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ABSTRACT

Timely and spatially detailed indicators of regional economic activity are limited. This paper
introduces the Regional Economic News Sentiments (REGENS) index, a high-frequency measure
based on geocoded news headlines from 300+ German-language outlets since 2019. REGENS
captures local economic sentiment, aligns with national indicators, and significantly leads regional
unemployment by up to four months. While its link to GDP growth is weaker, it consistently reflects
regional economic patterns. The study highlights how media signals contribute to understanding
economic development and illustrates the potential of text-based indicators to sharpen the spatial and

temporal resolution of regional monitoring.
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1 Introduction

Monitoring regional economic developments with high-frequency, real-time data is essential for practitioners and
scholars. Traditional economic indicators often suffer from significant delays and do not fully capture the dynamic
nature of regional economies, creating the need for more responsive and granular measures (Deller, 2010). This necessity
aligns with calls in economic geography to better integrate temporal information to understand regional disparities and
growth dynamics (Pike et al., 2006). Moreover, economic geography has long emphasized the importance of time in
understanding economic processes (Boschma & Martin, 2007; Henning, 2019). However, while the discipline has
focused extensively on long-term trajectories, short-term economic fluctuations, which may shape or disrupt regional

development paths, have received much less attention in empirical research.

This study introduces the Regional Economic News Sentiments (REGENS) index—a novel, location-specific, real-time
measure of economic sentiment. Building on advances in text analysis and natural language processing, including
transformer-based models, the index is constructed from systematically geocoded news content. It uses the Regional
News Syndication database (RegNeS), which aggregates daily news headlines and snippets from more than 300 German-
language outlets since 2019 (Ozgun & Broekel, 2021). By extracting sentiment signals from economic coverage,
REGENS aims to capture how regional economies are portrayed in the media, and, by extension, how they are perceived

with high temporal and spatial resolution.

Although news data has long been used in macroeconomics and finance to measure sentiment, expectations, and
informational shocks (Cutler et al., 1988; Friedman & Schwartz, 1963; Garcia, 2013; Tetlock, 2007), its use in regional
economic analysis remains limited. Recent work has begun to bridge this gap: Berle and Broekel (2025) and Ozgun and
Broekel (2021) demonstrate that news sentiment and content reflect regional characteristics, while Peris et al. (2021)
highlights how news flows between places mirror broader spatial interdependencies. Garz (2018) and van Binsbergen
et al. (2024) show that national-level news sentiment indices can predict macroeconomic indicators such as GDP and
unemployment. However, most of these contributions operate at coarse spatial scales (e.g., national or state level) and
focus on where news circulates rather than what is reported about specific regions. This study contributes to closing this

gap by developing a subnational fine-grained indicator based on the portrayal of regional economies in the news.

In doing so, the paper makes several contributions. Empirically, it shows that the REGENS index aligns with established
national sentiment benchmarks and systematically tracks regional unemployment dynamics, with statistically significant
associations emerging at lags of up to four months. This temporal pattern indicates that the index captures forward-
looking economic signals embedded in news reports. Although the relationship with annual GDP growth is more
modest, the point estimates remain directionally consistent, suggesting that the sentiment of the regional news reflects
elements of the underlying economic trajectory. In sum, these results highlight the potential of REGENS as an early
signal of changing regional economic conditions, particularly in settings where conventional statistics are released with

substantial delay or lack sufficient spatial resolution.
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Conceptually, the study engages with broader debates on the role of media as both a mirror and a shaper of regional
perceptions and economic expectations. It connects with recent perspectives that frame media as institutional actors
and emphasizes the emergence of “local narrative landscapes” (Berle & Broekel, 2025). Methodologically, the paper
highlights the potential of integrating news data and natural language processing tools into regional economic analysis.
The approach introduced here is scalable and adaptable, providing a blueprint for developing similar indicators for other
topics such as sustainability or innovation. Over time, such indices may offer more flexible and fine-grained monitoring
of regional developments than is possible with conventional data sources (Arribas-Bel, 2014; Batty, 2013; Ye & He,

2016).

The structure of the paper is as follows: Section 2 reviews the literature on news-based sentiment indices and the
spatial dimensions of news data. Section 3 introduces the REGNES database and outlines the empirical framework.
Section 4 details the construction of the REGENS index. Section 5 evaluates its national counterpart against established
indicators. Section 6 investigates the regional patterns of REGENS and assesses its explanatory power. Finally, Section 7

summarizes the findings and outlines future research directions.

2 News, Sentiments, and Space

2.1 News as Information Source Covering Time and Space

News has been recognized as a rich and timely source of information on societal and economic dynamics for a long time.
For instance, research in political science uses it to identify, measure, and analyze political conflicts and developments
over time and space (Arzheimer & Bernemann, 2023; Blood & Phillips, 1995; Lheureux, 2023). Similarly, in economics,
there is a long-standing interest in using news coverage to capture, nowcast, and forecast economic developments
(Barsky & Sims, 2012; Beaudry et al., 2011; Iselin & Siliverstovs, 2016; Jiang et al., 2023; Nowzohour & Stracca,
2020). This research builds on the idea that economic activities are reflected in news coverage through the reporting of

economic events and stories (Boydstun et al., 2018).

In this context, the framing of news is particularly relevant, as it plays a key role in how audiences understand and
interpret issues (Vicsek, 2011). Entman (1993) conceptualized framing as the process of highlighting certain aspects of
reality in communication to shape how issues are defined, interpreted, evaluated, or addressed. Framing captures how a

topic is presented, including the selection of information, tone, and evaluative stance.

Among the various dimensions of framing, sentiments reflect the evaluative tone of coverage, and capture whether
a topic is reported in a positive, neutral, or negative light. Concerning economic news, their sentiments (economic
sentiments) describe how economic topics and events are evaluated at a given moment in time, which makes them a
frequently used vehicle for tracking and monitoring the perceived state of an economy (Shapiro et al., 2022). Thereby,
positive economic sentiments are generally associated with reports of favorable developments, such as increasing profits,
revenues, business opportunities, or growth-supporting social, technological, and institutional changes. Conversely,

negative sentiments often align with adverse evaluations of these aspects. Yet, while sentiments provide a descriptive
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lens on the economic situation, this description is not objective but subject to many biases. With significant heterogeneity
between outlets, media tends towards negative presentation (DellaVigna & Kaplan, 2007) and selectivity, including the
underrepresentation of minorities (Gentzkow & Shapiro, 2006; Khoo et al., 2012). Consequently, the mirror has some
imperfections that must be considered when working with such data. This includes the fact that news in general and
economic news sentiments, in particular, are not just reflections of events and processes but also shaping forces of these.
For instance, (economic) news sentiments have been shown to influence perceptions, expectations, and subsequent
actions of economic actors such as businesses, consumers, and policymakers (Shapiro et al., 2022) as well as to impact

economic output, employment, and business activities (Acharya et al., 2017; Benhabib et al., 2016).

Nonetheless, the value of economic news sentiments as an information source remains evident, as illustrated by their
central role in widely used indices such as the Daily News Sentiment Index and the Economic Policy Uncertainty Index
(Baker et al., 2016; Buckman et al., 2020). These two indices also showcase the tendency of using economic news
sentiment information at the country level to capture macroeconomic trends and developments (Baker et al., 2016;
Tetlock, 2007). At this level, they have proven effective in predicting business cycles, stock market returns, prices,
trading volumes, and even house prices (Engelsberg & Parsons, 201 1; Greenwood & Shleifer, 2014; Li et al., 2014,
Schumaker et al., 2012; Soo, 2018; Uhl, 2011a, 2011b). By capturing the temporal fluctuations in tone and content,

news-based indicators often outperform traditional data sources, which are delayed or lack granularity.

Despite the wealth of studies leveraging news sentiments to understand economic dynamics over time, the spatial
dimension remains underexplored. Most research confines spatial analyses to international comparisons, overlooking
the rich potential of subnational variations. Yet, news coverage is inherently shaped by more granular geographic
targeting, as local, regional, and even parts of national outlets tailor their focus to specific subnational audiences. This
intrinsic link between news coverage and geographic specificity highlights the potential of economic news sentiments
to capture and analyze regional economic dynamics (Ozgun & Broekel, 2021). By providing geographically targeted
insights at the subnational level, news sentiment analysis addresses many of the limitations of traditional economic
indicators. The first benefit is its high level of granularity. Given sufficient observations, news information can be
linked to specific locations and aggregated to almost any desirable level. Its widespread availability further facilitates
the design of tailor-made indicators for monitoring regional economic developments both within and across regions.
Additionally, news sentiment analysis provides a wide breadth of coverage. By processing sentiment data from diverse
sources, researchers can extend their analyses beyond economic topics, incorporating political, social, and technological
dimensions (see, e.g., Berle & Broekel, 2025; Ozgun & Broekel, 2021, 2024). This capability supports the call for

broader and more inclusive perspectives when exploring regional developments (Coenen et al., 2012).

Another critical advantage of economic news sentiments is their timeliness. Unlike traditional indicators, such as the
unemployment rate, which is typically released monthly and lags actual economic developments by up to six months
(Decressin & Fatds, 1995), or GDP figures, which are published annually with a time lag of two to three years (see, e.g.,
Directorate-General for Economic and Financial Affairs, European Commission, 2024), economic news sentiments tend

to capture shifts in economic conditions at the national level almost instantly (Iselin & Siliverstovs, 2016; Shapiro et al.,
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2022). Such can provide researchers and local stakeholders, including policymakers, with faster and more actionable
information. In addition, news sentiments offer unparalleled flexibility in temporal resolution, enabling observations
at weekly, monthly, or even daily intervals (Ozgun & Broekel, 2024; van Binsbergen et al., 2024). Thereby, regional
economic developments become traceable more continuously and with observations at time intervals aligning with the

underlying economic processes.

2.2 The Spatial Dimension of News

Media outlets frequently cater to specific market segments and audiences, which are often geographically defined
(Gentzkow et al., 2011; Soroka, 2012; Stromberg, 2004). Consequently, the media adapts its content to align with
the preferences and concerns of these geographically distinct audiences (Gentzkow et al., 2011; Hamilton, 2011). For
instance, national newspapers typically focus on issues relevant to their home country, whereas regional and local
newspapers disproportionately emphasize topics and events of local significance (Hamilton, 2004). This geographic
targeting not only determines the selection of stories but also influences how they are framed, ensuring that the narratives

resonate with the priorities and interests of their respective audiences (Entman, 1993).

International research highlights the strong link between (national) audience characteristics and news reporting. Factors
such as population size, economic performance, proximity to news agency headquarters, and distance to events help
explain why some locations receive more prominent news coverage than others (Howe, 2009). Similar dynamics are
observed within countries. For example, Ozgun and Broekel (2021, 2024) show that the content of regional newspapers
in Germany reflects local characteristics, while Avraham and Ketter (2012) find significant differences in how central

and peripheral cities are portrayed in national news.

These subnational, interregional variations in news reporting include framing in general and sentiments in particular.
Local newspapers often use fewer negative terms when reporting on nearby companies, reflecting a more favorable
tone compared to national outlets (Gurun & Butler, 2012). Dominick (1977) and Brooker-Gross (1983) also show
that sentiments in TV reporting differ across states in the USA. Moreover, Ozgun and Broekel (2021) and Ozgun and
Broekel (2024) document significant variations in the sentiments with which innovation and COVID-19 are covered

across Germany’s subnational regions. van Binsbergen et al. (2024) extends these findings to economic news sentiments.

While subnational variations in (economic) news sentiments stand at the forefront of these studies, the methods used
to link news information to specific locations are not merely empirical decisions but carry theoretical implications.
Specific methods capture different perceptions and interpretations of economic realities by different entities. For
instance, Ozgun and Broekel (2021, 2024) use newspapers’ distribution areas to associate news with specific locations.
Similarly, van Binsbergen et al. (2024) assign geographical relevance to news using the federal state where a newspaper
is published.” However, associating news data with readership is not necessarily the most suitable approach when
constructing economic sentiment indices aiming at capturing the economic status and trends of specific locations.

Theoretically, linking news to locations involves multiple dimensions of meaning: it can be based on the audience

2This assessment is based on the limited details provided by the authors.
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(reflecting the news that the audience is exposed to), the events covered (capturing the content of the news), or the place

of authorship (representing the perspective of the media institution).

The first approach links news data to the audience’s location, focusing on where news is consumed (Gentzkow et al.,
2019). This approach reflects the potential influence of news on its audience through the information and sentiments

conveyed. Hence, it is most suitable for studying the effects of news on regional perceptions and behaviors.

The second approach involves assigning locations based on the geographic location of the events that the news describes.
In this case, each news item is tagged with the location(s) of the event(s) it reports on. News geolocated in this manner
provides insights into the events occurring in specific places. Thus, it is suitable when the focus is on describing what is

happening in locations.

The third approach considers the location of the individuals who produce the news (writing, filming, editing). This
approach focuses on the production side of news media. By adopting this approach, the perspectives on events that may
occur in different places are captured. This approach is especially useful when investigating potential institutional or

organizational motives behind selecting covered events or their framing (Hamilton, 2004).

Consequently, the second approach is most suitable when using news information, such as economic news sentiments,
to capture and monitor the economic development of locations. The other approaches risk producing biased results, as
the location of events covered in the news often differs from the location of news consumers, even for outlets focused
on local news. For example, van Binsbergen et al. (2024) geolocate news based on the audience’s location, producing a
sentiment index that reflects the status and development of the economy across all locations mentioned in the news,
rather than just a specific focal area. This approach highlights inter-regional variations in the news and sentiments to
which readers are exposed, which may influence audience behavior—a finding also supported by van Binsbergen et al.

(2024) in their historical analysis.

However, constructing a regional economic sentiment index in this way is less likely to offer insights into variations in
the current status of regional economies, particularly when significant portions of the news cover events outside the
audience’s locations. Here, the second approach is more suitable, which uses the location of covered events to geolocate
news. An index constructed in this way provides insights into the collective (when multiple news outlets cover the same
event) information on and perception of the reported event. It captures the relevance and sentiments associated with all
reported events and developments in a location, thus describing its (newsworthy) economic situation. This approach
also has a practical advantage as a side effect. News consumption data is often difficult to obtain and rarely available at
fine spatial resolutions. For example, van Binsbergen et al. (2024) rely on USA state-level information. In contrast,
in-text location references provide precise place names, enabling geolocating events and sentiments at very granular

spatial levels. Consequently, this approach will be used in this paper.

The three distinct approaches highlight the multiple dimensions characterizing the relationship between news and
space, which must be carefully considered when analyzing news from a spatial perspective. News is produced by

someone (third approach) to inform others (first approach) about events occurring somewhere (second approach). These
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dimensions collectively influence which events and locations are represented in the news and how they are framed. For
instance, local news outlets tend to overemphasize local events compared to national outlets, making the content highly
dependent on the type and scope of the media outlet. Additionally, the agenda-setting power of news outlets (McCombs
& Shaw, 1972; Wanta et al., 2004) influences the selection of stories and their framing, reflecting the institutional,

organizational, and geographic contexts of news production.

Mitigating such distortions requires leveraging news from a diverse and extensive range of outlets, especially when
analyzing coverage of particular topics or regions. The greater the diversity, the more likely these various spatial,

institutional, and organizational influences are accounted for.

3 Regional Economic News Data

3.1 Regional News Data

Capturing geographical variations in economic news sentiment requires comprehensive data from various outlets.
Large-scale initiatives, such as the Global Database of Events, Language, and Tone (GDELT), have demonstrated
the feasibility of assembling multi-source, geographically diverse news datasets on an international scale (Leetaru &
Schrodt, 2013). However, databases specifically designed to support representative subnational news analysis have
historically been unavailable or limited to specific thematic focuses (Garz, 2018). Recent advancements, however,
have addressed this gap, as evidenced by the extensive datasets employed by Ozgun and Broekel (2021, 2024) and

van Binsbergen et al. (2024) to analyze subnational (regional) sentiment variations.

This study builds on the works of Ozgun and Broekel (2021, 2024) by utilizing the Regional News Syndication RegNeS
database. The database is a daily collection of German-language news, which extracts information from RSS feeds of
professional news outlets from all over the German-speaking world (Germany, Austria, Liechtenstein, Luxembourg,
Switzerland) multiple times a day. Private blogs or special-interest news channels (public administration, sports clubs,
etc.) are not covered. The data exclusively features outlets publishing daily or weekly. The basis of the news extraction
is RSS-feed addresses that have been manually collected and that are constantly updated. Since its start in 2019, it has
experienced changes in the number of working RSS-Feeds and covered news outlets (see Figures la and 1b), it has
grown in coverage for most of its time (Figure 1c).® At the end of 2024, the database included over twenty-five million
news items obtained from over four hundred outlets. This makes it one of the largest available databases of German

news.

There are more RSS feeds than news outlets because most outlets operate multiple feeds, which focus on different
geographical areas and topics. The present paper considers only news from German media outlets and the period

between November 2019 and the end of December 2024. While most covered news outlets are newspapers, from

3The temporal variance in coverage is primarily due to fluctuations in the capacities of the involved scholars to clean and maintain
the feed database. The noticeable dips in news numbers in some weeks were caused by technical issues in the news extraction
procedure.
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Figure 1: Descriptives of the RegNes news data processing pipeline by week.

2020 onward, the database includes a noticeable number of TV- and radio stations, online sources, and some online
magazines, see Figure 1d. The present paper considers all of these media types. Potential differences between these

types must be accounted for in the empirical approach.

To reduce noise in the data, news from outlets with fewer than 100 news items. The filtering leaves 21, 531, 561 news

items obtained from 4, 957 RSS feeds operated by 495 media outlets.

Theoretically, a media outlet can contribute a maximum of 1,917 days to the data considered in this paper. The

empirical mean is 1, 543 days, implying that the average outlet is present in the database for about three-quarters of the
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considered time period. However, the distribution is strongly skewed towards outlets that are included the entirety of

the time (see Figure 2).

The distribution of news items across media outlets is moderately skewed (see Figure 3a), with the Gini coefficient
being close to 0.672. About 50% of news outlets produce less than 5% of the news items. 75% of the media outlets

account for about 25% of the news.

The database does not feature full-texts; only the headlines and text snippets are extracted from the RSS feeds. This
marks a significant difference from other news-based indicators that tend to utilize full-texts (Iselin & Siliverstovs,
2016). Naturally, it implies less available information, which is generally undesirable and represents a limitation of the
underlying database. However, research highlights the significant role of news headlines in shaping reader perception
and attention (Barros et al., 2021; Djurayev, 2020; Hagar et al., 2022; Robertson et al., 2023). Headlines also guide
the reader’s understanding of the text and usually serve as a summary (Andrew, 2007). While there can be a certain
disconnect between the emphasis and tone of a headline and the actual content of the news story (Andrew, 2007), they
are generally seen as adequate representations of the full text (Barros et al., 2021; Djurayev, 2020; Kochetkova et al.,
2018). Consequently, they are helpful in capturing core information and sentiments of news. In addition to headlines,
RegNeS also contains news snippets, which exceed the average length of the combined (headline plus snippet) news
text to about 33 words®*, whereby the distribution is bimodal (Figure 3b).> This distribution highlights the difference
between news items without snippets (first peak) and most items featuring snippets (second peak). Snippets provide a
more extended summary of the news texts, increasing the empirical data’s representativeness of the unobserved full

texts.

Three core tasks must be done to construct a regional economic news sentiment index. Firstly, sentiments have to be
quantified. Secondly, geographic locations must be identified in the texts. Thirdly, a classification has to be conducted

to identify news items related to economic topics. These steps are presented in the following subsections.

3.2 Quantification of Sentiments

Many methods exist for quantifying the sentiments of texts, each with specific strengths and weaknesses. Traditionally,
dictionary-based approaches dominated the field (Stone et al., 1966), characterized by their reliance on predefined lists
of words classified as positive, negative, or neutral. However, these methods have notable limitations, particularly in
handling context, irony, and negations (Liu, 2012). Following the trend in natural language processing to move from
rule-based to learning-based approaches (Cambria & White, 2014), more advanced methods have become available that
provide sentiments with greater precision (Poria et al., 2014). In particular, deep learning has significantly advanced
sentiment analysis by allowing for the automatic learning of semantic features from data, thereby capturing the context

around words and phrases to interpret sentiment more accurately (Zhang et al., 2018).

“This number is obtained after an extensive cleaning including the removal of special characters, HTML tags, links, etc.
5A very small number of news texts have more than 200 words. While they are considered in all calculations, they are excluded
from the visualization in Figure 3b.
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Figure 3: Descriptive statistics on the concentration and length of news articles in the RegNeS database.

Following this literature, I employ a multilingual-uncased-sentiment model to assess the sentiments of news texts.
More precisely, I use the nlptown/bert-base-multilingual-uncased-sentiment model, which is based on the Bidirectional
Encoder Representations from Transformers (BERT) architecture (Peirsman, 2020). Such models find increasing
applications in quantifying news sentiments (Rozado et al., 2022). The model was trained using thousands of product

reviews across multiple languages, including 150k English, 137k German, and 80k Dutch reviews. The model shows

10
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notable accuracy in its predictions, with an exact match accuracy ranging from 57% to 67% across different languages
and a higher off-by-1 accuracy (predicting the sentiment within one star of the human reviewer’s rating) from 93% to

95%, making it a frequent choice in the field of sentiment analysis (Lheureux, 2023).

The BERT-base-multilingual-uncased-sentiment model assigns sentiment scores on a scale from 1 to 5. This scale
can be interpreted as follows: scores of 1 and 2 are categorized as negative, three as neutral, and 4 and 5 as positive
sentiments (Sasmaz & Tek, 2021). As a result, each document is assigned a vector reflecting the document’s probability
of belonging to the corresponding sentiment class. Based on this vector and the numerical values of (1 to 5) assigned
to each class, the probability-weighted average of the numerical class values is calculated for each news item (see

Equation 1). It is denoted as S;.

Si=1p1+2-p2+3-ps+4-ps+5-ps @)

The procedure successfully assigned sentiment values to nearly all of the 21,531,561 news items, except 8, 111 items,
which were excluded from the dataset. Figure 4 visualizes the distribution of sentiment values, which are bimodal with

elevations on both sides of the mean of 2.93.
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o
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Figure 4: Kernel density estimate of raw sentiment values across all news items. The red line indicates the mean
sentiment.

In the Appendix, Table 5 lists a sample of economic news that obtained a very high ranking of sentiments. In contrast,
Table 6 presents a sample of news with very low sentiments. The difference is apparent, as the positive news covers
primarily recognitions of business excellence. In contrast, the negative news items feature insolvencies, damages, and

garbage problems.

11
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While this model performs well in distinguishing between positive and negative sentiments in economic news, its
training on product reviews introduces a noticeable bias toward language and tone typical of consumer feedback. This is
evident in some of the highly positive examples in Table 5, where five-star style expressions align more with evaluative
product language than with typical journalistic reporting. Although this model outperformed several alternatives tested
in this study, future research should explore models trained on news-specific corpora to reduce such domain-related

biases.

3.3 Geolocating News

In light of the discussion in Subsection 2.2, it is essential to identify locations mentioned in the news text. To do this,
I rely on the OpenGeoDB (http://opengeodb.- giswiki.org/wiki/OpenGeoDB) database. It features more than 7,400
unique German location names assigned to geo-coordinates. German location names frequently include punctuation
and stop words, have multiple meanings, and the same names are used for different places. Standard named-entity
recognition tools and simple string-matching approaches struggle with this. Therefore, I employ a multi-step process.
Initially, locations outside Germany were excluded from the OpenGeoDB, and all remaining names were standardized.
The standardization involved transforming abbreviations and capitalizing certain words. ¢ In the second step, relevant

strings in the news texts underwent similar transformations for consistency.

The third and core step of the process involved string matching against the OpenGeoDB. The matching was enhanced
by a context-specific and iteratively compiled list of 1, 280 location qualifiers to resolve ambiguities.” More precisely,
to uniquely identify a specific location in a text, it must contain the search string (usually a location’s name as included
in OpenGeoDB) and additional qualifiers. For instance, distinguishing between the two locations of Freiberg - the city
district in Stuttgart and the one in Saxony - requires additional tokens like Neckar, Stuttgart, Sachsen, or Universitdt to
appear in the text. The list of qualifiers was developed manually and sequentially. In some cases, a default location
is assigned unless qualifiers indicate otherwise. In the previous case of Freiberg, the town in Saxony has 41,800
inhabitants, with Stuttgart’s district only accounting for 7, 100. Clearly, the first can be considered more “news-prone”
and thus is chosen as the default. It means that news texts containing the token Freiberg are always assigned to the
location in Saxony unless a qualifier token indicates a reference to Stuttgart’s district. Identification of locations of

similar news prominence necessitates at least one qualifier token.

The quality of the matching was iteratively evaluated and improved by examining the association between the number of
news items and the population of each location. Specifically, all statistically significant (at the level of 95%) deviations
from the log-log regression line were checked manually for potential locational misidentification, and further qualifiers
were developed when necessary. The final log-log linear regression obtains a coefficient for population on news of

population = 1.099*** and an R? of 0.351. While there is a substantial deviation from the trend line for smaller cities,

®Note that in German, the first letter of location names is always uppercase.
"My deepest gratitude belongs to my student assistant for her incredible efforts and help in this endeavor.
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the association becomes more pronounced for larger regions, with the goodness of fit reaching almost 0.6 for locations

with more than 200, 000 inhabitants (see Figure 5).

News and Cities' Population

100,000

1,000

Log(Number of News)

1,000 10,000 100,000 1,000,000
Log(Population)

Figure 5: Log-log scatterplot showing the relationship between city population and the number of news articles tagged
with that location. The red line indicates fitted regression.

In total, about 45.0% of all news items are associated with at least one German location. 8 Of all news items with
at least one location, the average item features 1.24 locations. To construct a regional news indicator and allow for
matching with secondary data, the location information is projected to the German districts (NUTS3) level, which will

be used as regions in the following.’

3.4 Classifying Economic News

The next step in building a regional economic news sentiment index is identifying economic news. Various approaches
have been employed in the past. For instance, van Binsbergen et al. (2024) use an automated procedure to generate a
dictionary of key terms and phrases related to economic contexts, while Mohrle et al. (2022) identify companies in

news texts to classify news.

In contrast, this study benefits from a pre-labeled corpus of news texts. Specifically, the RegNeS database contains a
substantial number of news items already labeled by the originating news outlets. These labels are diverse, including
location names, individuals’ names, companies, and generic topic categories. However, some labels are particularly
useful for distinguishing economic from non-economic news. In the first step, a binary classification was created

t1)

by grouping all economy-related labels under the label “economy”. The economy-related labels include “wirtschaft

8The total share of news containing locational information will increase when locations outside Germany are included.
9Notably, while news could be matched to the districts of Baden-Baden and Weiden in der Oberpfalz, their multi-meaning names
resulted in too many false-positive identifications. To ensure the reliability of the analysis, these districts are therefore excluded.
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(economy), “Okonomie” (economy), “streik” (strike), “markt” (market), and “industrie” (industry). Noticeably,
“wirtschaft” dominates these labels, accounting for over 50% of the news items within this category. All remaining

labels were grouped under other, which includes categories such as “politik™ (policy), “sport” (sport), “sonstiges’

(miscellaneous), “leute” (people), “polizei” (police), and “kultur” (culture).

This binary-labeled dataset consists of 4,237,026 items and gives a representative subsample of the full data with
contributions from over 290 distinct news outlets. 15.22% (644, 920) items are categorized as economy-related, while
the remaining items are classified as other. This makes it ideal to train a topic-classification model, which was done in

the second step of the process.

Various binary classification methods were considered. Among these were Long Short-Term Memory (LSTM) Network
models with Cased and Uncased Inputs, SetFit for Few-Shot Text Classification, and approaches based on DistilIBERT

sentence transformer models.'?

Several setups were tested to determine the optimal classification method, as summarized in Table 7 in the Appendix. A
Contrastive Learning approach, leveraging a fine-tuned DistilBERT model with 200, 000 contrastive pairs, emerged
as the best-performing method and was therefore chosen. The training was done using an 80% random sample of
the pre-classified observations. The evaluation used the remaining 20% (out-of-sample) observations. The evaluation

considered standard metrics such as precision, recall, F1 score, and AUC-ROC (Fawcett, 2006; Powers, 2011).

Contrastive Learning optimizes the embedding space by positioning embeddings of semantically similar news items
closer together while pushing embeddings of dissimilar items further apart (Gao et al., 2021; Reimers & Gurevych, 2019).
The embeddings generated by the fine-tuned sentence-transformer DistilBERT model (distilbert-base-german-cased)
were subsequently used for classification. A lasso-regularization regression model was fitted using a cross-validation
approach on the training data to identify the optimal lambda and classification threshold. Lasso regression is particularly
effective for identifying sparse and interpretable relationships between features while minimizing overfitting (Tibshirani,

1996).

The optimal prediction threshold (maximizing the F1 score) was identified as 0.43, resulting in an F1 score of 0.83
(see Table 7 in the Appendix). Table 1 presents the confusion matrix at this threshold. While approximately 43, 000
mis-classifications occurred, these represent slightly more than 5% of all test observations. Furthermore, the shares
of false positives and false negatives are nearly identical, demonstrating that the model effectively handles the class

imbalance in the dataset.

Table 1: Confusion matrix of the binary classification model used to distinguish economic from non-economic news

articles. Rows represent model predictions and columns indicate true labels, with class 1 referring to economic news.
Reference

0 |

0 | 695,606 | 21,231

1] 22,816 | 107,753

Prediction

1See for a brief description of these approaches Appendix 9.
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To further check the goodness of the classification, a manual analysis of a random sample of false-negative and false-
positive cases was done. These comparisons did not reveal any noticeable biases or patterns. Given the heterogeneity
and breadth of the topic of “economic news”, these results indicate a high level of performance. When applied to the

full dataset using the optimal threshold of 0.43, the model classified 8.3% of all news items into the category economy.

Several news items are not unique to one news outlet. This can be because news outlets belong to the same mother
outlet and share certain news sections, or the news item is acquired from the same third party. Lacking more information
on this issue, I kept all of these instances as independent observations in the data set, resulting in a final data set of
9, 385, 631 news items with sentiments, topic classification, and at least one identified location in Germany. Of these,

776,169 observations are classified as being economy-related.

Figure 6 visualizes the complete data processing pipeline.
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Figure 6: Overview of the data processing pipeline, including sentiment scoring, classification of economic news, and
geographic assignment.

3.5 The Relevance of News Outlets, Regions, and Time for Economic News Sentiments

With the available data, I investigate the extent to which sentiment differences in news articles can be attributed to the
news outlets themselves. I utilized a series of generalized linear models to isolate the impact of news outlets’ reporting
styles on sentiments from regional characteristics and temporal dynamics. Each model iteration includes a unique set of
dummy variables for news outlets, regions, or time periods. By comparing the total variance in sentiments against the
residual variance of each model, I evaluated the degree to which sentiments are differentiated across the dimensions

represented by these dummies.
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The dummy variable for news outlets accounts for 5.1% of the total sentiment variance of the 776, 169 economic news
items, signifying that news outlets exhibit distinct sentiment expressions in their economic reporting. This proportion is
almost twice as large as the regional dimension, constituting approximately 2.7% of the total variance. The temporal
dimension is relatively minor, contributing about half a percent. Collectively, these three dimensions account for about
6.7% of the total variance. For comparison, the total variance contributions for all news types (including economic
news) are 4.3% for news outlets, 2.5% for regions, and 0.8% for time periods, culminating in 5.9% overall. Hence,
within the economic news subset, these dimensions substantially shape sentiment variance more than the broader news

spectrum.

Although the combined and individual contributions seem modest, it is crucial to acknowledge the vast diversity within
news concerning topics, events, and the particular writing styles of reporters, which are likely to predominate the overall
variance. Remarkably, the regional dimension accounts for more than half of the variance in economic news sentiments
compared to news outlets. Given the substantial academic focus on the latter (Rozado & Al-Gharbi, 2022; Rozado

et al., 2022), the relative oversight of the subnational/regional dimension is surprising.

4 Building the Regional Economic News Sentiment Index

4.1 Constructing Regional and National News Sentiment Indices

To aggregate the news data, which includes sentiments, locations, and the classification as economic or non-economic
topics, into a coherent regional economic sentiment index, I adopt the methodologies proposed by Shapiro et al. (2022)
and Mohrle et al. (2022). These researchers employ regression analysis to mitigate unwanted biases in economic
news sentiments, particularly the composition effect arising from the evolving contributions of news outlets over time.
Additionally, newspapers exhibit systematic variations in their tone, framing, and sentiment (refer to Section 3.5). To
address these variations, a regression is used that relates the sentiment values of news items to temporal factors and

media outlet identifiers:

S; = 0, - month; + §; - outlet; + ¢;. 2)

Here, S; denotes the sentiment values of news items ¢, with ; and 3; representing the coefficients corresponding to
time ¢ and news outlet 7, respectively. The error component is ¢;. Given the extensive number of dummy variables (490

news outlets X 62 months), the analysis simplifies the estimation by treating news outlets as fixed effects.

While previous studies estimate this regression using the full sample of available data, I depart from this approach and
adopt a 12-month moving window.'' Specifically, for each focal month ¢, the regression is estimated using data from

the current month and the preceding 11 months. From each window, only the coefficient corresponding to month ¢

""The 12-month moving window provides a good compromise: it spans a complete annual cycle, helping to control for time-fixed
and outlet-specific seasonal reporting patterns, while still preserving within-year variation in sentiment.
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is retained and interpreted as the sentiment index value for that month. This modification addresses a key limitation
in the original framework: full-sample estimation relies on future observations, rendering real-time monthly updates
impractical and conceptually inconsistent. By contrast, the moving-window setup ensures that sentiment in a given
month is evaluated solely against information available up to that point, preserving the time-consistent logic of the

index.

The regression is applied to the subset of economic news. The coefficient 6, encapsulates the temporal aspect of
news sentiments, reflecting the overarching time-related trends that influence news sentiments across all outlets for
each period ¢, independent of the data’s composition concerning news outlets. The regression is calculated without
an intercept. Consequently, the ; coefficients can be interpreted as the mean sentiment (adjusted for news outlet
influences) for each month-year relative to a zero baseline. In essence, the normalized 6; coefficients constitute a

national economic news sentiment index, hereafter referred to as the National Economic News Sentiment Index (NENS).

Nonetheless, as identified by van Binsbergen et al. (2024), economic news sentiments are influenced by temporal factors
that affect general news sentiments. To accommodate this, they devise a net index by orthogonalizing their economic
sentiment index against a sentiment index encompassing all news items not classified as economy-related. Emulating
this concept, I first construct a sentiment index for all non-economic news analogous to the construction of NENS. In
addition, I incorporate the orthogonalization technique into the economic news sentiment index by amending Equation

2 as follows:

S; = 04 - econ; - month, + (3; - outlet; + ¢;. 3)

This regression is applied to all news items, economic and non-economic. Here, econ; is a binary variable assigned a
value of one for entries identified as economy-related news and zero otherwise. The variable month, represents a set of
binary variables for each month (technically a month-year combination). The coefficient 6, denotes the interaction
effect between time and news type (economic vs. other), serving as an index of economic news sentiment for that
particular month and providing a comparative measure against non-economic news. It quantifies how sentiments in
economic news diverge from those in other news categories for each month. Note that in this specification, only the
interaction terms are included, and the main effects of the variables are excluded from the model. The normalized

coefficients of 0, are referred to as the Net National Economic News Sentiment Index (NET_NENS) in the following.

Expanding upon Equation 2, the Regional Economic News Sentiment Index (REGENS) is formulated to capture both
regional and temporal variations in economic news sentiment. In this specification, the time-specific dummies (month;)
are replaced with an interaction between month, and region-specific dummies (region,.), which is further interacted
with the economic classification indicator (econ;). The resulting coefficient 6, ; reflects the combined effect of regional
and temporal variations in economic news sentiment across all media outlets for each time period ¢. Similar to the

previous model, this regression is executed without an intercept and the main effects of the interaction variables.
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Si = 01+ ccon - €CON; - month, - region,. + 3; - outlet; + ¢;. @)

Theoretically, normalized 6, ; ..o, coefficients represent the net economic news sentiment index at the regional level,
NET_REGENS. Unfortunately, including an interaction term with econ; in this way is not feasible due to the high
dimensionality involved in the regression calculation. Consequently, I adopt the approach by van Binsbergen et al.
(2024) and split the data into economic and non-economic news and calculate for each a regression without the

interaction with econ;:

Si,econ = 0r,t,econ - month; - regionr + ﬁj - outlet; + €i,econ- (5)

Si,othe'r‘ = ar,t,other . montht . fegiOHT + /Bj : Outleti + €i,other- (6)

Subsequently, I regress the 0, ¢ ccon, ON O ¢ other and extract the residuals:

gr,t,econ = gr,t,other + Ert- (7)

The residuals ¢, ; are normalized and represent NET_REGENS,. ;, the net regional economic news sentiment index,

which controls for inter-outlet variance and the region-month-specific sentiments of non-economic news.

The primary focus of this paper is the development and analysis of the Regional Economic News Sentiment Index
(REGENS) and its net version (VET_REGENS). However, validating these regional indices presents a methodological
challenge, as suitable benchmarks or high-frequency indicators are not available at the regional level. To address
this, I introduce two national-level counterparts, NENS and NET_NENS, constructed using the same methodological
framework. These serve a supportive role: they provide a reference point to evaluate whether the sentiment indices
capture plausible and interpretable economic patterns. Although the national economy is not the analytical focus of the
study, this initial validation step at the national level is critical for demonstrating the internal consistency and general

behavior of the approach before its application at the regional scale.

Accordingly, I first present the national-level results to examine how NENS and NET_NENS co-move with conventional
indicators such as the IFO, ZEW, and unemployment rates. This serves as a methodological prelude to the main

contribution: the analysis of regional economic sentiment through REGENS.
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5 National News Index and Validation

5.1 Description of the National News Index

The National Economic News Sentiments (VENS) index, its equivalent for non-economic news (NONS), and the net
version NET_NENS are visualized in Figure 7. NENS and NONS share a cyclic, slightly upward-moving development
that overlaps to a moderate degree (correlation » = 0.65***). Accordingly, sentiment patterns of economic news share
some variance with non-economic news sentiments, implying that both seem to be influenced by similar macroeconomic
trends and cycles. For instance, both indicators were impacted by COVID-19 waves and are subject to typical intra-year
cycles. The variance of NET_NENS reflects the divergence between the two when these macro trends and cycles are

controlled for.

Sentiments

== National Economic News Sentiments (NENS)
=e= NET National Economic News Sentiments (NET_NENS)

== National Other News Sentiments (NONS)

Figure 7: Time series of national-level economic (NVENS), net economic (NET_NENS), and other news sentiment
(NONS) indices. Smoothed trends with 95% confidence intervals.

NENS clearly shows patterns of news’ seasonality. All months with the most negative economic news fall into the
winter (March 2020, December 2021, January 2022, March 2023, February 2024). The most positive sentiments are
either before or after the summer months, with 2020 being the exception (November 2020, May 2021, April 2022,
September 2023, April 2024). Despite the relatively high correlation of NENS and NONS, the cyclic pattern of the

sentiment index is still visible even when considering the net news sentiments (NET_NENS).

In contrast to the admittedly much longer time series of van Binsbergen et al. (2024), no evidence for an increasing
negativity bias is observed. The averages of economic and non-economic sentiments (not controlling for news outlet
effects) are relatively stable and close to the value of 3, which is larger than the technical average of 2.5 the employed

BERT-model would deliver for neutral news, see Table 8 in the Appendix.
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5.2 Validation Benchmarks

The Ifo Business Climate Indices stand out as the most prominent indicators of the German business climate. These
indices are derived from approximately 9,000 monthly surveys of companies in the manufacturing, construction,
wholesaling, and retailing sectors. Respondents evaluate their present business conditions and their six-month outlook.
The Ifo Institute for Economic Research compiles these assessments into indices reflecting the overall business climate
(IFO_CLIMAT), current business situations (/FO_SIT), and future expectations (/FO_EXP). These indices represent
normalized aggregates of the positive and negative responses and serve as composite indicators (Sauer, 2023). Known
for their predictive accuracy regarding economic turning points, these indices have been extensively utilized in scholarly
research (Demmelhuber et al., 2023; Englmaier & Fackler, 2022; Lehmann, 2023) and are available monthly from 1991

to the present.

The Leibniz Centre for European Economic Research (ZEW) also offers sentiment indices constructed from the
evaluations of financial experts in banking, insurance, and corporate finance. These experts assess the current economic
climate and forecast six-month economic trends, including inflation, interest rates, stock markets, and exchange rates.
The resulting indices, ZEW Indicator of the Economic Situation (ZEW SIT) and ZEW Indicator of Economic Sentiments
(ZEW SENT), mirror the Ifo Business Climate Index in purpose and methodology. Their utility has been confirmed in

various contexts (Hiifner & Schroder, 2002; Lehmann & Reif, 2021), with data available monthly since 1991.

KARINA, another benchmark index for NENS, is a collaborative effort between the KfW and the Ifo Institute for
Economic Research. This news-based sentiment index leverages multiple news sources processed by an Al platform
designed to pinpoint credit risks within news articles and press releases. The Al system identifies articles with mentioned
companies and financial institutions, extracts critical risk keywords, evaluates the relevance to the associated entity,
and, crucially, gauges the sentiment of the content. Sentiment analysis occurs at the sentence level, focusing on those
proximate to company mentions. The resulting sentiment scores range from —10 (negative) to 410 (positive), with
zero denoting neutrality. These scores offer a granular view of company news sentiment, which can be aggregated
by industry or across the economy. The index incorporates 324, 000 news articles about 10, 000 companies from 550
sources, spanning January 2020 to December 2022. Monthly index values are calculated using the above-mentioned

regression method to adjust for company-specific and source-related effects.

Lastly, while not a sentiment or composite business climate indicator in the narrow sense, the monthly unemployment
rate is included as an essential benchmark for evaluating the REGENS index. It represents the only economic indicator
available at both the required spatial and temporal resolution—monthly and at the NUTS-3 level—for Germany. In
contrast, national-level sentiment indicators such as the ZEW Indicator of Economic Sentiments (ZEW SENT) or the
forward-looking component of the Ifo Business Climate Index (/FO_EXP) cannot be disaggregated regionally and are
therefore less suitable for comparison. Importantly, the goal of this paper is not to measure sentiment for its own sake, but
to approximate the real-time economic situation across specific locations. In this context, unemployment is a pragmatic

and policy-relevant reference point for assessing whether regional news sentiment patterns align with observable short-
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term economic developments. The variable used (UN E M P L) measures the proportion of unemployed individuals in

the total labor force and is published monthly by the German Federal Statistical Office.

5.3 Validation of National Index

This section provides a descriptive validation of the national economic news sentiment index (NENS) by examining
its co-movement with established economic indicators. The purpose is not to assess causality or forecast economic

outcomes, but to evaluate the extent to which NENS tracks recognized measures of economic conditions over time.

ng
€ o
% Y
& %
NET_NENS = (045 S & N
& & S
& o7
& DIFF_IFO_SIT &
ZEW_SENT . 038 $? - . & &
& &
% & &
DIFF_KARINA 023 031 &7 V\@
NENS | 0.09 0.12 & > o
& &
DIFF_IFO_CLIMAT | (0.66 0.55 &7 <
R & <
IFO_EXP 025 023 ‘ 033 O(/(/ &L
N & DIFF_IFO_EXP (051 (06) (061 ‘ &7
0\5 > o
IFO_CLIMAT 016 = 0.02 0.38 0.31 o ¥ &
L DIFF_NENS 009 013 (04 025 028 &7 &
= S <>
KARINA S ¥ N
-0.24 o 029 | (S8 ‘g\ DIFF_NET_NENS -008 -004 022 013 02 ‘ &7 £
~l~ > Y
N ¥©
ZEW_SIT . o021 | 002 | o012 . . N DIFF_ZEW_SENT -001 -01 (084 031 (049 o007 o028 (&~
© O
DIFF_UNEMPL 024 —041 -002 -0. 1 ol : !
IFO_SIT ‘ -0.25 -0.21 0.17 0.39 ‘ ‘ . - 024 & 002 o1 o1 007 017 058
I ]
| ] 1 08 06 04 02 0 02 04 06 08 1
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
(a) Correlations of indices in levels. (b) Correlations of first-differenced indices.

Figure 8: Correlation of NENS and NET_NENS with Economic Indicators.

Note: Only statistically significant correlations at the 5% level are color-shaded. White cells indicate non-significance.

Given this exploratory aim, formal stationarity tests (e.g., the Augmented Dickey-Fuller test) are not reported. However,
first-differencing is applied where appropriate to emphasize short-term dynamics. The data series are not deseasonalized

to remain consistent with those from the /FO and ZEW.

Figure 8a displays the correlations between NENS and selected economic indicators in levels, while Figure 8b shows
correlations based on first differences to capture dynamic relationships. Overall, the results indicate limited alignment,

though several notable exceptions emerge.

The strongest observed correlation is between NENS and the news-based sentiment index KARINA (r = 0.52*%),
reflecting their conceptual similarity, as both are derived from news sentiment. Another notable correlation appears
with the forward-looking ITFO_EXP, where a positive relationship (r = 0.33*) suggests that higher sentiment levels
are associated with a more positive business outlook. In contrast, correlations with current-situation indices such as

IFO_SIT and ZEW_SIT show considerably weaker associations.
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This pattern persists in the first-difference analysis (Figure 8b), where changes in NENS overlap significantly with
DIFF_KARINA and DIFF_IFO_EXP. In contrast, DIFF_NET_NENS exhibits no strong relationships with any na-

tional indicators, suggesting that the netting-out of general sentiment isolates content less aligned with conventional

benchmarks.
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(c) Correlation of first-differenced NENS (DIFF_NENS) (d) Correlation of first-differenced NET_NENS
across lags. (DIFF_NET_NENS) across lags.

Figure 9: Lagged correlation analyses of national economic sentiment indices with selected macroeconomic indicators.
Note:: Levels of statistical significance: (p < 0.1, p <0.05"*, p < 0.01"**). A colored background highlights correlations significant
at p < 0.05 or below.

The correlation results reveal meaningful lead-lag dynamics between sentiment indices and economic indicators when

incorporating time lags. Figure 9 depicts correlations for lags ranging from —12 to +12 months. Negative lags
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indicate that the sentiment index precedes the economic indicator (i.e., leads), while positive lags imply that it follows.
First-difference versions of the indices are included to capture short-term dynamics and remove shared low-frequency

trends.

NENS exhibits its strongest correlations with indicators such as IFO_CLIMAT, IFO_SIT, and ZEW_SIT at negative lags
between —3 and —6 months, suggesting that NENS may lead these indicators. The correlation with IJFO_EXP peaks at
a lag of 0, indicating a contemporaneous relationship. Notably, NENS also displays strongly negative correlations with
UNEMPL and ZEW_SIT at longer negative lags (especially around —10 to —12 months), reinforcing the impression of

a forward-looking pattern.

The correlation structure changes after controlling for general news sentiment using NET_NENS. NET_NENS exhibits
stronger and more consistent positive correlations with IFO_CLIMAT, IFO_SIT, and ZEW_SIT, particularly at shorter
negative lags (around —2 to —5 months), suggesting improved alignment with near-term economic expectations.
Correlations with KARINA remain pronounced, peaking at —2 to —3 months, indicating that NET_NENS continues
to lead shifts in public economic sentiment. However, positive correlations with UNEMPL at zero and positive lags
complicate this interpretation, as it may suggest that positive economic sentiment often follows periods of elevated

unemployment.

The first-difference analysis (Figures 9c and 9d) provides additional insights into the dynamic behavior of the sentiment
indices. DIFF_NENS shows a modest but visible contemporaneous correlation (lag 0) with DIFF_IFO_EXP and with
DIFF_KARINA, suggesting that monthly changes in economic sentiment align with shifts in expectations and public
economic perceptions. A particularly noteworthy finding is the negative correlation with DIFF_UNEMPL at lag —1,
indicating that rising sentiment tends to be followed by improvements in labor market conditions—specifically, a decline
in unemployment. However, a positive correlation at a forward lag of +3 partially offsets this pattern, potentially

capturing a rebound effect or delayed sentiment response to cyclical labor market adjustments.

By contrast, though some structure remains, DIFF_NET_NENS exhibits generally weaker correlations with economic in-
dicators. Positive associations with DIFF_KARINA are observed at negative lags (especially at —7 and —10), indicating
that even after controlling for general sentiment, the index continues to anticipate shifts in business sentiment. The only
other notable correlations are observed for DIFF_ZEW_SENT and DIFF_UNEMPL. In the case of DIFF_ZEW_SENT,
a noticeable negative correlation appears at a short negative lag (—5) and again at a positive lag (41), suggesting a
more complex temporal relationship with investor expectations, possibly reflecting delayed or bidirectional adjustments
between media sentiment and expert forecasts. For DIFF_UNEMPL, a positive correlation at lag +3 suggests that
improvements in the labor market are followed by modest declines in sentiments. While this may appear counterintuitive,
the pattern is neither intense nor persistent and is preceded by a weak and statistically insignificant positive correlation

at lag 0. This points to a tenuous and possibly coincidental relationship rather than a robust temporal dynamic.

In summary, both NENS and NET_NENS align strongly with KARINA, confirming their shared focus on capturing

news-based economic sentiment. NENS exhibits meaningful correlations with current-situation indicators such as
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IFO_SIT and ZEW_SIT, particularly at negative lags, suggesting it contains forward-looking informational content.
It also shows robust contemporaneous alignment with /FO_EXP, reinforcing its suitability as a real-time barometer
of economic expectations. Moreover, NENS correlates strongly and negatively with the unemployment rate in levels
(e.g., 7 = —0.68"** at 10-12 month lags), implying that periods of higher sentiment tend to precede labor market
improvements. In contrast, first-differenced correlations are weaker and temporally inconsistent, indicating a potentially

more complex or non-linear short-term dynamic.

These results highlight that the undifferenced NENS index offers the clearest and most interpretable signal in bivariate
settings. Its timely and substantial correlations with survey-based indicators and labor market outcomes support its
use as a complementary, sentiment-based monitoring tool at the national level. For more elaborate analytical settings,
especially where causal inference is of interest, the orthogonalized version, NET_NENS, is conceptually preferable.
By abstracting from general media sentiment, it isolates the component specific to economic news and thus aligns
better with causal identification strategies (van Binsbergen et al., 2024). At the regional level, however, the choice
between the two becomes practically irrelevant: REGENS and NET_REGENS are nearly indistinguishable, with a
correlation of » = 0.967*** and highly similar associations with external indicators. For this reason, and to streamline

the presentation, the analysis uses the orthogonalized version only, referred to simply as REGENS.

6 Regional Economic News Sentiment Index

6.1 General Descriptives of REGENS

Initial observations of the Regional Economic News Sentiment (REGENS) are presented in Figure 10. The density plot
in sub-figure 10a shows an expected distribution centered around zero. While the distribution is highly symmetric, it

exhibits a subtle peak at sentiment values around 2.7.

The temporal evolution of REGENS is illustrated in Figures 10b and 10c. The index shows notable variation in both its
mean and dispersion over time. While its temporal variance increasingly mirrors that of the national economic news
sentiment index (NET_NENS), clear differences remain. For instance, a general sentiment decline is evident between
2021 and 2023 in the national index, which is potentially related to COVID-19 (Ozgun & Broekel, 2024). Yet, it is far
less pronounced in the regional average. This likely reflects the averaging of more heterogeneous and locally framed
coverage across regions, which dilutes the intensity of nationwide shocks captured more strongly in national-level

reporting.

Figure 10d illustrates the interplay between the temporal and spatial dimensions of REGENS. Regions are ordered along
the y-axis according to the similarity of their monthly sentiment trajectories, revealing several distinct groupings in the
heatmap. At the top, one group is marked by predominantly positive (blue) sentiment values. At the bottom, a larger set
of regions exhibits persistently negative (orange) sentiment scores. In between, a third category includes regions with
more volatile sentiment patterns, alternating between positive and negative values over time. These groupings indicate

that REGENS follows structured spatial and temporal dynamics rather than emerging from random variation.
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Figure 10: Descriptive analysis of the regional economic news sentiment index (REGENS) across space and time.

The subsequent analysis will explore the spatial component of these variations in more detail.

6.2 Spatial Analysis of Regional Economic News Sentiment

Figure 11 visualizes the spatial distribution of the Regional Economic News Sentiment (REGENS) index, presenting
average annual values across six years. Echoing the temporal-spatial patterns seen in Figure 10d, the maps reveal

systematic geographic variation. Southwestern regions consistently exhibit more negative sentiment scores, particularly
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in 2020 and 2022, while Southeastern regions tend to display more positive values, most notably in 2021 and 2024.

Spatial clustering is evident: areas with high (or low) sentiment are typically surrounded by similarly scoring neighbors.

Nevertheless, the maps also expose local anomalies. For example, the city of Rostock in the Northeast consistently
shows more positive sentiment than its surrounding district (“Landkreis Rostock™), a pattern not mirrored in other urban

centers such as Dresden or Leipzig. These discrepancies underscore the limitations of visual inspection alone and point

to the need for more rigorous, quantitative analysis.
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Figure 11: Annual averages of regional economic news sentiment (REGENS) across German NUTS-3 regions,
2020-2024. Shades of blue indicate above-average (more positive) sentiment, while shades of orange denote below-
average (more negative) sentiment; white areas represent values close to zero.
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To investigate the geographical characteristics of REGENS, a correlation analysis (Figure 12) and a cross-sectional
spatial regression analysis were performed. All variables were averaged across the analyzed years, and except for

REGENS, they were log-transformed.'?

The correlation analysis reveals that regions with higher population density (POP_DEN), younger populations (AGE),
higher GDP (GDP), better digital infrastructure (DSL), and more educational opportunities (HIGHER_EDU) are
associated with more frequent reporting (NUM_NEWS) and greater diversity of news outlets (NUM_OUTLETS) for
economic topics. This aligns with prior research on German local news (Ozgun & Broekel, 2021). However, with the
exception of GDP growth (GDP_G), which shows no significant association, nearly all spatial characteristics correlate

negatively with REGENS.
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Figure 12: Correlation matrix showing the relationships between average regional economic news sentiment (RE-
GENS_mean) and regional characteristics across NUTS-3 areas. Only statistically significant correlations at the 5%
level are colored; non-significant cells are left white.

The results of the multivariate regression analysis are presented in Table 2. Spatial dependencies were accounted for
using a k(7)-nearest neighbor, row-normalized, binary spatial weights matrix. The significant and positive lambda
values (spatial error parameter) indicate that spatial autocorrelation characterizes the index, necessitating the use of a
spatial autoregressive model (SAC). However, the insignificant coefficient for 7ho suggests that clustering of similar
sentiment values in nearby locations, as indicated by the map, is primarily driven by shared underlying regional

characteristics, such as population density and GDP.

The regression results reveal a consistently negative relationship between the number of news outlets (NUM_OUTLETS)

and REGENS, suggesting that greater media diversity may be associated with more critical or less positive overall

2Descriptive statistics of the variables are presented in Table 9 in the Appendix.
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Dependent Variable: REGENS

SAC Model LAG Model 1
rho —0.202 —0.182
(0.199) (0.201)
(Intercept) 4.223 4.252
(2.740) (2.733)
NUM_NEWS —0.030 —0.029
(0.026) (0.026)
NUM_OUTLETS  —0.213%** —0.214%*%*
(0.050) (0.050)
POP_DEN —0.106%** —0.108%*%*
(0.027) (0.027)
EAST —0.222%% —0.202%*
(0.086) (0.087)
GDP —0.184** —0.185%*
(0.066) (0.066)
DSL 0.291* 0.297*
(0.147) (0.148)
HIGHER_EDU 0.014 0.016
(0.072) 0.071)
AGE —0.471 —0.481
(0.632) (0.629)
STUD_POP 0.020+ 0.019+
(0.011) (0.0