Financial and Economic Review, Vol. 25 Issue 1, March 2026, 27-52.

Natural Language Processing-Driven Use-Cases
for Economic Analysis Using Unstructured Data*

Csandd Temesvdri® — Bedta Horvdth® — Livia Réka Onozé

Economic text data, such as news articles or retail trade item names, are an
alternative, feature-rich, high frequency information source that can provide insight
into economic trends and generate timelier and more accurate estimates. We
trained multiple deep learning models for two distinct research tasks: 1) the creation
of a sentiment index derived from the categorisation of financial and economic
articles into three sentiment categories; and 2) the classification of retail trade item
names into appropriate tariff categories. Our models consistently outperformed
their baseline counterparts for retail trade item classification, while our sentiment
index was able to accurately predict economic downturns where high-frequency
data were not available.
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1. Introduction

The rapid growth of Natural Language Processing (NLP) and the availability of large-
scale textual data provide a powerful tool for economists to analyse information.
Within economics, the text-as-data paradigm has become one of the most dynamic
methodological frontiers, allowing researchers to extract sentiment and narratives
directly from unstructured sources such as news, corporate filings, and online
media. Recent comprehensive reviews, such as Ash — Hansen (2023) and Gentzkow
et al. (2019) have documented this transformation, emphasising the centrality of
text-based measures in modern empirical economics. More broadly, the intersection
between machine learning, NLP, and economic forecasting is now recognised as a
key research domain, connecting to foundational work on nowcasting and real-time
macroeconomic monitoring (Babii et al. 2021).
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Parallel progress in NLP itself has been driven by deep neural networks and,
most notably, transformer architectures (Vaswani et al. 2017). Models such as
Bidirectional Encoder Representations from Transformers (BERT, Devlin et al.
2019) have set new performance benchmarks across diverse text classification and
sentiment analysis tasks, and they are still a competitive class of models in the
Large Language Model era (Rostam — Kertész 2025). These architectures enable
contextual understanding that differs from traditional dictionary-based or bag-of-
words methods, which struggle with words having multiple meanings and negation.
In economics, this has encouraged a different avenue from handcrafted lexicons
(Tetlock 2007, Loughran — McDonald 2011) toward contextual embeddings, resulting
in richer, more accurate representations of economic narratives (Nasiopoulos et al.
2025). The main application of transformer-based models is in transfer learning,
where a model is first trained on billions or even trillions of words or subwords
known as “tokens” in a semi-supervised setting, with the goal of predicting the
next token from an input of several tokens. This encourages the model to learn
the pattern of the human language to build a foundational knowledge. Next, the
model is trained on a task-specific corpora such as economic or financial texts, to
achieve superior predictive performance in a domain-specific context, known as
“finetuning”. This enables the final model to exploit both the knowledge of human
language, and to be able to perform in a domain such as finance (FinBERT, Huang
et al. 2022) or scientific texts (SciBERT, Beltagy et al. 2019).

Sentiment analysis of economic news gives insights into public mood and market
trends, without delays (Onozé et al. 2024b:1). The ability to generate high-frequency
indicators from textual sources provides policymakers and economists with near-
real-time signals that complement lagging official statistics. At the EU level as a
whole, de Bondt — Sun (2025) created a classification system using ChatGPT to
assign hawkish or dovish sentiment to monthly global PMI reports. The authors
successfully used these scores in a regression setting to improve the accuracy of
the euro area GDP nowcast estimates. At the country level, Kalamara et al. (2022)
created a sentiment index from articles from three prominent UK newspapers with
both occurrence-count and supervised machine learning methods. Their index,
in combination with other metrics, had remarkable predictive power for “proxy”
metrics, widely used by British economists and policymakers. Both Aguilar et al.
(2021) and Sobrino et al. (2020) constructed a sentiment index for the Spanish
economy via keyword searching, using seven major news sites and the quarterly
reports of the Bank of Espana, respectively. Both indices were found to perform
better at nowcasting national GDP and GDP growth than a survey-based proxy
measurement.

With a limited pool of readily available economically relevant sentiment data,
manual annotation is needed to create a sufficient dataset for finetuning.
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However, this annotation requires significant manual labour and collaboration. To
counteract this, active learning (AL) has emerged as a way to combine a small
amount of manually annotated data with a large surplus of available, unlabelled
examples. Active learning selectively identifies the most informative examples for
labelling, thus considerably reducing the annotation burden, while maintaining
(or increasing) model performance. There are multiple strategies to find the most
informant datapoints, ones that choose examples which are semantically similar
to previously misclassified sentences (Jiang et al. 2012) or ones where our model
is not as “confident” in its prediction (Schréder et al. 2022) or both (Chen et al.
2011). While the annotators are still mostly human annotators, there is an increase
in using LLMs both as annotators and as methods to choose from the unlabelled
data, such as pruning not promising datapoints or ranking the data for selection.
LLMs are also being used as a vehicle for creating new labelled instances (Xia et
al. 2025). These heuristics have been used effectively for multiple different NLP
tasks, demonstrating their power in creating efficient data generation for training
machine learning models (Settles 2011; Zhang et al. 2022). A notable example for
using active learning in NLP for Hungarian data is Uveges et al. (2024), wherein the
authors classify legal documents into law categories using deep learning models.
The use of active learning managed to narrow down the data needed to reach
baseline accuracy by up to 60 per cent.

This paper contributes to the literature by showcasing two instances of using
transformer models for classifying Hungarian natural text data. First, we finetune
different BERT models to generate sentiment scores for news articles. The data
comes from two prominent Hungarian online news outlets. A topic modelling was
chosen to create economically and financially relevant news database. We also
used different AL heuristics to assess their efficacy in increasing model accuracy.
The annotations were carried out using ChatGPT. The sentiment scores are then
aggregated into a high-frequency sentiment index. This index is then evaluated for
its predictive capacity and timeliness relative to key macroeconomic indicators,
including gross domestic product (GDP), the purchasing manager’s index (PMI),
and the unemployment rate. For evaluating the predictive performance, we use
the Granger causality test (Granger 1969) and in certain cases, the Toda-Yamamoto
causality test (Toda — Yamamoto 1995), which are hypothesis tests to measure
whether lagged values of one time series have a statistically significant power to
predict a second series. We use dynamic time warping (DTW, Berndt — Clifford 1994)
to measure the alignment between the sentiment indices and macro variables.
Moreover, as text-based proxy indicators and indices are an effective way to predict
crisis periods (Baker et al. 2016), we used a threshold autoregressive distributes lag
(TADL, Tong 1978) model to assess whether or not the sentiment indices behave
differently during crisis periods (such as the great financial crisis or the Covid-19
pandemic). As an additional point of interest, we performed inference with the
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trained BERT models on a subset of the FineWeb dataset, a web crawl dataset from
the CommonCrawl Repository.

Our second use-case trained transformer models to classify retail store receipt
item names into Combined Nomenclature (CN) categories. The data was acquired
from the National Tax and Customs Administrations and consists of receipts from
major retailers in the country. We finetuned different BERT models to categorise
the item names, where we created two different types of embeddings: one based
on word co-occurrences, and one where the pretrained model’s tokeniser created
the vector representation.

The remainder of this paper is organised as follows. Sections 2 and 3 showcase
the two use-cases we investigated, both including the datasets we used, our
methodology for the research, and our results. The conclusion follows in Section 4.

2. Sentiment analysis of news articles

2.1. Data

The first text data source was a collection of economic and financial news articles
from two prominent Hungarian news portals that we scraped with the consent of
the media. In accordance with the agreement between the central bank of Hungary
and the news outlets, the publishers’ name may not be disclosed: therefore, we
refer to them as Medium 1 and Medium 2. The dates of the articles range from 1999
to 2020. To filter out economically and financially relevant articles, we used topic
modelling, namely latent Dirichlet allocation (LDA). This method is trained on the
whole corpus of Hungarian economic news articles to group similar news together.
The model assumes that the articles arise from a mixture of latent “topics”, and the
number of topics is a hyperparameter. The training of the model starts out with a
probability distribution for each article over the topics and each topic over the set
of words and continually updates these using the word co-occurrences between
different news in the corpus. By the end, each article will have a certain probability
to fall into each topic. We used a grid-search approach to tune the hyperparameters,
including the number of topics, and the number of articles the model processed in
each iteration. The final model was chosen based on its perplexity, which measures
the model’s ability to generalise to new data. The final model used 16 categories
and after a manual inspection of the top 20 most probable words for each topic,
13 of these categories were economically and financially relevant. The final dataset
was constructed by filtering out the articles whose most probable topic was not in
the selected relevant topics.

Figure 1 depicts the distribution of the number of articles broken down by year
of publishing, while Table 1 breaks down the numbers by medium. Our goal was
two-fold: First, to train a machine learning model to assign a sentiment to a given
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economic or financial article, whether it is positive, neutral or negative. Second, to
aggregate these scores into a monthly sentiment index to assess its power to predict
the drifts of the economy. To create a small, but usable labelled dataset, out of the
9 million sentences contained in the 700,000 articles we manually annotated 1,645
through a consensus approach, where three economic experts from the Magyar
Nemzeti Bank (MNB, the central bank of Hungary) assigned a sentiment to each
sentence, and the sentences’ label was accepted if two out of the three votes
matched. Out of these, a majority vote only occurred for 87 per cent of them,
narrowing the dataset down to 1,431. For the training-validation-test data, we
split the remaining articles according to a 70—20-10 per cent split, giving us 1,000
articles as training data, 287 as validation data for hyperparameter tuning and 144
for testing.

Article count Avera!ge monthly First article Last article

article count
Medium 1 293,665 1,112 15-02-2000 31-12-2020
Medium 2 404,894 1,533 01-01-2000 31-12-2020
Total 698,545 2,645 01-01-2000 31-12-2020

Source: Arthur et al. (2023:3)
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2.2. Methodology

For a baseline, we established a dictionary-based method. This approach uses a set
of pre-defined words, which convey either positive or negative economic sentiment.
It has many benefits: it is conceptually simple, it is computationally inexpensive,
and the results are easily interpretable. However, the construction of this dictionary
is not straightforward. Words that have negative sentiment in a common sense
might lose this in a financial context, which makes the use of a general lexicon
ineffective (Loughran — McDonald 2011). This led us to construct our own financial
and economic dictionary. We aimed to not use a fixed corpus, as it would have
made the dictionary restricted and would be biased to our specific dataset. The
inference of this model consists of counting the number of words that are present
in the dictionary, then summing their scores (+1 for a positive sentiment, —1 for a
negative), then normalising it by the size of the whole dictionary. This results in a
net sentiment score for an article, which conveys the overall sentiment: positive, if
this number is greater than zero, negative if less than zero, and neutral otherwise.
The index is created by averaging out the scores of all the articles in each month.

Our deep learning solution to classifying the news articles is based on two
transformer models, both based on huBERT, a BERT model pretrained on the
largest Hungarian web corpus (Nemeskey 2020). One of the transformer models is
finetuned for named entity recognition (NER) (Yang — Vdradi 2023), while the other
is finetuned for sentiment analysis (Yang — Laki 2021). Both models are open-source
models and are freely available on the Huggingface! platform (NYTK/named-entity-
recognition-nerkor-hubert-hungarian, NYTK/sentiment-hts5-hubert-hungarian). Our
model training included a thorough search for the optimal hyperparameters. We
used the freely available Optuna? software library to streamline the computation,
and all the different combinations were evaluated using the loss on the validation
set to avoid overfitting, including the batch size, the number of epochs to train the
model for, the dropout rate and the weight decay rate. Our experiment revealed
that the batch size, the number of sentences that are given to the model at a time,
was the most influential parameter, and therefore the most important to tune. This
creates a trade-off between better resource management (small amounts of data
create less strain on the system) and better generalisation (small amounts of data
give less informant gradient for minimising the loss function). We did not modify
any other hyperparameters and used the same configuration for both the NER and
sentiment scoring models.

L https://www.huggingface.co
2 https://www.optuna.org/
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With our limited amount of annotated data, and a large corpus of unlabelled
available news articles, using active learning to improve model performance was a
suitable approach. Active learning is a human-in-the-loop methodology to increase
the generalisation capabilities of a machine learning model. This entails an iterative
fashion of training: after the model is trained on the initial training dataset, we
select a subset of the unlabelled data which we think are the most useful for the
model based on some heuristic, add these to the training data, re-train the model,
etc. This process of iteratively labelling new data aims to use the least amount of
data needed to train a performant classifier. Our experiments used three different
heuristics. As a baseline, we sampled random sentences from our pool of unlabelled
sentences, keeping in mind the distribution of the articles per month.

Our first heuristic uses the embedding vectors produced by our transformer models.
We compute the embedding vectors for all the unlabelled sentences. Then we
filter out the sentences from the test set, where the model predicted negative for
a positive sentence, and vice versa. These data points provide the biggest learning
opportunity for the model to correctly classify a sentence’s sentiment. Next, we
searched for all the unlabelled sentences whose cosine distance from any of the
misclassified sentences is less than 0.00033 but still positive; this threshold was
chosen based on the distribution of the different distances. Our final dataset is a
sample from these new sentences. This form of active learning aims to provide
better context for the model by labelling sentences which are semantically close
to ones the model misclassified.

The second heuristic uses the prediction of the neural network to assess its
uncertainty about its generalisation. Since we equipped the transformer models
such that it is appropriate for classification, the output is a probability distribution
over the available sentiment categories, negative, neutral and positive. We used
the entropy corresponding to the prediction, calculated via Equation (1):

3
HG) = =) p0) - logep(x), &)

where p(x;) denotes the probability for each of the three possible outcomes. The
closer to each other these probabilities are, the more uncertain the model is about
its predictions. One outcome with a much higher probability conveys confidence
about the model’s decision. This approach hypothesises that the data which the
model is uncertain about lies on the decision boundary of two categories, and
therefore labelling those datapoints helps the model to achieve better accuracy.
Our investigation revealed that around the entropy of 1.2 the maximum probability
value had a noticeable increase. We used this threshold to sample sentences whose
entropy exceeds that value. As a final heuristic, we implemented a sampling method
which combined both the embeddings of the sentences as the output of the model
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through the method called uncertainty sampling. We ranked all the unlabelled
sentences according to the metric m, which was computed via Equations (2)—(5):

s1.c(¥) = 1= maxp(x) =:1 = P(emax ) 2)

sme (X)) = [PCtmax) — P(tmax-1)| (3)

Dgyg(x) = deos (X, Xsen) (4)

m(x) = (1 = Dayg () - (0.6 - 5,¢ () + 0.4 - 53,6(x)) (5)

where s,(x) denotes the least confidence, which measures how confident the model
is in its most probable prediction, sy,s(x) measures the margin between the first and
second most probable answer, while D,,4(x) is the cosine distance of the embedding
of the sentence from the average embedding X,

For each heuristic, the samples consisted of 5,000 unlabelled sentences; this was
deemed to be an appropriate amount of additional training data for the models.
The labelling was done by ChatGPT using the official OpenAl API. As economic news
articles contain a large proportion of neutral sentences, we reduced all categories
of the newly labelled data to the sentiment with the lowest number of sentences,
in order to create a balanced dataset for all active learning strategies. The new
labelled sentences were added to the original training data, and the model was
retrained with the extended dataset. This iteration of picking out new unlabelled
sentences and annotating them using ChatGPT was carried out four times in total
to produce the final models.

The time series aggregation methodology followed a hierarchical structure from
sentence-level to monthly level indices. First, we extracted the sentence-level
sentiment. The article-level sentiment index was constructed by summing the
sentiment scores of all sentences within each article, providing a comprehensive
measure of the overall sentiment tone of the text. The monthly level sentiment
indices were computed by taking the arithmetic mean of all article-level sentiment
scores within each month, enabling comparison with monthly macroeconomic data.

We compared the monthly sentiment index aggregated from the sentiment scores
to three different macroeconomic time series. Gross domestic product (GDP)?
measures the total value of all final goods and services produced within a country’s
borders over a given time period. It serves as a key indicator of a nation’s economic
activity and overall economic health. The unemployment rate* is a survey-based
indicator that represents the percentage of the economically active population

3 Data source: MNB
4 Data source: Eurostat
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who are without work, according to the International Labour Organization (ILO)
definition. The purchasing managers’ index (PMI)> is an economic indicator
comprised of monthly reports and surveys from private sector manufacturing
firms. It reflects business conditions such as production, new orders, employment,
and supplier deliveries, with values above 50 indicating expansion and below 50
indicating contraction.

Identification of the macroeconomic variables was done through a systematic
empirical approach using rolling window correlation analysis. Specifically, we
employed a rolling window to identify the economic indicator that demonstrated
meaningful co-movement with our sentiment indices. This data-driven process
made it possible that only those macroeconomic variables were included in
the final analysis that exhibited similarities with our sentiment measures. This
approach allowed us to capture time-varying relationships and identify patterns
across different time periods, which aimed to make robust variable selection. For
both GDP and the unemployment rate, year-over-year measures are used, as these
indicators are more suited to capturing the long-lasting effects conveyed through
news dynamics. Due to the data generation process, there may be discrepancies
in the temporal alignment, which could affect the interpretation of the results.
The monthly GDP estimate is an internal indicator created by the MNB. The
unemployment data come from the Hungarian Central Statistical Office (HCSO).
For the direct estimation of the monthly unemployment rate, the HCSO uses state
space models to estimate monthly employment and unemployment data (Horvdth
— Lovics 2023). The PMI data is published by the Hungarian Association of Logistics,
Purchasing and Inventory Management (HALPIM).

2.3. Evaluation

To assess the efficacy of our training, we used several metrics that are well known
for their use in machine learning. For classification, we used the weighted precision,
recall and F1 score and the balanced accuracy score. These metrics combine the
measures for all classes, computing a weighted average of the metrics for each
category with the number of elements as the weight, to give an over-encompassing
and balanced metric for the capabilities of the model.

For the generated sentiment index, we used two different time series alignment
measures. The first one is the Granger causality test (Granger 1969), which is a
statistical hypothesis test to assess whether or not a series can predict another
one, or rather, whether past values of one series contain information that helps
to forecast the other. For two time series X and Y, two autoregressive models are
constructed via Equation (6) and (7):

® Data source: Investing.com [Hungary Manufacturing Purchasing Managers Index (PMI)]
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P
Y= ag + Z oY i+ & (6)
i=1
and
p p
Vi = ap+ Z a¥_; + Z BiXi—i + & (7)
i=1 i=1

The null hypothesis states that X does not Granger-cause Y, which is equivalent of
the following:

Ho: By = Bp == Bq=0 (8)

Equation (8) states that the coefficients B; are all zero, meaning no past values of
X are significant in predicting Y. If we can reject the null hypothesis at a certain
level, it means that lagged values of X have statistically significant predicting power
for future values of Y. The Granger causality test assumes that the time series are
stationary. This will be tested using the augmented Dickey—Fuller statistical test
(ADF, Dickey — Fuller 1979). If the results of the ADF test indicate that a time series
is non-stationary, the Toda—Yamamoto (Toda — Yamamoto 1995) procedure was
applied to test for Ganger causality. The method involves determining the maximum
order of integration (d,,,,) among the variables and selecting the optimal lag length
(k) for the standard VAR model. Subsequently, a VAR(k+d,,,,) model is estimated and
the causality test is conducted using Wald tests on the first coefficient matrices,
ignoring the last d,,,,. This augmentation enables robust Granger causality testing
even when the variables are non-stationary or cointegrated. The order of the
autoregressive expressions p is a parameter that we need to set ourselves. To find
the optimal lag order value, we reported the Bayesian information criterion (BIC,
Schwarz 1978) and the Hannan—Quinn information criterion (HQ, Hannan — Quinn
1979) for all values of p up to 8, then chose the one with the smallest BIC and HQ
score, and ran the Granger causality test with that parameter.

The second method to evaluate the alignment of two time series is dynamic time
warping (DTW, Proakis — Manolakis 2007), which tries to find the optimal alignment
between two series of numbers. For each point in the first series, the algorithm
tries to find the point in the second series with the lowest Euclidean distance to
it. The algorithm outputs a pairing, which must satisfy three conditions: 1) each
point in one sequence must be paired up with a point in the other; 2) the first
and the last points must be paired with each other; and 3) the pairs must be
monotonically increasing, meaning the pairs cannot “cross” each other. In practice,
another restriction called global constraint is also applied, i.e. the admissible points
are those whose positions in the two series are “close” to each other. Take, for
example a window size greater than 0, then for the coordinate j in the first series,
the paired up index i must be in the interval [j—w, j+w]. This not only alleviates a
heavy computational burden from trying to compute the distance of every different
combination of pairs of points which would result in a quadratic time complexity but
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is also in line with a locality argument, namely we are interested in local similarities
between our proxy indicators and the macroeconomic variables.

The algorithm produces a pairing of the two time series that pairs the endpoints
to each other and is monotonically increasing in both series. Figure 2 depicts an
example of an optimal path between two sequences. The y-axis corresponding to
the macroeconomic variable and the x-axis to the sentiment index generated from
a model’s predictions. The coloured fields are the eligible pairings according to the
global constraint, while their colour scale represents the cost of a pairing, measured
in the Euclidean distance between the two data points in the series, with darker
colour denoting a lower value. The red dots denote the coordinates of the optimal
pairings, and the Dist field is the sum of all costs of the pairs.

Figure 2
Optimal DTW cost path of the cosine active learning index and the year-over-year
GDP index

Cosine active learning sentiment index
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Threshold autoregressive distributed lag (TADL) models were estimated to
investigate whether the overall fit between the news indices and macroeconomic
data differs during crisis and non-crisis periods. TADL models are particularly
useful in capturing regime shifts and nonlinear dynamics in time series data, as
they help reveal whether underlying economic relationships change significantly
under different conditions. The number of regimes and the threshold values were
determined using the Bai—Perron test (see Bai — Perron 1998).

The TADL model extends the standard threshold autoregression (TAR) model
specification by allowing contemporaneous and distributed lag terms. In the case
of a two-regime TADL model, the formulation is shown in Equation (9):

¢+ Z ayYe-i+ ) Brjxe-j t & ifyi1 <y
i=1 j=0
Ye = ; (9)

C + Z i YVe-i + Z BajXe-j + €t ifye_1 >y
i=1 Jj=0

where y, is the dependent variable at time t; x,_; are the lagged values of the
explanatory variable; y,_; are the lagged values of the dependent variable; a; ; and
a,; are the autoregressive coefficients for the dependent variable in regime 1 and
2, respectively; B;;and B, ; are the coefficients for the explanatory variable in each
regime; y is the threshold value that determines the boundary between the two
regimes; and g, is the error term.

2.4. Results

Table 2 summarises our results for the model training. We chose the sentiment
model trained with no active learning as the baseline, as the active learning models
were building upon this model, making it a natural candidate. This also allowed us
to evaluate how much performance the different active learning heuristics provide.
The overall best performing model was the model with the cosine-based active
learning, achieving the highest accuracy. The uncertainty-based active learning
model had the best performance in categorising neutral sentences, which we
deemed important, as the news articles’ sentiment is heavily imbalanced towards
neutral sentiment. We chose these two models to generate the sentiment indices
from the database of news. The optimal DTW distances are introduced in Table 7
in the Appendix. For the PMI, both active learning models generated a comparable
result. The dictionary-based method achieved the lowest distance to year-over-year
GDP change, while for the unemployment rate, the BERT models achieved a lower
distance than the dictionary-based model.
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Model Precision Recall F1-score Balanced
(%) (%) (%) Accuracy (%)
Baseline sentiment model 62.64 63.19 62.47 62.16
Uncertainty active learning (AL) model 65.76 65.28 65.35 65.14
Cosine active learning (AL) model 70.77 70.14 70.29 70.19

Source: Authors’ calculations

The optimal lag length analysis yielded the same results for PMI and GDP, using
both the BIC and HQ criteria. For the unemployment rate, we considered the HQ
results, taking into account the properties of the unemployment rate series. The
results can be found in Table 6 in the Appendix.

The Granger causality analysis indicates that all news sentiment indices contain
information that helps to forecast the examined macroeconomic indicators. In the
case of the unemployment rate, cosine AL sentiment index and uncertainty AL
sentiment index, the Toda-Yamamoto methodology was applied. The results of
the stationarity tests are presented in Table 5 in the Appendix, while the Granger
causality tests are reported in Table 3.

Cosine AL sentiment Uncertainty AL Dictionary-based

index sentiment index sentiment index
GDP YOY 0.0678 0.063 0.0000
PMI 0.0004 0.0002 0.0000
Unemployment rate YOY 0.0255 0.017 0.0000

Note: YOY: Year-over-Year
Source: Authors’ calculations

The TADL analysis of macroeconomic variables and sentiment indices supports the
findings that the overall fit between the news indices and macroeconomic data
differs between crisis and non-crisis periods. In the following analysis, the economic
indicators are used as dependent variables and the cosine AL sentiment index is
used as the independent variable, representing the best-performing model, as shown
above. In the case of the PMI, two regimes were identified. The threshold value is
49.5, which aligns the PMI index’s formulation, where a value below 50 indicates
contraction. When the values are below the threshold, both lagged and coincident
sentiment indices are statistically significant, indicating a leading and predictive
effect. By contrast, in the other regime, the relationship suggests contemporaneous
co-movement. For GDP, the TADL model identifies three distinct regimes: one

39



Csandd Temesvdri — Bedta Horvdth — Livia Réka Onozd

40

that corresponds to periods of substantial decreases, another that corresponds to
periods of “normal” changes, and a third that corresponds to periods of substantial
increases. The results show that the lagged variables of the news sentiment indices
have different effects across these regimes. In the regime with decreasing GDP, the
effects are leading meaning the lagged variables have predictive effect, while in the
period of “normal” changes, the impact is not statistically significant. By contrast,
during the increasing period, the news index suggests a simultaneous association with
GDP. For the unemployment rate, the TADL model identifies four distinct regimes: one
for large decreases in unemployment rate changes, two for moderate changes, and
one for surge increases in unemployment rate changes. The results suggest that very
different processes are taking place in the four regimes. Only during periods of surge
increases in the unemployment rate changes do the lagged variables of the news
index become significant, indicating a leading and predictive effect. The outcomes
of the TADL analysis can be found in Table 8 in the Appendix.

2.5. Inference on the Fineweb?2 dataset

As a further evaluation of our active learning-aided transformer models, we sought
to generate another index from a different Hungarian dataset. The Fineweb2 dataset
is a multi-trillion token natural text dataset from more than 1,000 languages,
consolidated from the CommonCrawl| open repository of web crawl, to create a
clean, multilingual dataset for all NLP tasks. Each datum is a snapshot of the textual
information from a website, preprocessed through a special pipeline, which includes
deduplication of the website content, filtering for NSFW sites, and fixing encoding
issues. For a detailed explanation on the preprocessing, see Penedo et al. (2025).

We selected the Hungarian portion of this dataset, which consisted of text from
50 million websites, with timestamps ranging from March 2013 to April 2024. We
used the LDA model trained on the news articles to infer the latent topics and
kept the data which fell into the same pre-defined categories. As processing the
whole filtered dataset was not feasible on a reasonable timescale, we decide to
take a randomised sample, where we chose 100 datapoints from each day. This
resulted in 110,000 unique websites, comprised of 3,665,315 sentences which we
deemed enough data to create the index. The inference of the models and the
index generation were conducted in the same manner as described in Section 2.2.
Figure 4 in the Appendix shows the chart of the generated indices for the cosine AL
model, compared against the year-over-year GDP percentage change. The sentiment
index went through a linear scaling, and thus its minimal and maximal value equals
the corresponding minimal and maximal value of the GDP change. The sentiment
indices seem to follow the dynamics of GDP, especially at the onset of the Covid-19
pandemic. In response to Covid-19, both GDP and sentiment indices experienced a
significant decline. However, the drop in the sentiment indices appears to be more
persistent. One possible reason for this is that the news, focused for an extended
period on the economic burdens caused by Covid and the long-term effects of the
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resulting uncertainties. The continuous flow of negative information, combined with
the slow recovery of the economy, may have contributed to the indices remaining
at a low level for a prolonged period. However, no clear lead-lag relationship could
be found between the two series.

3. Retail trade items classification

3.1. Data

For the trade item classification task, we used an extract of the Online Cash Register,
a list of approximately 445,000 unique trade item names provided by the Hungarian
National Tax and Customs Administration (NAV). Our goal was to finetune a model
to predict the item’s Combined Nomenclature (CN) code, which is the European
Union’s standard for classifying retailed goods and is built on the Harmonised
System (HS). The CN code is an eight-digit hierarchical code system, with each two
additional codes refining each category. In our dataset, only 53,292 unique trade
items had a valid four-digit CN code. Within these categories, we selected 17 of these
four-digit categories as our focus, as these categories were retail item categories
(as our research focus), and with enough items for a finetuning to be effective.

The data cleaning consisted of the following steps: first, cleaning any marker that
could point to the retailer the receipt was from (e.g. the name of the store for a
store-exclusive product). For privacy and security reasons, this step was carried
out by the Tax Authority, which removed any empty items, instances that do not
correspond to products (discounts, coupons) and any extra characters (commas,
colons, white spaces). Many items had, as part of their name, an indication about
the packaging (empties, weight, measurements). For the second step, we created
two datasets: one in which this extra information about packaging is removed, and
one where it is not, and compared the performance of the models on both datasets.
We first split the dataset into an 80—-20 per cent part for the train-test split, and then
we took a 10-per cent random sample from the training data for the validation split.

3.2. Methodology

We identified two different possibilities to create embeddings. First, we created
them through a modified TF-IDF (Term Frequency—Inverse Document Frequency)
algorithm (Sparck Jones 1972), which uses character co-occurrences to create
similar vectors for similar item names. The models trained using the first method
are called vectorised models. The second option was to let the pretrained model
create its own vector representation through its tokeniser. We compared three
different models: RoBERTa (Liu et al. 2019), huBERT (Nemeskey 2020) and PULI (Yang
et al. 2023). All models are transformer-based open-source models and are available
on HuggingFace (SZTAKI-HLT/huBERT-base-cc, sentence-transformers/all-roberta-
large-v1, NYTK/PULI-GPT-2). For the finetuned models — since language models
are next-token predictors — we modified the final layer to align with our goals for
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classification. This process led us to create and compare six different models. The
final training pipeline of the methodologies is depicted in Figure 3.

Figure 3
Schematic of the vectorised learning and finetuning

Item CN category

Vectorised Trained
representation model

Item names—
CN category pairs

l

Pretrained Classification Finetuned
model head model

Source: Authors’ compilation

3.3. Results

The results are summarised in Table 4. For all models and training, the performance
was better on the dataset in which the packaging information was not removed,
compared to the one where it was, meaning that this information was helpful
for the models to distinguish between different categories. While only looking at
the precision values one could think the two different training paradigms were
close in performance, a more comprehensive metric such as the balanced accuracy
reveals the superiority of finetuning over using only the embeddings generated
from the models. This difference indicates that the attention mechanism that drives
transformers is capable of capturing semantic relationships between different parts
of the items’ description better than a simple co-occurrence algorithm. For both
vectorised and finetuned models, the huBERT based model was the best performer
in most metrics. This is an expected result, as the PULI model is a generative model,
which is less suited for classification tasks. Their mutual dominance over the
RoBERTa model can be attributed to the fact that, while RoBERTa was pretrained on
a multilingual corpus, both huBERT and PULI were pretrained solely on a Hungarian
language corpus, making them suitable for tasks with predominantly Hungarian
data.
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Table 4
Vectorised and finetuned model results
Model Precision Recall Fl-score Balanced Accuracy
(%) (%) (%) (%)

Vectorised RoBERTa 61.29 17.32 6.27 6.66
Vectorised huBERT 60.45 17.35 6.34 6.67
Vectorised PULI 61.96 17.22 6.06 6.58
Finetuned RoBERTa 85.84 85.73 85.69 83.42
Finetuned huBERT 88.02 87.97 87.93 85.82
Finetuned PULI 86.63 86.49 86.44 83.95

Source: Authors’ calculations

4. Conclusions

Our study investigated Natural Language Processing methodologies, leveraging
deep learning models, more precisely transformer-based architectures for creating
high-frequency, low-latency indicators from unstructured economic texts. We used
financial and economic news articles akin to Kalamara et al. (2022) and Aguilar
et al. (2021) and retail trade item names and transformed them into actionable
classification instruments. These feature-rich sources served as a good basis to
generate accurate estimates of economic dynamics, which were validated by the
techniques used.

For the sentiment analysis, our deep learning models were effective in assigning
sentiment categories to different articles. The use of active learning heuristics
enhanced model generalisation capabilities and rendered the models more
effective by using less training data needed for finetuning, similar to Uveges et al.
(2024). The cosine-based AL model achieved the highest overall accuracy, while the
uncertainty-based AL model demonstrated remarkable performance in classifying
neutral sentences, a critical capability given the heavy imbalance toward neutral
sentiment in economic news data. The resulting sentiment index proved to be
effective in predicting economic downturns, particularly where high-frequency data
were unavailable.

The time series analysis revealed complex, regime-dependent predictive
relationships between the news sentiment indices and key macroeconomic
variables. The main methodologies used in our paper show the following results:

1. Granger causality and dynamic time warping (DTW): The Granger causality
analysis indicated that all derived news sentiment indices contain statistically
significant information for forecasting the examined macroeconomic indicators.
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Regarding optimal alignment, the dictionary-based method yielded the lowest
DTW distance when compared to year-over-year GDP change and the PMI, but
the active learning-based indices achieved a better fit for unemployment change.

2. Threshold autoregressive distributed lag (TADL) Analysis: The TADL models,
estimated to capture regime shifts, confirmed that the correlation between
news indices and macroeconomic data differs significantly between crisis and
non-crisis periods.

Our results show that in the domain of retail trade item classification, the
implemented models — specifically, the finetuned transformer architectures
(RoBERTa, huBERT, PULI) — exhibited superior performance relative to their baseline
counterparts, and this gain was demonstrated by the balanced accuracy scores. The
huBERT model pretrained on a Hungarian language corpus proved to be the optimal
performer across most classification models, highlighting the benefit of language-
specific pretraining for tasks involving Hungarian language analysis. Furthermore,
the inclusion of packaging information within the trade item names enhanced
model efficacy, indicating its utility in distinguishing between product categories.
A performant classifier in the task of classifying retail items would be a welcome
addition to the NLP ecosystem, as misclassifying such items has major legal and
material consequences (Onozd et al. 2024a:133).

In summary, this study demonstrates the significant potential of applying advanced
deep learning and NLP techniques to unstructured data, offering a valuable toolkit
for macroeconomists and decision-makers on the market seeking enhanced
predictive power and a deeper understanding of nonlinear economic dynamics.
Future research directions could include developing a more sophisticated sentiment
category system to create specialised sentiment indices, which would enable more
granular analysis of economic narratives and their different impact across economic
domains.
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Appendix
p-v:\l;is of Ln:os:la(:,i;tsics Integration Granger test

GDP YOY 0.0095 0.1483 1(0) standard
Unemployment YOY 0.5325 0.4619 1(1) Toda—Yamamoto
PMI 0.0000 0.1962 1(0) standard
Cosine AL sentiment index 0.0042 0.6134 1(1) Toda—Yamamoto
Uncertainty AL sentiment index 0.0044 0.8021 1(1) Toda—Yamamoto
Dictionary-based sentiment index 0.0023 0.2500 1(0) standard
Note: YOY: Year-over-Year
Source: Authors’ calculations

Variable pairs BIC HQ 0;:::::;:;“5
GDP YOY — Dictionary-based sentiment index 1 1 184
GDP YOY — Cosine AL sentiment index 1 1 184
GDP YOY — Uncertainty AL sentiment index 1 1 184
Unemployment YOY — Dictionary-based sentiment index 1 1 172
Unemployment YOY — Cosine AL sentiment index 1 1 172
Unemployment YOY — Uncertainty AL sentiment index 1 1 172
PMI — Dictionary-based sentiment index 1 3 184
PMI-Cosine AL sentiment index 1 3 184
PMI — Uncertainty AL sentiment index 1 4 184

Note: YOY: Year-over-Year
Source: Authors’ calculations

Cosine AL sentiment Uncertainty AL Dictionary-based

index sentiment index sentiment index
GDP YOY 10.2385 10.6563 4.4337
Unemployment YOY 15.6824 16.0024 18.099
PMI 8.4366 8.8464 6.8814

Note: YOY: Year-over-Year
Source: Authors’ calculations
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