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Abstract. In recent years, central bank communication has become an important part of modern monetary
policy. Beyond setting interest rates, central banks have started to use communication to signal their views
on the future economic path.

A growing number of studies suggest that the tone extracted from central bank reports or policy
Statements can improve forecasts for inflation and other macroeconomic variables. However, most of the
evidence comes from developed countries or the euro area while emerging countries remain relatively
underexplored. Our paper addresses this gap by examining whether narratives contained in official
monetary policy documents improve inflation forecasting accuracy in Romania.

We used quarterly data from the first quarter of 2007 to the fourth quarter of 2024 to construct a
sentiment indicator derived from the content of monetary policy minutes and complementary press releases
published by the National Bank of Romania. The sentiment measure is determined by using a transformer-
based language model trained on financial text and it is then included in a multivariate Bayesian time series
model along with inflation. To evaluate its usefulness, we generated forecasts in a recursive out-of-sample
framework at horizons of one to four quarters ahead which were then evaluated relative to a univariate
autoregressive benchmark.

The results showed that the inclusion of the sentiment index extracted from the monetary policy
documents published by the central bank improves forecast accuracy, especially in calm periods. These
findings suggest that central bank narratives can serve as a complementary source of information for
inflation forecasting in an emerging economy context.

Keywords: Inflation forecasting, Central bank communication, Monetary policy minutes, Sentiment
analysis, Text as data, Bayesian vector autoregression, Emerging economies.

Introduction

He main mandate of most central banks is related to price stability, which makes inflation
forecasting a key input into monetary policy decisions. Traditionally, forecasting models rely
mainly on structured historical macroeconomic data that are compiled from official statistics.
However, recent advances in natural language processing have made it possible to incorporate
unstructured textual information into econometric or machine learning forecasting models. In this
context, since central bank communications serve to guide expectations and contain information
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about how policymakers assess inflationary pressures, risks and economic developments, it is
interesting to analyze whether they contain forward-looking information that is not fully captured
by historical macroeconomic data.

Therefore, this paper examines if narratives found in monetary policy minutes add useful
predictive information for inflation. The issue is particularly relevant for Central and Eastern
European (CEE) economies. In these countries inflation is often influenced by external shocks and
communication plays an important role in guiding expectations.

More specifically, the research question of the paper is whether sentiment extracted from
monetary policy minutes improves the accuracy of inflation forecasting relative to standard time
series benchmarks. As a starting point, the analysis is based on two main assumptions. First,
sentiment derived from minutes contains relevant information about future inflation dynamics and
improves forecast accuracy when it is incorporated into an econometric model. Second, the
predictive contribution of sentiment is likely to be stronger at medium-term horizons, reflecting
the forward-looking nature of monetary policy discussions.

Our paper contributes to the literature in two ways. First, it provides such predictive
evidence for Romania, which is part of the CEE region that remains relatively underexplored in
macroeconomic forecasting using textual data. Second, it constructs a sentiment indicator from
central bank communication derived using FinBERT, a transformer model trained on financial text.

From an empirical perspective, this paper evaluates the forecasting value of monetary
policy minutes-based sentiment within a Bayesian vector autoregression, which is estimated
recursively in an expanding window. For this purpose, forecasts are generated for horizons from
one to four quarters and are compared with a standard autoregressive benchmark. The results
indicate that adding sentiment to the Bayesian VAR consistently improves the accuracy of inflation
forecasts, with gains increasing with the forecast horizon and under calm economic regimes. This
supports the idea that the policy narratives embedded in minutes contain useful information for
inflation forecasting at medium-term horizons, especially for periods when the economic
environment is not affected by strong external shocks.

The remainder of the paper is structured as follows. Section 2 reviews the related literature.
Section 3 describes the data, construction of the sentiment indicator and the econometric
methodology. Section 4 presents and discusses the results, while Section 5 concludes.

Literature review

Recent advances in natural language processing (NLP) have made it increasingly feasible for
economists to use unstructured text data as quantitative input in empirical analyses. According to
the text as data paradigm, formalized by Gentzkow et al. (2019), language is transformed into a
numerical representation that can be included in econometric and machine learning models. The
increasing availability of digital text has opened new possibilities for macroeconomic research.
The value-added is even greater for analysis where key variables such as inflation, gross domestic
product, or unemployment are observed at low frequencies and released with substantial delays. In
this context, textual data can complement traditional time series, both by helping to forecast future
developments and by providing timely signals about current macroeconomic conditions, a practice
often referred to as nowcasting (Banbura et al., 2013).

Early studies in this area relied primarily on sentiment measures based on dictionaries and
bag-of-words methods. Although they have the advantage of providing transparency, the
disadvantages are related to the fact that these methods have a limited ability to capture semantic
context and changes in language over time. Subsequent research has introduced more flexible tools,
such as topic modeling and word embeddings, that allow researchers to identify underlying themes
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and semantic relationships in large textual datasets (Blei et al., 2003; Mikolov et al., 2013). More
recently, transformer models and large language models (LLMs) have further extended the scope
of text analysis, producing representations that take context into account. Also, survey papers such
as those by Marcucci (2024) document the growing use of these tools in macroeconomic
forecasting. They present evidence that forecasts using LLMs for inflation and unemployment can
outperform traditional benchmarks, including professional forecasters, in certain contexts.

Central bank communication is a particularly useful source of textual data in
macroeconomics. Official publications such as inflation reports, monetary policy statements,
meeting minutes or speeches provide insights into how policymakers interpret economic
conditions, inflationary risks and future policy directions. A growing body of literature shows that
these communications contain information beyond that conveyed by policy actions alone. For
example, Boukus and Rosenberg (2006) demonstrate that FOMC minutes provide information
relative to policy rate decisions, while Hansen and McMahon (2016) show that changes in tone of
central bank communication generate “language shocks” with effects on financial markets and
macroeconomic outcomes. Importantly, narrative aspects contain information that is not fully
captured in quantitative forecasts. An important contribution is provided by Hansen et al. (2019)
who find that narratives from Bank of England inflation reports about risks and uncertainty contain
predictive information not fully captured by published numerical projections.

These results have stimulated a growing area of research that incorporates textual indicators
directly in macroeconomic forecasting models. Ferreira (2021) proposes econometric models that
augment vector autoregressions and dynamic factor models with latent textual factors extracted
from central bank communications, finding improvements in forecasting accuracy for key
macroeconomic variables. Also, Clements and Reade (2020) show that sentiment extracted from
Bank of England reports improves macroeconomic forecasts when incorporated into econometric
models.

A more specific literature looks at the importance of central bank communication in
forecasting inflation. Early studies typically relied on dictionary approach or dovish - hawkish
measures derived from policy statements or monetary policy minutes. Recent studies are using
data-driven representations. Araujo et al. (2025) show that textual embeddings can yield predictors
that improve inflation forecasts, particularly at medium-term horizons, even after controlling for
the central bank’s own projections.

Also recently, LLMs have been used both as forecasting tools and as instruments for
extracting structured information from policy narratives. Allard et al. (2024) introduce a model
base on BERT architecture that was fine-tuned to capture sentiment related to inflation from news
and demonstrate that incorporating the resulting sentiment index into a standard nowcasting
framework improves inflation predictions during periods of elevated volatility. In a related manner,
Faria-e-Castro and Leibovici (2024) show, in retrospective exercises, that inflation forecasts
generated by LLMs can outperform the Survey of Professional Forecasters, while Zarithonarvar
(2025) provide evidence that LLM-generated inflation expectations exhibit biases similar to those
observed in household surveys. These suggest that such models can be used as experimental tools
to evaluate the effects of communication strategies on expectations.

Despite these advances in research, empirical results for emerging economies are still
relatively scarce. Most studies tend to focus on advanced economies, leaving open the question of
how well these approaches translate to different institutional and macroeconomic conditions. In the
context of emerging countries, Simionescu (2025) shows that incorporating sentiment extracted
from the National Bank of Romania’s (NBR) quarterly Inflation Reports improves inflation
forecasting performance. Another contribution is provided by Nitoi et al. (2023), who fine-tuned a
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transformer model on central bank communication, for the purpose of predicting the monetary
policy rate. Similarly, de Jesus and da Nobrega Besarria (2025) analyze public documents from the
Central Bank of Brazil and and find that sentiment indicators constructed using a time-varying
improve forecasts of inflation and GDP growth.

Methodology

From a methodological perspective, this paper draws on the intuitive forecasting comparison
proposed by Araujo et al. (2025), who evaluate the marginal predictive contribution of European
Central Bank communication by comparing simple autoregressive benchmarks with vector
autoregressions augmented with textual information. We adopt this general framework, but we
have several key differences. First, we focus on monetary policy minutes and press releases rather
than on short excerpts from ECB press conference statements. Second, we extract sentiment with
a transformer specifically fine-tuned for economic and financial text instead of employing a
dictionary-based approach. Finally, the analysis is carried out in the context of an emerging
economy, where the results may differ from those observed in advanced economies.

Therefore, our focus is on enhancing traditional inflation forecasting models with inputs
from official documents related to monetary policy meetings of the National Bank of Romania
Board. These documents summarize policy deliberations and include forward-looking assessments
of macroeconomic developments, including the inflation projections.

Monetary policy minutes are available from Q4 2016 to Q4 2024 and represent the main
source of textual information used in the analysis. However, to extend the sample period of the
analysis and ensure a sufficiently long estimation sample, we supplemented it with sentiment
derived from NBR press releases starting from Q1 2007. By applying this strategy, we enlarge our
series without a meaningful loss of informational content. One argument in favor of our approach
is the Pearson correlation between the sentiment indicators computed from minutes and from press
releases on the overlapping period, 0.71, indicating strong linear co-movement between the two
sources. Thus, we construct a unified quarterly sentiment indicator from Q1 2007 to Q4 2024.

All monetary policy documents are obtained from the official website of the National Bank
of Romania. Year-on-year quarterly inflation data for Romania were gathered for the period QI
2007 to Q4 2024 from Eurostat.

Before extracting sentiment, documents were cleaned to remove institutional content that
does not contain information about macroeconomic conditions. This meant in particular to exclude
document headers as well as standard sections listing the members of the Board present at each
meeting and their official titles.

After preprocessing, the remaining narrative content was divided into individual sentences,
which serve as the unit of analysis for the sentiment classification.

The next step was to extract the sentiment indicator using FInBERT (Araci, 2019), a
publicly available BERT encoder fine-tuned on financial classification datasets. The model has
three probabilities as outputs for each sentence: positive, negative, and neutral sentiment.

Let pZ{,S, Pas> and pg,s denote the positive, negative, and neutral probabilities assigned by
FinBERT to sentence s in document d. We define the sentence-level net sentiment as

Sentd,s = p;,s - p;,s (1)
The document-level sentiment indicator is obtained by averaging across all S; sentences in

document d:

Sent,; = é ZjilSentd‘s (2)
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where S; denotes the total number of sentences in document d, s =1, ...,5;, and d indexes
individual monetary policy documents.

We assume an end-of-quarter forecasting scheme, which allows us to use report(s) in the
quarter of interest before inflation is computed. To construct a quarterly sentiment series, in
quarters in which multiple monetary policy minutes were published, the corresponding sentiment
indicators are averaged, resulting in a single quarterly observation.

As for the econometric approach, past inflation values and sentiment data were included in
a Hierarchical Bayesian VAR (BVAR) model as defined in (Giannone et al., 2015). The model can
be specified as:

Ye =Qo+ Q1Ye—q Tt apyep + € (3)
€ ~ N(0,X)
where y; is a vector of endogenous variables including inflation and the sentiment indicator,
p denotes the number of lags, and €, is a vector of structural shocks. The coefficient matrices a; and
the covariance matrix £ are estimated using a Minnesota-type prior. Similarly to (Araujo et al.,
2025), we set p = 4.

Model estimation and forecasting are carried out in a recursive out-of-sample setting. The
initial estimation window includes 20 quarters, which corresponds to five years of data. At each
forecast point in time, the model was recursively re-estimated as new observations became
available, and inflation forecasts are generated for horizons of one to four quarters ahead. This
setup allows us to evaluate the model's performance in a way that closely replicates real-time expert
forecasting. In total, there are W = 49 windows. The MCMC procedure uses 1000 burn-in draws
and 4000 retained draws, from which the median is derived and used as a point forecast for
inflation. Finally, we compare the BVAR forecasts with those obtained from a simple but widely
used autoregressive (AR) benchmark model.

The lag order of the AR benchmark is set equal to the lag length used in the BVAR
specification. This ensures comparability between models and avoids differences in forecast
performance from alternative lag selections.

Forecast accuracy is evaluated using the Root Mean Squared Error (RMSE) and the Mean
Absolute Error (MAE) computed per horizon:

o 1 A~ )2
RMSEL(y, 9) = [&541Giun — Fun) @)
~ 1 ~
MAEy(y, 9) = . Z0=11Ywn = Jwal (5)
where y,, , and 9, , represent the actual and predicted value for window w and horizon h,

respectively.

Finally, we rely on the Diebold—Mariano test to formally compare the predictive accuracy
of competing models and determine whether the improvements associated with sentiment
including are statistically significant.

Results and discussions

Before comparing the forecasting performance of the models, it is helpful to first take a closer look
at the behavior of the sentiment indicator over time. Figure 1 shows the evolution of the quarterly
monetary policy sentiment index between 2007 and 2024.
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Figure 1. Quarterly monetary policy sentiment indicator (2007-2024)

The sentiment indicator shows notable variation over time, with pronounced declines
during the global financial crisis, the COVID-19 pandemic, and the increase in inflation after 2021.
The dynamics suggest that the index captures shifts in the tone of monetary policy communication
consistent with major macroeconomic tensions.

Table 1 presents the out-of-sample forecast accuracy for the Bayesian VAR augmented
with sentiment extracted from minutes versus the autoregressive benchmark, evaluated using
RMSE and MAE at horizons from one to four quarters ahead. Overall, the results show that the
sentiment-augmented model performs better than the benchmark across all horizons. These results
indicate that incorporating information extracted from monetary policy minutes improves inflation
forecasting accuracy relative to a model based solely on past inflation dynamics.

The magnitude of the improvement increases with the forecast horizon. At the one-quarter-
ahead horizon, the reduction in forecast errors is modest, while at horizons of three and four
quarters ahead the gains become more pronounced. This pattern is consistent with the hypothesis
that policy narratives contained in monetary policy minutes convey forward-looking information
that is more relevant for medium-term inflation dynamics than for short-term fluctuations. In
contrast, the autoregressive benchmark relies exclusively on historical inflation and therefore lacks
access to such narrative signals.

Table 1. Out-of-sample RMSE and MAE for the BVAR and AR (benchmark)
models for 1 to 4 quarters-ahead forecasting. Best values are highlighted in bold.

Horizon | RMSEpy . RMSE MAE 4z MAE
hl 1.40 1.49 1.11 1.17
h2 2.18 2.44 1.64 1.93
h3 2.94 3.32 2.26 2.67
hd 3.63 4.17 2.82 3.36

Source: Authors’ own research.

Additional insight is provided by Figure 2, which compares actual inflation with forecasts
generated by the BVAR and AR models at selected horizons. One-quarter-ahead predictions on the
left track the actual inflation rate closely, with minimal differences. For farther horizons, on the other
hand, variability increases. On the right, we can see that BVAR forecasts track actual inflation more
closely during calm periods of relative macroeconomic stability (Q1 2012 — Q4 2019), while in the
turbulent period of Q1 2020 — Q4 2024, both models fail to predict the inflation spike in time.
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Figure 2. Actual, BVAR, AR forecasts for 1 and 4 prediction horizons

To expand on the previous observations, we formally evaluate whether the differences in
forecasting accuracy between the sentiment-augmented BVAR model and the autoregressive
benchmark are statistically significant in the two specified regimes. The Diebold—Mariano (DM)
test for equal predictive accuracy is applied to each horizon and regime.

Table 2 presents the DM test statistics for each forecast horizon across the two regimes.
Negative sign means that BVAR outperforms the AR benchmark. During the calm period, the
BVAR model is shown to outperform the AR benchmark in a statistically significant manner.
However, in the turbulent regime, the AR benchmark performs slightly better, but without the DM
test rejecting the null hypothesis. Our results suggest that sentiment extracted from monetary policy
communication provides statistically significant improvements in inflation forecasting during
periods of relative macroeconomic stability, while periods characterized by large and unexpected
shocks show a diminished contribution. One possible explanation is that during episodes of
heightened uncertainty, inflation dynamics are driven more strongly by exogenous shocks, such as

geopolitical tensions, oil crises, or pandemics, than by signals embedded in central bank
communication.

Table 2. Diebold—Mariano test statistics for BVAR vs. AR forecasts

Horizon Calm Turbulent
hl -1.8* 1.16
h2 -2.37* 1.50
h3 -2.02% 1.81
h4 -1.68** 1.66

Note: * significant at 5%, ** significant at 10%. Negative values indicate lower forecast errors for the BVAR model.
Source: Authors’ own research.

In line with recent findings in the literature on macroeconomic forecasting using textual
data (Araujo et al., 2025), our evidence suggests that narrative indicators are particularly valuable
over longer horizons, where expectations, credibility, and assessments of persistence play a more
important role. These findings are especially relevant in the context of an emerging economy where

such communication plays a key role in shaping expectations and signaling policy decision-
making, particularly for internal shocks.

Conclusion

This paper investigates whether the narrative contained in monetary policy minutes can improve
inflation forecasts when included in a standard econometric model. By extracting a sentiment index
from documents published by the National Bank of Romania, using a transformer model tailored
to economic and financial language, and incorporating it into a Bayesian vector autoregression, we
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obtain improvements in inflation forecasts, especially in calm periods. The gains in forecast
accuracy are observed for several forecast horizons and become more pronounced in the medium
term, indicating the forward-looking nature of monetary policy communication.

While most of the studies have focused on advanced economies, our findings contribute to
the growing literature on text-based macroeconomic forecasting by providing new evidence in the
context of an emerging economy.

The approach adopted in this paper has practical implications. In particular, sentiment
measures derived from official communications may serve as useful complementary sources of
information for macroeconomic forecasting models. More broadly, the methodology can be
extended to other central banks in the Central and Eastern European region, allowing for cross-
country comparisons of communication effectiveness and its role in shaping inflation expectations.

However, our analysis also has some limitations and future research could provide
additional empirical evidence on this topic. First, the sentiment indicator is constructed using a
single NLP model and aggregation scheme, and alternative representations of textual information
may produce different results. Second, for the forecasting exercise we focused only on two
variables and a single benchmark model, leaving scope for further comparisons with richer
multivariate or nonlinear models. Third, our analysis assumes a specific timing structure for the
availability of policy documents. While consistent with the forecasting design, it may not fully
capture real-time information constraints faced by central bank experts.

There are also several natural extensions. Future studies could compare different
approaches to sentiment measurement, expand the information set with additional macroeconomic
indicators, or apply the same methodological framework to other Central and Eastern European
economies. A more ambitious direction would be to go beyond aggregate sentiment and extract
more granular signals from text, assessing their contribution to forecast performance.
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