the Selic rate at the next meeting.

The target variable is defined as the change in the policy rate between consecutive
decisions, measured in basis points:

yt+1 ≡ ∆Selict+1 = 100 · (Selict+1 − Selict), (1)

so that yt+1 takes discrete values (e.g., 0, ±25, ±50 bps).
The sample construction follows an operational rule whereby only minutes from the

200th Copom meeting onward are included, and thus the sample starts with the meeting
on 19–20 July 2016. From this point, the Central Bank adopts a standardized textual
structure consistent with the contemporary format of the minutes. This restriction mitigates
heterogeneity in writing style and document organization and enhances the comparability
of textual information extraction over time—a consideration also emphasized by [21].
Under this criterion, the final dataset comprises T = 75 meetings. The last meeting
included was the 274th, held on 4 and 5 November 2025.

The predictive evaluation employs a minimum training window of size t0 = 50,
yielding N = T − t0 = 25 out-of-sample forecasts in the test period. The forecasting
protocol follows an expanding-window scheme and is described in detail in Section 3.13.

3.2. Text Extraction, Preprocessing, and Chunking

For each meeting t, the PDF file containing the Copom minutes is collected, and
its content is converted into raw text. Monetary policy documents are typically long
and detailed, which raises two practical constraints: (i) computational limits associated
with large-scale text processing, and (ii) context-length restrictions imposed by modern
embedding models. To address these constraints while still exploiting the full informational
content of each document, we adopt a chunkingprocedure following the general approach
discussed in [39].

After an initial preprocessing stage—consisting of standard steps such as removal
of formatting artifacts, normalization of whitespace, and elimination of non-textual ele-
ments—the text of each set of minutes is partitioned into Ct contiguous segments (chunks)
of approximately constant length, measured either in characters or tokens. Let Tt,c denote
the text associated with chunk c from meeting t.
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This chunking step serves three complementary purposes. First, it renders the embed-
ding extraction computationally feasible by ensuring that each textual unit fits within the
model’s context window. Second, it mitigates the risk of information loss due to truncation
of long documents. Third, it allows embeddings to capture local semantic context, which
is particularly relevant in policy documents where different sections may convey distinct
signals regarding economic conditions, risks, and policy inclinations.

3.3. Mathematical Formalization of Textual Embeddings

Let V denote a finite vocabulary and let T denote the space of finite-length texts
over V , where a text may correspond to a sentence, paragraph, or document. A textual
embedding is defined as a mapping

f : T → Rd,

which associates each text T ∈ T with a vector f (T) in a d-dimensional continuous vector
space.

The embedding function f (·) is typically parameterized by a function class F =

{ fθ : θ ∈ Θ} and obtained as the solution to an optimization problem defined on a large
external corpus. The training objective is designed so that the geometry of the embedding
space reflects semantic and syntactic regularities of natural language. In particular, for
any two texts T, T′ ∈ T , the distance or similarity between f (T) and f (T′) is intended to
approximate a latent semantic proximity measure,

∥ f (T)− f (T′)∥ ≈ δ(T, T′),

where δ(·, ·) is an unobserved semantic distance induced by language usage.
In neural embedding models, the function fθ is implemented as a composition of

tokenization, contextual encoding, and pooling operators. Let T = (w1, . . . , wn) denote a
sequence of tokens. The embedding is constructed as

fθ(T) = P(gθ(w1, . . . , wn)),

where gθ is a contextual encoder that maps token sequences into a sequence of hidden
states in Rd, and P is a pooling operator that aggregates token-level representations into a
single fixed-dimensional vector. Common pooling choices include averaging, weighted
averaging, or selection of a designated summary token.

From a statistical perspective, the embedding f (T) can be interpreted as a nonlinear
transformation of the original discrete text into a continuous feature vector of fixed dimen-
sion d, which does not grow with text length and therefore facilitates downstream statistical
analysis. Individual coordinates of f (T) generally lack direct interpretability; instead,
meaning is encoded in the relative geometry of the embedding space. In this representation
space, texts can be compared and combined using standard linear-algebraic operations,
and the embedding serves as a low-dimensional proxy for the informational content of
the text. Its adequacy is evaluated through performance in downstream tasks such as
prediction, classification, or inference rather than by inspection of individual components.
Applications of embedding-based representations in economic and financial contexts are
discussed in [17].

Because the COPOM minutes are too long to be processed directly by standard em-
bedding models, we apply a chunking procedure in which each document is partitioned
into segments Tt,c. Each chunk is then mapped into a dense numerical vector through the
embedding function.
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To obtain a single representation for each Copom meeting, the information contained
in its chunks is aggregated via a simple average:

ēt =
1
Ct

Ct

∑
c=1

et,c, (2)

where ēt ∈ Rd denotes the document-level embedding associated with the minutes of
meeting t.

From a conceptual standpoint, the embedding vector et can be interpreted as a low-
dimensional summary statistic that aggregates the semantic content of the document. It
captures information about the overall tone, the topics discussed, relative emphasis across
themes, and patterns of lexical co-occurrence without imposing an explicit economic or
institutional structure. In this sense, embeddings can be viewed as an empirical approxima-
tion to an (approximately) sufficient statistic for forecasting, consistent with the literature
that emphasizes optimal information compression for prediction rather than direct causal
interpretability of regressors.

This interpretation connects to the literature on sufficient forecasting [35] and forecast
combinations [40], which shows that high-dimensional information sets can often be
summarized by a small number of latent factors without loss of predictive content. Within
this framework, embeddings act as data-driven factors extracted from text, analogous to
latent predictors in dynamic factor models or sufficient dimension reduction methods, but
learned from unstructured language rather than numerical panels.

Compared to dictionary-based approaches [8], which map text into pre-specified
semantic categories through word counts or tone scores, embeddings trade transparency for
flexibility. Dictionary methods are interpretable but may fail to capture contextual meaning,
negation, intensity, and interactions across words. Topic models such as Latent Dirichlet
Allocation (LDA) [36] or Structural Topic Models (STM) [41] provide an intermediate
approach, producing interpretable topics but relying on strong assumptions about topic
structure and specification choices.

Embeddings instead represent semantic regularities in a continuous vector space
learned from large external corpora. Although they do not explicitly model document
hierarchy or deliberative structure, they can be interpreted as a flexible aggregation of
multiple latent semantic signals. In forecasting applications, this representation resembles
an implicit forecast combination: the vector et pools information from many overlapping
semantic dimensions, each of which may carry weak predictive power individually but
may jointly improve predictive performance.

Because the primary objective of this study is forecasting under realistic information
constraints, the relevance of embeddings is evaluated through their incremental predictive
content. Whether et provides a useful sufficient statistic is therefore an empirical question,
assessed by its ability to improve out-of-sample forecasts of future policy decisions when
incorporated into regularized and dynamically evaluated predictive models.

3.4. Transformer-Based Semantic Encoding for Forecasting

The present work employs the paraphrase-multilingual-MiniLM-L12-v2 model as
a dedicated semantic encoder to transform unstructured textual data into numerical em-
beddings suitable for temporal forecasting analysis. This model is architected upon the
Transformer encoder framework [42], which utilizes a multi-head self-attention mechanism
to generate contextually informed representations of input sequences. The encoder com-
prises a stack of twelve layers, each containing a self-attention sub-layer and a position-wise
feed-forward network, stabilized by residual connections and layer normalization. This
design enables the model to process an entire sentence bidirectionally, capturing long-
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range linguistic dependencies and disambiguating word meanings based on full sentential
context—a capability critical for accurate semantic interpretation.

The model’s operational objective is not text generation but representation learning.
It produces a fixed-dimensional vector (d ∈ R384) for an input sentence, typically via
mean pooling of the final layer’s token outputs. This vector functions as a dense semantic
fingerprint. The model’s specific pre-training via masked language modeling, followed by
knowledge distillation [43] and fine-tuning on multilingual paraphrase identification tasks,
explicitly optimizes its embedding space such that sentences with equivalent meanings are
mapped to proximate vectors regardless of surface form or language.

For forecasting applications, this architecture presents distinct advantages. First, its
multilingual capacity, developed through training on over 50 languages, ensures robust
cross-lingual performance without task-specific adaptation, allowing for the consistent
analysis of global text corpora. Second, its specialized training for paraphrase recogni-
tion yields embeddings with high semantic discriminability, enabling the detection of
nuanced thematic shifts in discourse over time. Finally, the model’s compact size (12 layers,
384-dimensional output) offers an efficient balance between representational power and
computational feasibility, a practical necessity for processing large-scale, high-frequency
text streams in longitudinal studies. By serving as a semantic transducer, the model converts
volatile textual data into a stable, analyzable time series of embeddings, thereby providing
a quantifiable linguistic signal that can be integrated with conventional econometric or
machine learning forecasters to capture dynamics otherwise latent in unstructured data.

3.5. Textual Factors via PCA

The document-level embeddings et are high dimensional, while the number of policy
meetings is relatively small. Directly including the full embedding vector as a set of regres-
sors would therefore lead to severe statistical instability, multicollinearity, and overfitting,
especially in a forecasting environment with limited time-series variation. To address these
issues, we reduce dimensionality using Principal Component Analysis (PCA).

Let E denote the T × d matrix whose t-th row is e⊤t . Let Pk(·) denote the projection
operator onto the subspace spanned by the first k principal components of E. We define the
vector of textual factors as

ft = Pk(et) ∈ Rk, k ∈ {1, 2, 3, 4, 5}. (3)

From an econometric perspective, ft can be interpreted as a small set of latent factors that
summarize the dominant modes of variation in high-dimensional textual information.

The use of PCA is well suited to forecasting settings with short samples and highly
correlated predictors. First, PCA provides an unsupervised and parsimonious representa-
tion that concentrates explanatory variation into a small number of orthogonal components.
Second, by construction, PCA mitigates multicollinearity among regressors, which is par-
ticularly relevant when embeddings encode overlapping semantic information. Third,
restricting attention to the leading components imposes a form of regularization that
improves the bias–variance trade-off in out-of-sample prediction.

To ensure genuine out-of-sample evaluation, the computation of Pk(·) respects the
information set available at each point in time. In each iteration of the expanding-window
backtest, PCA is estimated using only the training subsample and subsequently applied
to the test observation. This procedure prevents temporal leakage by ensuring that the
rotation, scaling, and factor loadings implicit in PCA do not exploit future information.

A practical issue concerns the choice of the number of components k. Given the
short time dimension (T = 75) and the objective of maintaining a parsimonious forecast-
ing environment, we restrict attention to a small pre-specified range, k ∈ {1, 2, 3, 4, 5}.
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This cap keeps the textual block low dimensional relative to the minimum training size
in the backtest, limiting estimation variance and avoiding excessive researcher degrees
of freedom.

Conceptually, k governs a bias–variance trade-off: larger values incorporate more
semantic variation from the minutes but increase sensitivity to sampling noise in the
estimated factor space, while smaller values impose stronger compression that may discard
predictive content. Rather than relying solely on explained-variance criteria—which need
not align with predictive relevance—we evaluate forecasting performance across this grid
and report the sensitivity of out-of-sample accuracy to k in Section 4.

3.6. Predictive Models

To assess the informational content of textual features, we compare a sequence of
predictive models ordered from the most parsimonious to the most comprehensive. In all
cases, the objective is to construct one-step-ahead forecasts ŷt+1|t. We begin with simple
benchmark models based solely on the history of policy decisions, followed by a baseline
specification that incorporates textual information through PCA-based factors estimated
by ordinary least squares. We then consider augmented specifications in which textual
factors are combined with lagged policy decisions and estimated under Ridge and Elastic
Net regularization. Finally, we present a dynamic specification formulated in state-space
form and estimated via the Kalman filter.

3.7. Benchmarks

We adopt two simple and widely used benchmarks that are particularly relevant
in forecasting environments characterized by discrete outcomes and a high frequency of
policy-rate holds:

Random walk (0 bps): ŷt+1|t = 0, (4)

Persistence: ŷt+1|t = yt. (5)

The random walk benchmark with zero change represents the hypothesis that, absent
compelling new information, the most likely policy decision is to leave the policy rate
unchanged. This benchmark is especially strong in environments where maintenance
decisions dominate the sample and where the loss function penalizes large forecast errors
symmetrically. As such, it provides a conservative baseline that any informational signal
must outperform to demonstrate genuine predictive content.

The persistence benchmark captures short-run inertia in the policy decision process.
In practice, monetary policy often unfolds in sequences of consecutive rate hikes or cuts,
reflecting gradual adjustment, or in extended periods of stability when the policy stance
is judged to be appropriate. By extrapolating the most recent change, the persistence
model encodes this cyclical behavior in a minimal way. Its strong empirical performance
in many settings makes it a demanding benchmark: improvements relative to persistence
indicate that a model is capturing information beyond mechanical continuation of recent
policy actions.

3.8. Text-Only Model (PCA(k) + OLS)

As a baseline for assessing the informational content of text in isolation, we consider a
specification in which the forecast depends exclusively on textual factors extracted from
the minutes associated with meeting t:

yt+1 = α + β⊤ ft + εt+1, (6)
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where ft ∈ Rk denotes a vector of textual factors given by the first k principal components
obtained from PCA applied to text embeddings. Importantly, these factors are constructed
using only information available in the training sample at each step of the expanding
window. The coefficient vector β ∈ Rk measures the marginal contribution of each textual
factor to the prediction of yt+1.

This specification serves as a purely textual baseline that directly addresses the central
empirical question of the paper: whether the semantic content of the minutes alone contains
predictive information about subsequent policy decisions. By excluding lagged policy
changes yt, the model rules out mechanical persistence as a source of predictive gains so
that any explanatory power must originate from the information embedded in the text.
The text-only model also provides a benchmark against which richer specifications can
be evaluated, allowing us to distinguish improvements arising from policy dynamics (via
lagged outcomes) from those due to better statistical treatment of the high-dimensional
textual block through regularization and dimension reduction.

Empirically, this is a demanding specification. Given the high concentration of ob-
servations at yt+1 = 0, a model relying solely on textual information faces difficulty
outperforming persistence-based benchmarks in short samples. From a statistical perspec-
tive, the vector of textual factors ft can be interpreted as a low-dimensional transformation
of the original text that may approximate a sufficient statistic for forecasting yt+1. Excluding
lagged outcomes therefore sharpens the test of informational content: any predictive ability
must arise from the extent to which the extracted textual factors summarize the relevant
information set available at time t.

3.9. Main Model (PCA(k) + Ridge + lag(yt))

The main specification combines two mechanisms that are central in the context of
Copom decisions. First, policy inertia and short-run persistence: successive decisions
tend to be correlated, and the distribution of policy-rate changes exhibits a large mass at
zero. Second, forward-looking information embedded in communication: the minutes
may signal changes in the policy stance before they materialize in the actual decision. The
resulting specification is

yt+1 = α + ρ yt + β⊤ ft + εt+1, (7)

where yt+1 denotes the change in the Selic target (in basis points) at meeting t+1, yt is the
change at the previous meeting, and ft ∈ Rk is a vector of textual factors obtained via PCA
from embeddings and available as of meeting t.

Given the high concentration of observations at yt+1 = 0, the autoregressive term
yt captures a substantial share of maintenance behavior, thereby reducing the burden
placed on the textual block to explain low-frequency noise. In this formulation, textual
information acts primarily as a complementary signal that becomes relevant in episodes of
policy change, when forward guidance and shifts in tone may precede adjustments in the
policy rate.

Even for small values of k (e.g., k = 5 principal components), the textual factors
tend to be correlated and noisy, while the effective training sample is short. In this
setting—characterized by a small sample size and correlated regressors—ordinary least
squares estimation can suffer from high variance and poor out-of-sample stability. Regular-
ization is therefore essential to improve the bias–variance trade-off and stabilize forecasts.

3.10. Regularized Estimation

The forecasting environment considered in this paper combines a relatively small time
series sample with predictors derived from high-dimensional textual representations. In
such settings, regularized regression methods provide a natural framework for improving
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the stability and out-of-sample performance of linear forecasting models. For this reason,
we employ Ridge and Elastic Net estimators in the empirical analysis.

Three features of the forecasting problem motivate the use of shrinkage estimators.
First, the effective sample size is limited. The dataset contains a relatively small number of
Copom meetings, and the expanding-window forecasting design further restricts the num-
ber of observations available for estimation at each step. When the number of predictors is
not negligible relative to the sample size, ordinary least squares can exhibit high sampling
variability and unstable forecasts. Regularization mitigates this problem by penalizing coef-
ficient magnitudes, reducing estimator variance and improving the bias–variance trade-off
in small samples.

Second, the explanatory variables include factors derived from textual embeddings of
central bank communication. Even after dimensionality reduction, these predictors may
contain noise and redundancy, as some components may carry limited predictive signal for
future policy decisions. Shrinkage methods help control overfitting by penalizing weak pre-
dictors. Ridge regression is particularly suitable when regressors are correlated—common
with textual factors and dynamic regressors—while Elastic Net combines ridge-type shrink-
age with an additional L1 penalty that allows partial sparsity.

Third, the dependent variable, the change in the Selic policy rate, exhibits strong per-
sistence and a large mass at zero due to monetary policy inertia. In this setting, incremental
predictors may contain only weak information relative to the persistence component, mak-
ing unrestricted estimation unstable. Shrinkage methods provide a disciplined way to
incorporate additional predictors while controlling the influence of noisy signals. Taken
together, these considerations make regularized regression well suited to the forecast-
ing problem studied in this paper, allowing the model to incorporate information from
central bank communication while maintaining stable out-of-sample performance in a
small-sample environment.

Estimation is carried out using Ridge regression with an L2 penalty applied to the
slope coefficients. Operationally, after standardizing regressors using the training sample,
we solve

min
α,ρ,β

1
n ∑

t∈Dtrain

(
yt+1 − α − ρ yt − β⊤ ft

)2
+ λ

(
ρ2 + ∥β∥2

2

)
, (8)

where λ ≥ 0 is selected using only training-sample information through time-series-
appropriate validation or grid search. The intercept α is left unpenalized, while the penalty
applies to both ρ and β, consistent with standard Ridge implementations in packages such
as scikit-learn. Standardization ensures that the penalty treats coefficients associated
with regressors on different scales in a comparable manner.

From a statistical perspective, this specification admits a natural interpretation in
terms of sufficient statistics. Conditional on past policy decisions summarized by yt, the
vector of textual factors ft is intended to act as a low-dimensional statistic that captures
incremental information contained in the minutes about the conditional distribution of
yt+1. Ridge regularization plays a crucial role in this interpretation by shrinking weak or
noisy components of this statistic toward zero. When the training data provide limited
evidence that a given textual factor is informative, shrinkage prevents it from exerting
undue influence on the forecast.

3.11. Robustness (PCA(k) + Elastic Net + lag(yt))

As an additional robustness check, we estimate the same specification as the main
model using Elastic Net regularization. The motivation is that, even after dimensionality
reduction via PCA, textual factors may remain correlated and contain weak or unstable
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signals in short samples. In this context, a method that combines shrinkage and sparsity
can improve out-of-sample stability and mitigate overfitting.

The linear specification remains:

yt+1 = α + ρ, yt + β⊤ ft + εt+1, (9)

but estimation is carried out through penalized least squares. Defining the regressor vector
Xt = (1, . . . , yt, . . . , f⊤t ) and the parameter vector θ = (α, . . . , ρ, . . . , β⊤)⊤, the Elastic Net
estimator solves:

min
θ

1
n ∑

t∈Dtrain
(yt + 1 − Xtθ)

2λ
[
(1 − γ)|θ|22 + γ|θ|1

]
, (10)

where λ > 0 controls the overall strength of regularization and γ ∈ [0, 1] determines the
balance between the L2 and L1 penalties. In particular, γ = 0 recovers Ridge regression,
while γ = 1 corresponds to Lasso.

In the implementation, the intercept α is not penalized. The penalty applies to the
coefficients associated with yt and the textual factors ft. Since the penalty depends on
the scale of the regressors, all variables in Xt except the intercept are standardized on the
training sample, and the same transformation is applied to the test observation within
each window.

From a statistical perspective, Elastic Net enforces parsimony in the effective sufficient
statistics extracted from the text. While PCA produces orthogonal factors summarizing
information from high-dimensional embeddings, Elastic Net further restricts how much
of this information is used for prediction. The L2 component stabilizes estimation under
collinearity and small samples, while the L1 component allows the model to discard factors
whose empirical covariance with yt+1 is weak or unstable.

This mechanism is particularly relevant when yt+1 has a large mass at zero. In such
settings, many correlations between textual factors and outcomes may arise spuriously.
Elastic Net mitigates this risk by concentrating predictive weight on a small subset of
factors that consistently act as sufficient statistics for policy changes while shrinking diffuse
or transitory signals. Consequently, the model remains close to the persistence benchmark
in tranquil periods and reacts more strongly only when the textual signal is persistent
and informative.

The hyperparameters (λ, γ) are selected exclusively on the training sample via time-
series cross-validation (TimeSeriesSplit), preserving temporal ordering and avoiding infor-
mation leakage. In each expanding window, the pair (λ, γ) that minimizes the validation
error is chosen, after which the model is re-estimated on the full training sample to produce
the out-of-sample forecast.

3.12. State-Space Robustness (Kalman/SARIMAX) with Exogenous Variables

As an econometric complement and a direct connection to state-space modeling and
Kalman filtering, we estimate an autoregressive model with textual exogenous regressors
in the SARIMAX framework. The one-step-ahead forecasting equation is:

yt+1 = c + ϕ, yt + δ⊤ ft + ut+1, ut+1 ∼ N (0, σ2), (11)

where ft ∈ Rk denotes the textual factors available at time t, and δ ∈ Rk is the corresponding
loading vector.

The SARIMAX model admits a state-space representation, with an observation equa-
tion linking yt+1 to a latent autoregressive state and to exogenous textual factors, and a
transition equation governing the evolution of the latent state. In this framework, the
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Kalman filter provides recursive evaluation of the likelihood and optimal one-step-ahead
projections under Gaussian assumptions, allowing estimation of (c, ϕ, δ, σ2) via maximum
likelihood [33,44,45].

From the perspective of sufficient statistics, the state-space formulation provides a
dynamic aggregation of information. The latent state summarizes past observations of
yt into a low-dimensional statistic sufficient for forecasting under the linear-Gaussian
structure, while textual factors act as contemporaneous exogenous statistics that shift the
conditional mean of yt+1. In this sense, SARIMAX offers a structured benchmark combining
persistence and textual information through probabilistic filtering rather than penalized
least squares.

In each expanding window, the model is re-estimated using only the training sample,
preserving temporal ordering, and produces an out-of-sample forecast ŷt+1|t. This proce-
dure is directly comparable to the rolling estimation used for the penalized linear models
but relies on likelihood-based inference and the state-space structure.

Estimation of SARIMAX models can be sensitive to initial conditions and local optima,
particularly in short samples. To mitigate convergence issues, we adopt a robust optimiza-
tion strategy with multiple solvers and increased iteration limits, recording convergence
diagnostics in each window and reporting forecasts only when estimation converges suc-
cessfully. In this way, the SARIMAX specification with exogenous textual factors serves as
a robustness check, assessing whether the informational content of the text persists when
dynamics are modeled within a classical state-space and Kalman filtering framework.

Although the empirical implementations differ, the Ridge, Elastic Net, and Kalman-
based specifications can be interpreted within a unified framework in which forecasting
relies on constructing low-dimensional sufficient statistics from noisy and highly correlated
information sources.

In penalized linear models, regularization acts as an implicit information filter. Ridge
regression stabilizes estimation by shrinking coefficients toward zero, effectively down-
weighting weak or unstable correlations between regressors and yt+1. Elastic Net extends
this mechanism by combining shrinkage with sparsity: the L1 component allows the model
to discard entire directions in the factor space, producing a data-driven selection of textual
components that act as relevant sufficient statistics.

The state-space model provides a probabilistic counterpart to this filtering logic. Under
the linear-Gaussian structure, past realizations of yt are compressed into a latent state that
is sufficient for forecasting, and the Kalman filter recursively updates this state as new
information arrives. Textual factors enter as exogenous inputs that shift the conditional
mean and act as contemporaneous sufficient statistics.

Viewed jointly, Ridge and Elastic Net implement static filtering through regularization,
whereas the Kalman filter performs dynamic filtering through recursive Bayesian updating.
In all cases, the objective is to prevent the model from overreacting to noisy textual signals
in a short-sample environment with high collinearity and a large mass of zero outcomes
while still allowing persistent information in the text to influence forecasts.

The dependent variable—the change in the Selic target rate between consecutive
Copom meetings—is discrete and highly concentrated at zero due to the frequency of
rate-hold decisions. Despite this feature, we adopt a linear Gaussian forecasting framework
motivated by practical considerations related to the forecasting objective and the structure
of the available data.

First, the objective of the exercise is to generate out-of-sample forecasts of the magni-
tude of policy rate adjustments rather than to estimate the structural probability of discrete
policy actions. A continuous framework allows the model to produce smooth predictions
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that capture gradual changes in the expected policy stance, even when realized decisions
are discrete, and facilitates evaluation using standard loss functions such as RMSE.

Second, the forecasting problem combines a short time series with a potentially high-
dimensional set of textual predictors extracted from Copom minutes. Linear models with
regularization methods such as Ridge and Elastic Net provide a stable and computationally
tractable approach to handling this dimensionality while controlling estimation variance.
Alternative discrete-choice frameworks, such as ordered logit or multinomial models, are
less naturally compatible with high-dimensional shrinkage methods in small samples.

Finally, in forecasting applications it is common to approximate discrete outcomes
using continuous predictive models when the objective is to minimize prediction error
rather than to model the full decision process. In this sense, the Gaussian framework
should be interpreted as a pragmatic approximation that prioritizes predictive stability and
compatibility with regularized estimation.

3.13. Predictive Evaluation Design

Predictive performance is assessed using an expanding-window backtest designed
to mimic real-time forecasting under information constraints. This protocol is particularly
appropriate in environments with short samples and evolving information sets, as it avoids
look-ahead bias and reflects the sequential nature of policy analysis.

Let t0 denote the minimum training sample size. For each t = t0, . . . , T − 1, the
following steps are implemented:

1. define the training set as Dtrain = {1, . . . , t};
2. estimate the forecasting model using only Dtrain;
3. compute the textual factors ft by applying a PCA transformation estimated exclusively

on the training set to the test-period embedding;
4. generate the one-step-ahead forecast ŷt+1|t and compare it with the realized outcome

yt+1.

This procedure yields N = T − t0 = 25 genuine out-of-sample forecasts. By re-
estimating all model components at each iteration, including dimensionality reduction and
hyperparameters, the backtest evaluates not only the forecasting equation but the entire
information-processing pipeline under realistic conditions.

3.14. Performance Metrics

Forecast accuracy is primarily evaluated using root mean squared error (RMSE) and
mean absolute error (MAE):

RMSE =

√√√√ 1
N

T−1

∑
t=t0

(yt+1 − ŷt+1|t)2, (12)

MAE =
1
N

T−1

∑
t=t0

∣∣∣yt+1 − ŷt+1|t
∣∣∣. (13)

These metrics capture complementary aspects of forecast quality: RMSE penalizes
large errors more heavily and is sensitive to tail events, while MAE provides a more robust
measure under asymmetric or heavy-tailed forecast errors. Given the empirical distribution
of yt+1—characterized by a large mass at zero and occasional discrete jumps—reporting
both metrics is informative.

As a directional diagnostic, we also compute sign accuracy:

sign_acc =
1
N

T−1

∑
t=t0

1{sign(yt+1) = sign(ŷt+1|t)}.
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Because both realizations and forecasts may be close to zero in magnitude, small
numerical deviations may generate economically irrelevant sign disagreements. To address
this issue, we additionally report a tolerance-based version using threshold τ (here, τ = 12.5
basis points):

signτ(x) =


1, x > τ,

0, |x| ≤ τ,

−1, x < −τ,

(14)

and we compute the proportion of matches between signτ(yt+1) and signτ(ŷt+1|t). This
metric aligns directional evaluation with the discrete nature of monetary policy adjustments
and avoids over-penalizing near-zero forecast errors.

3.15. Operational Choices and Experimental Hyperparameters

To enhance reproducibility and limit researcher degrees of freedom, the empirical
exercise is conducted under a fixed and pre-specified set of operational choices:

• Sample construction. The sample includes Copom minutes starting from the 200th
meeting, yielding a total of T = 75 observations.

• Forecast horizon and protocol. The forecasting horizon is one step ahead (h = 1),
predicting yt+1 using information available at time t. Evaluation is conducted via
an expanding-window backtest with minimum training size t0 = 50, producing 25
out-of-sample forecasts.

• Textual embeddings. Each set of minutes is converted from PDF to text and parti-
tioned into chunks. For each chunk, a dense embedding et,c ∈ R384 is computed. The
meeting-level embedding is defined as the simple average across chunks,

et =
1
Ct

Ct

∑
c=1

et,c.

• Textual factors. Dimensionality reduction is performed via PCA, yielding ft ∈ Rk

with k ∈ {1, 2, 3, 4, 5}. In each backtest iteration, PCA is estimated exclusively on the
training sample and then applied to the test observation (train-only PCA), ensuring
strict separation between training and evaluation information.

• Model specifications. We compare simple benchmarks, a pure-text model (PCA(k)
+ OLS), the main regularized model with persistence (PCA(k) + Ridge + lag(yt)), and ro-
bustness extensions using Elastic Net and SARIMAX with textual exogenous regressors.

• Hyperparameter selection. For regularized models, hyperparameters are selected
using training data only. Elastic Net parameters are chosen via time-series cross-
validation (TimeSeriesSplit). For the state-space model, estimation relies on maximum
likelihood with explicit convergence checks in each window.

• Evaluation metrics. RMSE is the primary criterion for model comparison, with MAE
reported as a complementary measure. Directional diagnostics include standard sign
accuracy and the tolerance-based version with τ = 12.5 bps.

• Reproducibility. All experiments are run with fixed random seed (seed = 123), and
model configurations are logged using a standardized experimental protocol.

The preferred specification is defined ex ante as the model that minimizes out-of-
sample RMSE, holding constant the backtesting protocol and all textual preprocessing
steps. This design ensures that differences in predictive performance can be attributed
to the forecasting models themselves rather than to variation in information sets or
evaluation procedures.
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As complementary evidence of robustness, the best-performing model is compared to
the persistence benchmark using the Diebold–Mariano (DM) test, following [26], at horizon
h = 1. The loss function is quadratic, ℓt+1 = (yt+1 − ŷt+1|t)2, and the loss differential is
defined as

dt+1 = ℓ
(model)
t+1 − ℓ

(pers)
t+1 . (15)

The test evaluates the null hypothesis H0 : E[dt+1] = 0 against the alternative H1 :
E[dt+1] ̸= 0.

Appendix A presents the computational details and a general diagram of the method.

4. Results
This section presents the out-of-sample forecasting results from the expanding-window

backtest and evaluates the incremental predictive content of textual information from
Copom minutes relative to standard benchmarks. The analysis focuses on one-step-ahead
forecasts of changes in the Selic target rate, with performance assessed primarily through
RMSE, complemented by MAE and directional accuracy measures.

Table 1 reports out-of-sample predictive performance under the expanding-window
backtesting protocol, comparing benchmark time-series models to a range of text-based and
text-augmented specifications. The evaluation focuses on one-step-ahead forecasts (h = 1)
over N = 25 test observations, with RMSE in basis points as the primary performance
criterion, complemented by MAE and directional accuracy measures. This comparison is
designed to assess not only whether textual information extracted from Copom minutes
improves forecast accuracy relative to standard benchmarks but also how such infor-
mation interacts with short-run policy dynamics and regularization in a small-sample,
high-noise environment.

Table 1. Out-of-sample predictive performance (N = 25 predictions, horizon h = 1). Main criterion:
RMSE (bps). Relative RMSE and MAE are computed with respect to the persistence benchmark.

Model k RMSE Rel. RMSE MAE Rel. MAE N

Benchmarks
RW (0 bps) – 45.5522 2.15 31.0000 2.58 25
Persistence (yt) – 21.2132 1.00 12.0000 1.00 25

Pure Text (PCA + OLS)
Text: PCA(k) + OLS 1 51.4314 2.43 43.3085 3.61 25
Text: PCA(k) + OLS 2 54.3865 2.56 45.5517 3.80 25
Text: PCA(k) + OLS 3 51.3364 2.42 40.9716 3.41 25
Text: PCA(k) + OLS 4 53.5048 2.52 43.4773 3.62 25
Text: PCA(k) + OLS 5 41.4287 1.95 31.8339 2.65 25

Text + dynamics (Ridge + lag)
Text: PCA(k) + Ridge + lag(yt) 1 21.1676 1.00 13.8544 1.15 25
Text: PCA(k) + Ridge + lag(yt) 2 21.3903 1.01 13.3955 1.12 25
Text: PCA(k) + Ridge + lag(yt) 3 21.4304 1.01 14.4513 1.20 25
Text: PCA(k) + Ridge + lag(yt) 4 21.0814 0.99 14.2268 1.19 25
Text: PCA(k) + Ridge + lag(yt) 5 20.2987 0.96 14.6901 1.22 25

SARIMAX with textual exogenous variables
SARIMAX(1,0,0) + Text (PCA, exog) 1 21.1619 1.00 13.1023 1.09 25
SARIMAX(1,0,0) + Text (PCA, exog) 2 21.4363 1.01 14.5298 1.21 25
SARIMAX(1,0,0) + Text (PCA, exog) 3 20.9504 0.99 14.0230 1.17 25
SARIMAX(1,0,0) + Text (PCA, exog) 4 20.6029 0.97 13.9626 1.16 25
SARIMAX(1,0,0) + Text (PCA, exog) 5 20.9029 0.99 14.0057 1.17 25

Note: RMSE and MAE are in basis points (bps). Relative RMSE and MAE are computed with respect to the
persistence benchmark. PCA is estimated only on the training sample in each expanding-window iteration. Bold
values indicate the best performance in terms of RMSE and MAE.

The results are organized into three blocks: baseline macro-financial models, text-only
specifications, and models combining macroeconomic and textual information. The persis-
tence model provides a strong benchmark due to the high frequency of rate-hold decisions,
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and regularized macro-financial models yield only modest improvements relative to this
baseline. Models based exclusively on textual factors extracted from COPOM minutes
generally perform worse than macro-financial benchmarks, particularly during periods
of policy inertia, suggesting that textual signals are less informative when the policy rate
remains unchanged. In contrast, hybrid models that combine macroeconomic predictors
with textual factors deliver the strongest performance overall, indicating that central bank
communication provides complementary information not captured by conventional vari-
ables. Notably, improvements in relative RMSE are concentrated during policy transition
episodes, when forward-looking guidance in communication becomes more informative
about the future policy path.

The persistence benchmark (ŷt+1|t = yt) attains high directional accuracy
(sign_acc = 0.84), reflecting the discrete and highly concentrated nature of the target
variable, with substantial mass on rate-hold decisions (yt+1 = 0) and serially correlated
sequences of tightening or easing. Economically, this pattern mirrors the well-known inertia
of monetary policy: once the Monetary Policy Committee (Copom) reaches a level of the
Selic rate considered appropriate, the policy stance is often maintained across several meet-
ings, while the effects of previous adjustments propagate through the economy. In such
environments, predicting no change becomes a strong baseline strategy, which explains the
high directional performance of persistence. In contrast, the RW (0 bps) benchmark exhibits
weak performance in terms of RMSE and MAE, even though it mechanically achieves a
non-negligible sign accuracy when realizations cluster close to zero.

When textual information is incorporated in isolation, the text-only baseline (PCA(k) +
OLS) underperforms the benchmarks, with higher RMSE and lower directional accuracy.
This outcome is consistent with the challenges of relying exclusively on textual factors
in short samples, where estimation uncertainty and the absence of explicit dynamics can
dominate. From an economic perspective, it also suggests that Copom minutes rarely signal
policy decisions in isolation. During prolonged maintenance phases, communication tends
to reiterate previously stated assessments of inflation, activity, and risks, reinforcing the
prevailing stance rather than providing immediate signals of policy adjustments.

The central result is that the text-augmented dynamic model with regularization—
PCA(k) + Ridge + lag(yt)—improves upon persistence in terms of the primary evaluation
criterion (RMSE), with the strongest performance attained at k = 5 (RMSE = 20.30 bps).
From an economic perspective, this finding is consistent with the interpretation that the
minutes contain incremental information about both the likelihood and the magnitude of
future policy changes, while short-run policy inertia, summarized by yt, remains a key
driver of predictability. In particular, textual signals appear to become most informative
around turning points in the monetary policy cycle, when shifts in the narrative of the
minutes reflect evolving assessments of inflation risks and the appropriate policy stance
before they fully materialize in policy decisions.

The robustness exercises reinforce this interpretation. The Elastic Net specification
with a lag delivers performance close to that of Ridge, indicating that the gains primarily
reflect shrinkage and variance control rather than aggressive sparsity or selection of a
small subset of factors. The SARIMAX specifications with textual exogenous variables
also yield competitive RMSE in some configurations, supporting the view that the textual
signal is compatible with a classical state-space representation estimated via maximum
likelihood. At the same time, these results should be interpreted with caution given
occasional convergence issues in short samples. Overall, the evidence suggests that textual
information does not replace persistence but rather complements it by providing forward-
looking signals about regime transitions in the monetary policy cycle.

https://doi.org/10.3390/forecast8020023

https://doi.org/10.3390/forecast8020023


Forecasting 2026, 8, 23 21 of 32

Given that the target variable is discrete and exhibits substantial mass at zero, standard
directional accuracy measures may be dominated by forecasts classified as maintenance de-
cisions. To address this issue, in addition to the conventional sign_acc metric, we also report
sign_accτ with τ = 12.5 basis points, which treats predictions of small magnitude as neutral.
Under this tolerance-based metric, the persistence benchmark continues to display strong
performance, while models combining text and dynamics tend to achieve comparable val-
ues of sign_accτ . This suggests that the main contribution of textual information manifests
primarily in improving the level accuracy of forecasts—as reflected in lower RMSE—rather
than in simple directional classification, especially when the tolerance threshold effectively
reframes the task as distinguishing between change and no-change decisions.

Given that the target variable is discrete and exhibits substantial mass at zero, standard
directional accuracy measures may be dominated by forecasts that simply predict policy
maintenance. To provide a more informative assessment, in addition to the conventional
sign accuracy metric (τ = 0), we report directional accuracy for a range of tolerance
thresholds τ between 2.5 and 20 basis points. Under this tolerance-based classification, both
predicted and realized changes within the interval [−τ, τ] are treated as neutral decisions.

Table 2 shows that the persistence benchmark achieves very high directional accuracy
across all tolerance levels. Economically, this reflects a key feature of monetary policy in
Brazil: the Selic rate is often maintained for several consecutive meetings once the desired
policy stance is reached. In such an environment, simply predicting no change is frequently
correct, which makes persistence a particularly difficult benchmark to outperform in terms
of direction alone.

Table 2. Sign accuracy for different tolerance levels (τ). Each column reports sign_accτ with tolerance
τ (bps). N is the number of out-of-sample predictions.

Model k N sign_accø=0 sign_accø=2.5 sign_accø=5 sign_accø=7.5 sign_accø=10 sign_accø=12.5 sign_accø=15 sign_accø=20

Benchmarks
RW (0 bps) – 25 0.440 0.440 0.440 0.440 0.440 0.440 0.440 0.440
Persistence (yt) – 25 0.840 0.840 0.840 0.840 0.840 0.840 0.840 0.840

Pure Text (PCA + OLS)
Text: PCA(k) + OLS 1 25 0.320 0.360 0.360 0.320 0.280 0.280 0.280 0.280
Text: PCA(k) + OLS 2 25 0.240 0.280 0.280 0.280 0.280 0.240 0.200 0.160
Text: PCA(k) + OLS 3 25 0.360 0.320 0.280 0.360 0.280 0.320 0.360 0.320
Text: PCA(k) + OLS 4 25 0.320 0.240 0.240 0.280 0.240 0.280 0.320 0.320
Text: PCA(k) + OLS 5 25 0.400 0.440 0.440 0.400 0.400 0.400 0.480 0.480

Text + dynamics (Ridge + lag)
Text: PCA(k) + Ridge + lag(yt) 1 25 0.520 0.640 0.840 0.840 0.840 0.840 0.840 0.840
Text: PCA(k) + Ridge + lag(yt) 2 25 0.520 0.800 0.840 0.840 0.840 0.840 0.840 0.840
Text: PCA(k) + Ridge + lag(yt) 3 25 0.520 0.640 0.720 0.840 0.840 0.840 0.840 0.840
Text: PCA(k) + Ridge + lag(yt) 4 25 0.520 0.640 0.760 0.800 0.840 0.840 0.840 0.840
Text: PCA(k) + Ridge + lag(yt) 5 25 0.520 0.600 0.680 0.800 0.880 0.840 0.840 0.880

SARIMAX with textual exogenous variables
SARIMAX(1,0,0) + Text (PCA, exog) 1 25 0.480 0.800 0.840 0.840 0.840 0.840 0.840 0.840
SARIMAX(1,0,0) + Text (PCA, exog) 2 25 0.520 0.760 0.760 0.760 0.800 0.840 0.840 0.840
SARIMAX(1,0,0) + Text (PCA, exog) 3 25 0.560 0.720 0.800 0.800 0.840 0.840 0.840 0.840
SARIMAX(1,0,0) + Text (PCA, exog) 4 25 0.520 0.600 0.800 0.800 0.800 0.840 0.840 0.840
SARIMAX(1,0,0) + Text (PCA, exog) 5 25 0.520 0.600 0.800 0.800 0.800 0.840 0.840 0.840

Note: sign_accτ compares the discretized sign of yt+1 and ŷt+1|t using a tolerance τ (bps), where values in [−τ, τ]
are classified as 0. Rows are evaluated on the common out-of-sample dates.

Purely textual models based on PCA and OLS display relatively weak directional
performance. This result suggests that textual information extracted from Copom minutes
does not, by itself, reliably signal the direction of immediate policy changes. Instead,
communication appears to convey richer information about the policy stance rather than
explicit indications of imminent rate adjustments. In contrast, models that combine textual
factors with policy dynamics—such as PCA(k) + Ridge + lag(yt) and SARIMAX with textual
exogenous variables—achieve substantially higher directional accuracy. As the tolerance
threshold increases, these hybrid models rapidly converge to levels close to the persistence
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benchmark. Economically, this indicates that once small fluctuations around zero are
treated as neutral decisions, the models correctly capture the broad policy stance conveyed
by central bank communication.

Overall, these results suggest that the primary contribution of textual information lies
in refining forecasts of the magnitude and timing of policy adjustments rather than simply
predicting their direction. While persistence captures the inertia inherent in monetary policy
decisions, textual signals help identify changes in the policy environment that precede
turning points in the interest-rate cycle. Consequently, the informational value of central
bank communication becomes most apparent when forecasting the size of adjustments
around policy transitions rather than during prolonged periods of rate stability.

To complement the numerical evaluation of forecast performance, Figures 1 and 2
provide a visual comparison between the persistence benchmark and the text-augmented
model. These figures are useful for illustrating how differences in average performance met-
rics arise over time and for highlighting the specific episodes that account for improvements
in RMSE.

Figure 1. Predictions 1 step ahead in the test period. Comparison between the actual (yt+1), the
persistence benchmark (ŷt+1|t = yt) and the model with text (PCA(5) + Ridge + lag(yt)).

Figure 2. Prediction errors (yt+1 − ŷt+1|t) in the test period, persistence versus model with text
(PCA(5) + Ridge + lag(yt)).

Figure 1 provides a visual comparison between realized policy rate changes and
the forecasts generated by the main models. The figure highlights the strong inertia of
monetary policy decisions in Brazil: long stretches of unchanged policy rates are clearly
visible, interspersed with relatively short tightening or easing cycles. In these plateau
phases, the persistence benchmark closely tracks realized outcomes because predicting no
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change is often correct. The model augmented with textual information exhibits a similar
behavior during stable periods, but it tends to adjust more rapidly around turning points
in the monetary policy cycle. This pattern suggests that shifts in the tone and content of
Copom minutes may contain early signals of evolving policy assessments, allowing the
text-based model to react sooner when the macroeconomic environment begins to change.

Figure 2 complements this interpretation by showing the temporal distribution of
forecast errors. The figure indicates that most of the quadratic loss is driven by a relatively
small number of meetings associated with policy transitions. During these episodes, per-
sistence forecasts can generate large errors because they extrapolate the previous policy
decision even when the central bank is about to change direction. In contrast, models
incorporating textual information tend to produce smaller errors in these periods, reflecting
their ability to capture forward-looking signals embedded in central bank communication.
Economically, this result is consistent with the role of Copom minutes as a vehicle for com-
municating evolving assessments of inflation risks, economic activity, and the appropriate
policy stance. As a result, textual information appears to be particularly informative in
environments where the policy stance is shifting while providing limited incremental value
during prolonged periods of rate maintenance.

4.1. Statistical Comparison (Diebold–Mariano)

As a robustness check, we apply the Diebold–Mariano (DM) test [26] to compare the
model with the lowest RMSE, namely PCA(k = 5) + Ridge + lag(yt), against the persistence
benchmark under quadratic loss,

ℓt+1 = (yt+1 − ŷt+1|t)
2,

at the one-step-ahead horizon (h = 1). Table 3 reports the average losses over the test
period and the mean loss differential d = ℓmodel − ℓpersist.

Table 3. Diebold–Mariano (DM) test during the test period (h = 1, quadratic loss). We report
both the original DM statistic and the [46] corrected statistic DM∗ = DM × 0.9798, where 0.9798 =√
(N − 1)/N with N = 25 (two-sided tN−1 approximation). * Denotes significante at 5% level.

Model mean_loss d̄ DM p-Value DM∗ p-Value *

Persistence (yt) 450.00 0.00 – – – –
Text: PCA(k = 5) + Ridge + lag(yt) 412.04 −37.96 −0.65 0.52 −0.64 0.53

The text-based model exhibits a lower mean loss (mean_loss = 412.04) than the
persistence benchmark (mean_loss = 450.00), implying d = −37.96. Thus, on average, the
model produces smaller squared forecast errors than the benchmark.

Despite this reduction in average loss, the original DM test does not reject the null
hypothesis of equal predictive accuracy (test statistic DM = −0.65, p = 0.52). Given
the relatively small test sample (N = 25), we also report the small-sample modified
statistic proposed by Harvey et al. [46]. This correction rescales the DM statistic by the
factor

√
(N − 1)/N, producing DM∗ = −0.64 with a corresponding p-value of 0.53. The

modified test leads to the same qualitative conclusion as the original statistic.
Overall, both the standard and modified DM statistics indicate that the null hypothesis

of equal predictive accuracy cannot be rejected at conventional significance levels. This
result should be interpreted in light of two features of the empirical setting. First, the test
sample is relatively small, which limits the statistical power of forecast comparison tests.
Second, quadratic loss can be influenced by a small number of meetings with unusually
large forecast errors, increasing the variability of the loss differential. Therefore, the DM
results are best viewed as complementary evidence: while the text-based specification
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achieves lower RMSE and lower average loss than the persistence benchmark, the statistical
strength of this improvement remains limited given the sample size and the inherent
variability of the loss differential.

Note that the losses reported in Table 3 correspond to averages of (yt+1 − ŷt+1|t)2 over
the test period, and that negative values of the loss differential indicate lower average loss
relative to the persistence benchmark.

4.2. Regime-Based Diagnostics and Economic Interpretation

A salient regularity in the results is that the incremental predictive value of textual
information arises primarily in meetings associated with policy rate changes (yt+1 ̸= 0).
Table 4 decomposes out-of-sample performance into episodes of rate maintenance (yt+1 = 0)
and rate adjustments (yt+1 ̸= 0). During maintenance periods, the persistence benchmark
remains highly competitive, reflecting both the strong inertia of monetary policy decisions
and the substantial mass at zero in the target variable. In contrast, in episodes of policy
change, the text-augmented model (PCA(k = 5) + Ridge + lag) tends to generate smaller
errors in magnitude, contributing disproportionately to the improvement observed in the
overall RMSE (Table 1).

Table 4. Conditional performance in maintenance meetings (yt+1 = 0) and change meetings
(yt+1 ̸= 0).

Model Ny=0 RMSEy=0 MAEy=0 Ny ̸=0 RMSEy ̸=0 MAEy ̸=0

Persistence (yt) 11 10.66 4.55 14 26.73 17.86
Text:PCA(k = 5) + Ridge + lag(yt) 11 10.57 7.84 14 25.46 20.08
RW (0 bps) 11 0.00 0.00 14 60.87 55.36

Note: Errors in basis points (bps). The test period contains N = 25 predictions, with Ny=0 = 11 maintenance meet-
ings and Ny ̸=0 = 14 meetings with rate changes. Since the RW benchmark (0 bps) always predicts maintenance, it
is mechanically perfect in the yt+1 = 0 regime (zero RMSE and MAE) but performs poorly when yt+1 ̸= 0. Among
the models that incorporate dynamics, persistence remains competitive in maintenance, while the text-augmented
model reduces the error in the rate change regime (lower RMSEy ̸=0).

Table 4 highlights a clear regime dependence in forecasting performance. During
maintenance meetings, persistence-based forecasts perform strongly because the most com-
mon outcome is simply no change in the policy rate. In contrast, when policy adjustments
occur, the specification incorporating textual factors achieves lower RMSE than persis-
tence, indicating that information embedded in Copom communication helps anticipate
policy moves.

This pattern is also visible in Figure 1. The persistence benchmark closely tracks
extended periods of policy stability, whereas the model augmented with textual information
adjusts more rapidly around turning points in the monetary policy cycle. Figure 2 further
shows that a small number of meetings associated with policy transitions generate large
forecast errors and therefore dominate the quadratic loss. Improvements during these
episodes therefore have a disproportionate impact on RMSE performance.

The regime-dependent behavior of the forecasts reflects an important institutional
feature of monetary policy in Brazil. The Central Bank of Brazil (BCB) typically conducts
policy in cycles characterized by sequences of rate adjustments followed by prolonged
periods of stability. Once the Monetary Policy Committee (Copom) reaches a level of the
Selic rate considered sufficiently restrictive or accommodative, the policy rate is often held
constant across multiple meetings while the committee evaluates the lagged effects of
previous decisions on inflation and economic activity.

Recent policy developments illustrate this pattern. Between late 2024 and mid-2025,
the BCB implemented a tightening cycle that raised the Selic rate to 15% per year. After
this sequence of increases, the Copom interrupted the tightening cycle and maintained

https://doi.org/10.3390/forecast8020023

https://doi.org/10.3390/forecast8020023


Forecasting 2026, 8, 23 25 of 32

the policy rate at that level for several meetings while monitoring inflation dynamics and
economic activity [47–49]. In such environments, persistence forecasts become particularly
difficult to outperform because the empirical distribution of outcomes is dominated by
zero changes.

At the same time, episodes surrounding policy turning points create a different infor-
mational environment. When inflation risks, financial conditions, or the macroeconomic
outlook begin to change, Copom communication often reflects evolving assessments of
the appropriate policy stance. Shifts in the tone and content of the minutes may therefore
precede actual rate adjustments.

The empirical results are consistent with this mechanism. Forecasting improvements
from incorporating textual information are concentrated around policy transition episodes
rather than during prolonged rate-hold periods. Economically, this suggests that central
bank communication provides forward-looking signals about changes in the policy stance
while naturally adding little incremental predictive value when the committee intentionally
maintains a stable policy rate.

Overall, the results illustrate how the informational value of central bank commu-
nication depends on the policy regime. Persistence remains a strong benchmark during
maintenance phases, reflecting deliberate policy inertia, whereas textual signals become
most informative when the macroeconomic environment is evolving and policy adjust-
ments become more likely.

4.3. Discussion

The evidence suggests that textual information from Copom minutes adds predictive
value primarily when combined with short-run dynamics and regularization. Text alone
performs worse than standard time-series benchmarks, indicating that textual factors cannot
replace the information embedded in lagged policy decisions. However, when textual
embeddings are incorporated together with the lagged policy rate and estimated with
shrinkage methods such as Ridge, forecasting performance improves relative to persistence,
particularly in terms of RMSE while preserving comparable directional accuracy. This
pattern indicates that the predictive content of central bank communication becomes useful
only once it is embedded in a framework that respects both the temporal structure of policy
decisions and the need for statistical regularization.

From the perspective of sufficient statistics, these results imply that textual embeddings
extracted from the minutes are not sufficient summaries of future policy decisions on their
own. Instead, sufficiency emerges only conditionally when textual information is combined
with the lagged policy rate. The lagged rate captures the slow-moving component of the
monetary policy reaction function, reflecting the well-known inertia of policy decisions,
while textual embeddings provide incremental information about potential deviations from
this baseline. In particular, changes in the tone or emphasis of the minutes may signal
reassessments of inflation risks, shifts in the balance of probabilities, or forward-looking
guidance about the policy stance.

Regularization plays a central role in making this joint information structure empiri-
cally viable. Even after dimensionality reduction through PCA, textual factors remain noisy
and weakly identified in small samples. Penalized estimators such as Ridge act as a statisti-
cal filter that stabilizes estimation and prevents noisy textual variation from overwhelming
the persistent signal contained in the lagged policy rate. The weaker performance of
PCA + OLS relative to PCA + Ridge illustrates that without regularization, textual variation
is more likely to reflect estimation noise rather than genuine policy signals.

The regime decomposition further reinforces this interpretation. The gains from
incorporating textual information are concentrated in meetings associated with policy
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changes, where models augmented with textual factors achieve lower mean squared error.
In contrast, persistence-based forecasts remain highly competitive during rate-maintenance
episodes, when the policy rate is deliberately held constant for several meetings. This
state-dependent performance is consistent with the economic role of central bank com-
munication: during extended plateaus, the minutes largely reaffirm an unchanged policy
stance, whereas during transition periods, they tend to reflect evolving assessments of
macroeconomic conditions and risks.

This regime-specific behavior is also consistent with the visual evidence from the
time-series plots of predictions and errors, where the largest improvements from text
occur around turning points in the monetary policy cycle. From a filtering perspective,
textual embeddings can therefore be interpreted as noisy signals about changes in an
underlying policy state. Their informational value increases when that state is shifting,
while it naturally diminishes during periods of policy stability.

Monetary policy typically exhibits substantial inertia. Central banks tend to adjust
policy rates gradually and maintain the policy stance across several meetings once an
appropriate level has been reached. As a result, the distribution of policy rate changes
contains a large mass at zero, reflecting extended periods of unchanged rates. In such
environments, persistence-based forecasts constitute a strong benchmark because the most
likely outcome at any given meeting is often no change in the policy rate. Statistically, the
high frequency of zero outcomes strengthens the predictive power of simple autoregressive
structures and limits the scope for additional predictors to improve forecast accuracy.

This feature has important implications for models incorporating textual information
from central bank communication. During prolonged periods of policy stability, the infor-
mational content of official communication regarding imminent policy adjustments is often
limited. The minutes frequently reiterate previous assessments of inflation dynamics, eco-
nomic activity, and risks while reaffirming the current policy stance. In these circumstances,
textual signals tend to confirm the prevailing policy position rather than provide new infor-
mation about future policy moves, implying a small incremental predictive contribution
relative to persistence.

The forecasting environment therefore exhibits a form of regime dependence.
Persistence-based models tend to perform best during maintenance phases, whereas textual
communication becomes more informative when the policy stance is evolving. Episodes of
tightening or easing are often accompanied by shifts in the central bank’s narrative about
inflation risks, macroeconomic conditions, or policy trade-offs. These changes may appear
in the language of the minutes before they are fully reflected in policy decisions, allowing
text-based predictors to capture early signals of upcoming adjustments. Consistent with
this interpretation, the empirical results show that improvements from including textual
factors are concentrated around policy transition episodes rather than during prolonged
rate-hold periods. This suggests that textual communication is most informative about the
timing and direction of policy shifts while naturally providing limited additional predictive
value when the policy rate remains stable. The findings indicate that the predictive value of
central bank communication varies across the monetary policy cycle. Textual information is
most informative when the policy stance is shifting, as forward-looking signals embedded
in communication can help anticipate upcoming rate adjustments. During periods of strong
policy inertia, however, persistence-based forecasts remain difficult to outperform because
policy decisions tend to remain unchanged across meetings.

Overall, the evidence suggests that textual information provides incremental forecast-
ing power only when combined with dynamic structure and regularization. Rather than
replacing persistence, text refines it by acting as a conditionally informative signal about
regime transitions, consistent with a filtering perspective in which embeddings become
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useful only after appropriate shrinkage and in conjunction with the evolving dynamics of
policy decisions.

5. Conclusions
This study examined whether the textual content of Copom minutes contains pre-

dictive information about subsequent changes in the Selic policy rate. The results show
that text alone is not sufficient to outperform simple benchmarks that exploit the strong
persistence and discreteness of monetary policy decisions. Models based exclusively on
textual factors tend to be unstable and fail to capture the dominant temporal dependence
embedded in the policy cycle.

When textual information is combined with short-run dynamics and appropriate
regularization, however, it contributes incremental predictive value. In particular, text-
augmented models better anticipate policy adjustments and reduce forecast errors around
turning points of the monetary policy cycle. This indicates that the informational content of
the minutes is complementary rather than substitutive: it refines expectations about future
decisions but does not replace the inertia embedded in past policy actions.

A central regularity is that the predictive gains from text are concentrated in episodes
of rate changes. During periods of policy maintenance, persistence-based benchmarks
remain highly competitive, reflecting the prevalence of unchanged decisions and the
gradual nature of monetary policy. In contrast, when policy shifts occur, the language of the
minutes appears to convey signals about evolving risks and forward-looking assessments
that help anticipate both the direction and magnitude of future moves.

Although the textual factors are primarily used for prediction rather than structural
interpretation, it is informative to examine the Copom meetings associated with extreme
realizations of the principal components extracted from the minutes. These episodes
typically coincide with major turning points in Brazil’s monetary policy cycle, when
central bank communication becomes richer in forward-looking signals. Several large
factor realizations occur during periods of monetary tightening associated with elevated
inflationary pressures. Meetings during the 2021–2022 tightening cycle, for example,
correspond to strong positive realizations of the first textual factor. During this period,
Copom repeatedly emphasized the deterioration of the inflation outlook and the need for
rapid monetary policy normalization, highlighting persistent inflationary pressures from
commodity prices, food and energy shocks, and exchange rate pass-through [50].

Another set of extreme realizations is associated with the later stages of the tightening
cycle, when the Selic rate approached highly restrictive levels. Minutes from mid-2025
emphasize the resilience of domestic economic activity, elevated inflation expectations,
and the need to maintain a contractionary stance for a prolonged period [47–49]. These
discussions highlight concerns about the balance of risks and appear in the textual factors
as large deviations from the average tone of the minutes.

Meetings associated with extreme negative textual factor realizations typically occur
during transitions toward monetary easing, when Copom communication shifts toward
discussing the moderation of inflation, the cumulative effects of previous tightening, and
uncertainties surrounding the pace of policy normalization. In these episodes, the min-
utes often emphasize external risks, fiscal developments, and the lagged transmission of
monetary policy. More broadly, extreme values of the textual factors tend to coincide with
periods of elevated macroeconomic uncertainty and active changes in the policy stance,
reinforcing the empirical finding that textual information from Copom minutes is most
informative around turning points of the monetary policy cycle, when communication
conveys stronger signals about the future path of interest rates.
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The results support the view that central bank communication contains economically
meaningful information, but that its value materializes only within models that respect
the underlying dynamics of policy decisions and control for overfitting. Textual signals
enhance forecasts primarily by sharpening responses at moments of adjustment rather
than by improving performance in tranquil periods. These findings underscore both
the potential and the limits of textual analysis in monetary policy applications and high-
light the importance of integrating modern text representations with disciplined dynamic
modeling frameworks.

Beyond statistical forecast evaluation, the results have direct implications for financial
market participants exposed to monetary policy risk. In Brazil, expectations about the path
of the Selic rate play a central role in the pricing and hedging of fixed-income securities,
interest rate swaps, and derivatives linked to short-term rates. In particular, the Brazilian
exchange (B3) lists derivatives whose payoffs are directly linked to Copom decisions,
commonly referred to as Copom options, which allow market participants to hedge or
speculate on the outcome of upcoming monetary policy meetings.

In this context, the forecasting framework developed in this paper can be interpreted
as a tool for extracting incremental information from central bank communication that may
complement market-based expectations. Because Copom minutes are released between
policy meetings and often contain qualitative assessments of inflation dynamics, economic
activity, and the balance of risks, text-based models provide a systematic way to translate
this information into quantitative signals about the likelihood and magnitude of future
policy adjustments. Our results suggest that such signals are most informative during
periods in which the policy cycle is actively changing, episodes of monetary tightening or
easing, precisely when uncertainty about future policy decisions tends to be higher and the
pricing of policy-sensitive instruments becomes more volatile.

From a risk management perspective, improved forecasts of policy adjustments can
enhance the calibration of scenario analyses and stress-testing exercises for interest rate
exposures. For example, financial institutions managing fixed-income portfolios may use
the forecasts to update the distribution of potential policy outcomes ahead of Copom meet-
ings, improving hedging strategies in DI futures or options on policy decisions. Similarly,
traders in Copom-linked derivatives may use signals extracted from the minutes as an
additional input alongside market-implied expectations derived from the term structure of
interest rates.

The study has several natural limitations. First, the sample is short and the target
variable is discrete, which increases the difficulty of outperforming mechanical benchmarks
and reduces the power of formal tests. In line with the concentration of observations at
zero, purely autoregressive models naturally perform well in terms of RMSE by producing
forecasts close to zero most of the time, even if they fail to capture rare but economically
relevant rate changes. Second, there is an operational timing issue: the minutes are
published after the meeting, so the results should be interpreted as evidence about the
informational content of the text rather than as a strictly real-time forecasting strategy for
the subsequent decision (a natural extension is to focus on documents available immediately
after the decision (e.g., the statement) or to redefine the forecasting horizon to reflect the
publication calendar of the minutes). Third, the use of embeddings combined with PCA
imposes an aggregated representation of the text that may not fully exploit document
structure, such as sections, tone, topics, or emphasis.

Several extensions are left for future research. Although the Gaussian forecasting
framework provides a practical and stable approach in the present small-sample setting,
several alternative modeling strategies could be explored in future research. Because Selic
rate decisions are discrete and exhibit a substantial mass at zero, one natural extension
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would be to consider ordered or multinomial specifications that explicitly model the
probability of tightening, easing, or maintaining the policy rate. Another possibility would
be to adopt hurdle-type or two-stage models that separately capture the probability of
a rate change and the magnitude of the adjustment conditional on a change occurring.
Classification-based approaches based on machine learning methods could also be used
to focus directly on predicting the direction of policy moves. Exploring these alternative
frameworks could provide additional insights into how textual information from central
bank communication affects different dimensions of monetary policy predictability.

Another avenue is to incorporate additional textual sources from central bank commu-
nication at different horizons, such as the post-meeting statement, press conferences, or the
Inflation Report. Measures of tone (e.g., hawkish versus dovish) could also be included as
complements to embeddings. Further robustness checks could explore alternative evalua-
tion schemes (e.g., rolling windows) and loss functions less sensitive to a small number
of outliers. Finally, expanding the sample and investigating subperiods—particularly in
light of changes in the monetary policy framework and communication style—would help
assess the stability and generality of the results.

In summary, the evidence suggests that textual information from Copom minutes
contains incremental predictive signal for Selic rate changes, but this value materializes
primarily when text is combined with dynamic structure and regularization and is most
pronounced during episodes of policy adjustment. At the same time, simple benchmarks
remain difficult to outperform during rate-maintenance periods, and formal statistical
evidence is constrained by sample size. Even so, the exercise demonstrates the feasibil-
ity of integrating modern textual representation techniques with rigorous out-of-sample
evaluation protocols in applied monetary policy analysis.
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Appendix A. Computational Implementation
All code was implemented in Python (3.9) using a Jupyter Notebook v6 and executed

in a local environment. The project is organized into standardized directories that store
raw data, PDFs of the Copom minutes, and time series from the Central Bank of Brazil.
These directories also contain the final panel used in the estimations, including the target
variable and the embeddings aggregated at the meeting level, as well as tables and figures
generated automatically.

The implementation is structured in stages covering project setup and configuration;
collection and cleaning of the Selic target rate series and construction of the target variable;
acquisition, extraction, and textual preprocessing of the minutes; generation and aggrega-
tion of embeddings by meeting; estimation and out-of-sample predictive evaluation using
baseline models, text-based models, and robustness extensions; and the production of diag-
nostic tables and figures. At each stage, intermediate and final outputs are saved to disk,
allowing for full auditing and replication of the results. The consolidated performance table
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across models is stored, while additional diagnostics—by regime, error decomposition, and
test-period plots—are saved in a separate directory.

Reproducibility is ensured through the use of a fixed pseudo-random seed, explicit
storage of experimental configurations, and a standardized evaluation protocol. In particu-
lar, all transformations potentially subject to temporal leakage—most notably the estimation
of the PCA used to construct textual factors and the selection of hyperparameters in regu-
larized models—are performed exclusively using training data within each iteration of the
expanding-window backtest. As a result, out-of-sample forecasts replicate an operational
setting in which, at each meeting, only information available up to that point is used to
update parameters and generate ŷt+1|t.

Copom minutes
(PDF per meeting t)

Selic series
(target per meeting)

Extraction
PDF → text

Chunking
{Tt,c}Ct

c=1

Chunk-level embeddings
et,c ∈ R384

Meeting-level aggregation
et = 1

Ct
∑c et,c

Target construction
yt+1 = 100(Selict+1 − Selict)

Meeting-level panel
{ yt+1, yt, et, meeting_datet }

Predictive protocol: expanding window backtest
For t = t0, . . . , T − 1: train {1, . . . , t} and test {t + 1}

PCA (train-only)
ft = Pk(et), k ∈ {1, . . . , 5}

Regressors
Xt = [1, yt, f⊤t ]

Models evaluated (one-step ahead)
Baselines: RW(0), Persistence (yt) | Text-only: PCA(k)+OLS

Main: PCA(k)+Ridge+lag(yt) |
Robustness: Elastic Net, SARIMAX/Kalman

Forecast
ŷt+1|t

Out-of-sample evaluation
RMSE, MAE, sign_acc and sign_accτ

Robustness: Diebold–Mariano vs Persistence

Figure A1. Empirical workflow: Copom minutes → embeddings → textual factors → models →
expanding-window backtest and out-of-sample metrics.
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