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Abstract

We develop a resource-efficient methodology for measuring economic outlook in news
text that combines document embeddings with synthetic training data generated by
large language models. Applied to 27 million news articles, the resulting indicator
significantly improves GDP growth forecast accuracy and captures sentiment shifts
weeks before official releases, proving particularly valuable during crises. The indica-
tor outperforms both survey-based benchmarks and traditional dictionary methods
and is interpretable, allowing identification of specific drivers of economic sentiment.
Our approach addresses key institutional constraints: it performs sentiment classifi-
cation locally, enabling analyses of proprietary news content without transmission to
external services while requiring minimal computational resources compared to direct
large language model classification.
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1 Introduction

Timely information is essential for informed decision-making during periods of crisis and

elevated uncertainty. Traditional macroeconomic indicators–such as GDP growth, unem-

ployment, and inflation–are typically released monthly or quarterly, limiting their usefulness

in fast-moving economic environments. This release lag has motivated growing interest in

alternative measurement approaches that exploit high-frequency data to provide real-time

insights into economic conditions.

News articles represent a particularly valuable source of alternative data. The underly-

ing intuition is that media coverage reflects real-time shifts in economic outlook and senti-

ment, often capturing developments well before they appear in official statistics or survey-

based indicators (e.g., Tetlock, 2007; Bybee et al., 2024). A sudden policy announcement

or market shock, for instance, generates immediate news coverage but may take weeks to

surface in consumer confidence or business sentiment surveys. Recent advances in natural

language processing have made it feasible to extract timely economic signals from news

streams at scale, with studies demonstrating that such signals can meaningfully improve

the precision of macroeconomic forecasts compared to traditional indicators alone (e.g.,

Hirschbühl et al., 2021; Woloszko, 2024; Kalamara et al., 2022; Ashwin et al., 2024).

Large language models (LLMs) have emerged as a powerful tool for extracting informa-

tion from text (e.g., Ash et al., 2025; Kwon et al., 2024, 2025). Unlike traditional keyword-

matching approaches, LLMs capture complex semantic structures and contextual nuances

in language. However, their application faces significant practical constraints. State-of-the-

art models require substantial computational resources, whether through internal hosting

infrastructure or external services–a challenge for many institutions. Moreover, data us-

age agreements (DUAs) from news providers often restrict transmitting data to external

services, while internal infrastructure typically cannot support the most advanced models.

This paper develops an efficient methodology for measuring economic sentiment in news

text that retains the advantages of state-of-the-art LLMs while addressing data confiden-

tiality and resource constraints. We apply this methodology to construct the News-based

Economic Outlook for Switzerland (NEOS), a novel indicator that extracts real-time eco-

nomic sentiment from published news articles. NEOS offers three key advantages: a) it is

highly resource-efficient–making it compatible with restrictive DUAs; b) it is interpretable–

a crucial feature for policymaking; and c) it significantly improves GDP growth forecast

accuracy.

Our approach uses a multi-step process that strategically combines different models to

balance performance and efficiency. First, news articles are converted into high-dimensional

document embeddings using a specialized, computationally efficient transformer model.
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Second, we use a state-of-the-art LLM to generate synthetic articles that mimic typical

news article content while conveying a clearly positive or negative economic outlook. These

synthetic articles are embedded and used to train a logistic regression model, which is then

applied to real news article embeddings to produce economic outlook scores. The final

NEOS indicator aggregates these scores across all articles in a given month. This architec-

ture is highly resource-efficient: we estimate that the operating costs of our approach are

several orders of magnitude lower compared to directly assessing economic outlook based on

the same corpus of news articles using a commercial LLM, while maintaining the semantic

understanding capabilities of advanced language models.

A critical practical advantage of our methodology is its compatibility with restrictive

DUAs. Many news providers and media organizations impose strict limitations on how their

content can be processed and stored, often prohibiting transmission to external servers or

analysis through third-party commercial APIs. Our approach circumvents these constraints

by performing all sentiment classification locally using embeddings and logistic regression,

only generating synthetic training data with external LLMs. This design enables institu-

tions to analyze proprietary or DUA-restricted news corpora without violating contractual

obligations, substantially expanding the range of feasible applications. The methodology is

particularly valuable for central banks, regulatory agencies, and research institutions that

routinely work with sensitive or commercially restricted data sources.

Our methodology also addresses several limitations of the existing research. Previous

studies have often analyzed sentiment from single outlets–such as the Wall Street Journal–

or only a few outlets, potentially missing important dimensions of public sentiment (e.g.,

Tetlock, 2007; Garćıa, 2013). We demonstrate meaningful added value from incorporating

diverse publication sources: expert publications and broader media outlets capture different

facets of sentiment, and combining both provides a more balanced assessment of economic

outlook.

Furthermore, NEOS offers interpretability advantages over black-box classification ap-

proaches. By measuring each article’s influence on the indicator and retrieving original

content, we can identify specific drivers of economic outlook at any point in time and con-

duct sector-specific analyses that may reveal shifts in trade, financial markets, or other

areas before they appear in official data.

We evaluate NEOS through a pseudo-out-of-sample forecasting study of GDP growth.

Our results show that NEOS significantly outperforms both survey-based benchmark indi-

cators and traditional dictionary-based approaches. Timelier versions of NEOS, computed

from partial monthly data, capture sentiment shifts weeks before official releases, proving

particularly valuable during times of crises. Unlike dictionary methods that rely on sim-

ple keyword matching, NEOS captures the semantic meaning of articles, enabling deeper
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understanding of economic outlook. These findings align with recent research emphasizing

the limitations of dictionary-based sentiment classification: while computationally efficient,

such methods lack accuracy compared to transformer models and large language models

(e.g., Audrino et al., 2024; Kirtac and Germano, 2024; Klähn et al., 2025).1

Our work relates closely to recent studies leveraging LLMs for economic sentiment

analysis and forecasting, though with important distinctions. Kwon et al. (2025) extracted

growth and inflation sentiment indices by directly parsing press narratives using GPT-4

and GPT-5, decomposing aggregate sentiment into demand, supply, and structural drivers.

While their approach improves forecasting performance, our method offers greater effi-

ciency through embeddings that can run on on-premises systems without requiring large

cloud-based infrastructure. Buckmann and Hill (2025) similarly used logistic regression on

embeddings from small generative models for sentiment analysis, highlighting advantages

in privacy, availability, and cost. Our study extends this work through a two-sample ap-

proach using synthetic documents alongside real articles, benefiting from state-of-the-art

LLMs while avoiding manual labeling. Finally, Seiler (2025) computed an economic senti-

ment indicator from Swiss business tendency surveys using a BERT-based model. While

that indicator tracks the business cycle well, our method leverages a richer, more diverse

article corpus and incorporates synthetic documents to enable comparability.

The remainder of this paper proceeds as follows. Section 2 introduces our data. Section

3 outlines the methodology for computing NEOS and extracting insights into its drivers.

Section 4 evaluates NEOS’s forecasting performance and illustrates key drivers of the indi-

cator. Section 5 presents sensitivity analyses validating our methodological design choices.

Section 6 concludes the study.

2 Data

We use the Swissdox@LiRI database, a collaboration between the Linguistic Research In-

frastructure at the University of Zurich (LiRI) and Schweizer Mediendatenbank AG, to

obtain a comprehensive and representative sample of Swiss news articles. The full database

contains more than 29 million articles from over 260 Swiss media outlets, dating back to

1911.

The Swissdox database covers almost all publications by Swiss media outlets in recent

years, with the exception of Italian-language Swiss media. Therefore, our analysis focuses

on articles published in German and French. We also discard some very specific media

outlets that presumably do not contain any relevant articles (e.g., TV guides and various

1Previous studies by van Binsbergen et al. (2024) and Barbaglia et al. (2025) demonstrated the value
of integrating news-based indicators with machine learning techniques to improve forecast accuracy.
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Figure 1: Number of all articles over time, broken down by publication type (print vs.
online).

magazines). In addition, we only concentrate on print and online news articles, excluding

radio and TV transcripts. Our analysis spans from January 1999 until November 2025.

Thus, we use all news articles, print and online, in German and French, from 159 media

outlets, amounting to roughly 27 million articles. The database is growing at a rate of

approximately 100,000 articles per month, with new content typically becoming available

two business days after publication.

We restrict our analysis to articles published from January 1999 onward to avoid the

effects of compositional changes in the early years of the archive. The raw text contains

markup to identify elements of an article (e.g., title, body, paragraphs, tables, boxes). Dur-

ing preprocessing, we remove all tables and boxes, remove all markup tags and concatenate

the title and body of the article.

Figure 1 shows the total number of articles by publication type over time. The total

number of articles has steadily increased, with a sharp increase in 2020, primarily due to

the surge in online articles during the COVID-19 pandemic. This increase was driven by

daily updates on COVID-19 case numbers, with new entries being added to the database

regularly.

3 Methodology

This section describes the individual steps involved in computing NEOS. Figure 2 gives

an overview. We use an efficient and scalable two-sample estimation approach to generate

the indicator. As illustrated in Figure 2, we leverage both the Swissdox news articles

(Section 2, i.e., the top stream in Figure 2), and synthetic articles generated by an LLM

5



6

Figure 2: Overview of the computation steps for NEOS.

(Section 3.3, i.e., the bottom stream in Figure 2). We run both sets of articles through a

small encoder-only embedding model to obtain the numeric representations (Section 3.1).

Using these embeddings, we select articles from the Swissdox data that relate to the state

of the economy (see Section 3.2). We use only the synthetic data sample to train the

sentiment model (Section 3.4). We then take the fitted model to predict the sentiment

scores of the relevant articles in the Swissdox data and aggregate these scores to compute

NEOS (Section 3.5). In addition, we decompose NEOS with different methods to ensure

interpretability (Section 3.6). We detail each step below.

3.1 Generate document embeddings

To transform article texts into a numerical format suitable for analysis, we use the jina-

embeddings-v3 model developed by JinaAI (Sturua et al., 2025). This encoder-only embed-

ding model converts each article into a 1024-dimensional vector that captures the semantic

meaning of the content, preserving the overall message and tone of the article. We choose

jina-embeddings-v3 because the model is multilingual, i.e., capable of processing both Ger-

man and French articles, and can handle relatively long documents with up to 8192 input

tokens. Previous generation embedding models like BERT only support short input se-

quences of 512 tokens, which are insufficient to generate high quality embeddings of longer

content like news articles. At the same time, jina-embeddings-v3 is still a comparatively

small model with only 570M parameters, allowing for fast inference on moderate hardware.

Generating embeddings has several advantages compared to directly using LLMs to
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classify the news articles. Although large decoder-only models (GPT, Llama, etc.) can be

used to classify sentiment in texts directly, these models typically contain tens or hundreds

of billions of parameters, making them computationally expensive and slow for inference,

whereas dedicated embedding models like jina-embeddings-v3 are significantly more com-

pact and efficient. The embeddings preserve the semantic meaning, which means that the

overall message and tone of a document is captured in the embeddings and can be used to

build a dedicated sentiment model.

We estimate that computing an economic outlook indicator similar to NEOS using

ChatGPT-4o to directly analyze the economic outlook of all news articles would have cost

over $30,000 at the time that NEOS was developed. In contrast, NEOS operates at a much

lower cost. It can be run on consumer-grade hardware, and if deployment on an external

platform such as AWS Cloud were allowed, the computation of NEOS could be completed

for approximately $100, based on the costs at the time of development.2

In addition, large generative models, such as ChatGPT-4o, are commercial offerings

which require data to be transmitted to external API endpoints. The licensing terms offered

by the providers are typically irreconcilable with common data use agreements (DUAs) or

institutional data protection requirements. This effectively prohibits processing sensitive

or proprietary data. The news articles we use are subject to a restrictive DUA, so on-

premises deployment is essential to maintain data sovereignty and avoid DUA violations.

Licensing terms offered by other news data providers (Bloomberg, Reuters, Dow Jones

Factiva) are similarly restrictive. The smaller footprint of jina-embeddings-v3 makes it

feasible to deploy it on modest hardware infrastructure, while large generative models would

require substantial GPU resources that are infeasible for most on-premises environments.

3.2 Select relevant articles

To isolate the articles relevant to the state of the economy, we employ a classification ap-

proach. Some media outlets within the Swissdox@LiRI database provide information about

the section in which an article was published. We assume that articles in economics-related

sections like “business”, “markets”, and “economics” are likely to contain information about

the state of the economy. We consider these economics-related articles as relevant, and ar-

ticles published in other sections (e.g. “sports”) non-relevant. We use the embeddings of

the articles with known sections to train a neural network model to classify whether any

given article is related to economics (i.e., relevant) or not.

We evaluate different candidate models to classify the relevant (economics-related) ar-

ticles before settling on the neural network. To train the models, we use a balanced sample

2For development, we used a single local NVIDIA L40S GPU with 48GB of memory. Note that the
Swissdox@LiRI data are subject to restrictive DUAs and cannot be analyzed on external platforms.
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of 300,000 articles, randomly selecting 150,000 articles each from both the relevant and

non-relevant articles. We then evaluate the performance of the classifiers on a test set, an

additional set of 150,000 articles, which were not used during training, also equally split

between relevant and non-relevant articles. In our model evaluation, we achieved approx-

imately 92% accuracy using a linear model (L2-penalized logistic regression). A random

forest also achieved 92% accuracy. We settle on a simple feedforward neural network with

four hidden layers in a funnel structure (512, 256, 128 and 64 neurons), ReLU activation,

L2 regularization, dropout, batch normalization and sigmoid output layer; achieving 95%

accuracy.

Next, we evaluate the precision-recall tradeoff. Figure 15 in the Appendix A.6 displays

the overall accuracy vs. precision for different candidate models, illustrating our choice of

model and classification threshold. To improve the model’s ability to correctly identify

relevant articles (precision) and limit the number of false positives, we increase the clas-

sification threshold from 0.5 to 0.8, trading off some accuracy for gains in precision. The

final model achieves 93% accuracy and 95% precision on the test data, demonstrating the

strong performance of our classifier. We then use the trained classifier to label and select

all relevant articles in the full data.

Based on the model prediction, we select only relevant articles from the full sample,

leaving us with a refined set of economics-related articles. In total, we retain 2.7 million

relevant articles in German and 0.4 million relevant articles in French. The number of rel-

evant articles per month increased over time, from approximately 3,000 articles in January

1999 to a peak of approximately 17,000 articles per month during the COVID-19 pandemic,

and to approximately 13,000 articles in November 2025. Figure 3 shows the distribution of

these articles over time, segmented by publication type. By selecting only articles relevant

to the state of the economy, we improve the signal in the data.

3.3 Generate synthetic articles

To avoid the time-intensive, error-prone and subjective process of reading and manually

labeling the sentiment of parts or even all relevant articles, we leverage a state-of-the-art

LLM to generate synthetic articles conveying clearly positive or negative economic outlooks.

The synthetic articles are created using Claude 3.5 Sonnet (Anthropic, 2024). We generate

in total 256 synthetic articles, 128 articles of which convey a stereotypical positive economic

outlook and 128 articles of which convey a stereotypical negative economic outlook. We

instruct the LLM to generate the synthetic articles in such a way that they mimic a typical

news article in style and structure. We specify that some synthetic articles should cover the

economy in general, while others should cover specific parts of the economy, i.e., financial

8
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Figure 3: Number of relevant articles over time, broken down by publication type (print
vs. online).

markets, the labor market, real estate market, international trade, consumption, business

situation and macroeconomic outlook. An example prompt, along with a positive and

negative synthetic article, is provided in Appendix A.1. We assign a score of one to the

synthetic articles with a positive outlook and a score of zero to the synthetic articles with

a negative outlook.

The synthetic articles are then converted into document embeddings using the jina-

embeddings-v3 model described in Section 3.1. For exploratory analysis and visualization,

we apply UMAP (McInnes et al., 2020), a dimensionality reduction approach, to reduce

the high-dimensional embeddings to two dimensions. Figure 4 plots the two-dimensional

representation of the 256 synthetic articles. We color the articles with positive outlook green

and the ones with negative outlook red. We observe two distinct clusters corresponding

to positive and negative outlook. This separation confirms that the embeddings effectively

capture sentiment.

Using synthetic articles has several advantages over manual labeling of real articles.

Human labeling can be error-prone, difficult to reproduce, and time-intensive. When per-

formed correctly, it is also costly, as it requires multiple individuals to independently label

a large number of articles to validate the alignment of the labels. In contrast, generating

synthetic articles is cheap and produces higher quality training data, since real world ar-

ticles are rarely fully positive or negative, but typically contain ambiguous wording. The

use of synthetic articles allows us to clearly assign one or zero as labels to the articles and

no arbitrary values in between are required.
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Figure 4: UMAP visualization of the synthetic articles with positive and negative economic
outlooks.

3.4 Train the sentiment model

The clear separation of the synthetic articles into two distinct clusters in Figure 4 suggests

that a linear classification model can be used to distinguish between positive and negative

economic outlook. To achieve this, we fit a logistic regression model to the embedded

synthetic articles. Given that the dimensionality of the embeddings (1024 features) exceeds

the number of observations (256 articles), we apply regularized logistic regression (Cessie

and Houwelingen, 1992) to prevent overfitting.

3.5 Measure economic outlook

Once the logistic regression model is trained, we apply it to the embeddings of the relevant

articles identified in Section 3.2. The model generates a probability score for each article,

measuring the likelihood that the article reflects a positive economic outlook. A score closer

to one indicates a positive outlook, while a score closer to zero indicates a negative outlook.

To compute the final indicator, we aggregate the probability scores of all relevant articles

within each month. This provides a monthly measure of the overall sentiment conveyed by

the media. In addition, we compute timelier versions of NEOS aggregating the probability

scores of the relevant articles published within the first 7, 14, or 21 days of each month.

This allows for the generation of sentiment signals up to three weeks ahead of traditional
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survey-based economic indicators.

3.6 Interpretability of NEOS

NEOS is transparent and interpretable, which is essential for policymaking. We can mea-

sure the influence of each article on our indicator and retrieve its original content. This

enables us to gain insights into what drives the economic outlook at any given time. In-

specting individual articles can be useful to explore what drives NEOS at a specific point in

time. However, to interpret NEOS systematically over time, this approach is infeasible. We

therefore aggregate articles within broader topics. We then decompose NEOS by topics,

calculating the contribution of each topic to the overall indicator as follows:

xt =
Nt∑
i=1

xt,i =
Nt∑
i=1

T∑
j=1

pt,i,jxt,i =
T∑

j=1

Nt∑
i=1

pt,i,jxt,i =
T∑

j=1

ct,j,

where xt is NEOS in period t, xt,i is the score of article i in period t, Nt is the number

of articles in the respective period, T is the number of topics, pt,i,j is the probability than

article i belongs to topic j in period t (with
∑T

j=1 pt,i,j = 1) and ct,j is the contribution of

topic j to xt in period t. Note that when decomposing the monthly standardized version

of NEOS, the same mean and variance of the monthly indicator should be used to center

and scale xt,i per article.

The key element in this approach is how to determine the topics and the corresponding

probabilities for each article. There are several possible approaches, each suitable for

different use cases. In the following, we discuss three selected approaches.

Keyword-based A keyword-based method is useful to investigate the influence of specific

ad-hoc topics, e.g., to quickly validate a policymaker’s intuition. By defining one or more

keywords that must be present in an article for it to be considered relevant to a particular

topic, we obtain pt,i,j ∈ {0, 1}. In this simple form, this only allows us to distinguish between

articles that belong to the defined topic and those that do not. Matching keywords is a

crude approach to identify topics–articles which contain only one relevant section or where

the entire article is relevant are weighed equally. Additionally, keyword-based methods lack

context awareness which can lead to incorrect interpretations.

Classification-based Classification-based methods are useful for predefined topics. A

common approach is to label a subset of the data by humans or LLMs for training (e.g.

Bucur and Hill, 2025). To define the topics, expert knowledge is required (see Section 3.3

for a discussion of the advantages and disadvantages of manual labeling). The topic labels
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are then used to train a classifier, using the embeddings as input. We exploit the fact

that we instructed the LLM to generate synthetic articles for different economic sectors

(labor market, trade and financial markets; see Section 3.3). Thus, our synthetic articles

are already categorized by economic sectors. These categories can serve as topics. We train

a regularized multinomial logistic regression on the embeddings of the synthetic example

articles and apply the trained model to the embeddings of the news articles to obtain pt,i,j.

To simplify and ease interpretability, we limit the number of topics assigned to each article:

We limit the total number of topics to a maximum of three and select only the topics with

the highest probabilities for which the cumulative sum of their probabilities in decreasing

order exceeds 0.7. We rescale the probabilities of the selected topics per article such that

they sum up to one again.

Clustering-based Both of the above approaches rely on pre-defined topics. In contrast,

automatically generated topics allow monitoring emerging trends in the data. To achieve

this, we first apply UMAP (McInnes et al., 2020) to the embeddings of the news articles to

obtain a new set of embeddings with lower dimensionality. Thereafter, we fit K-means clus-

tering to the lower-dimensionality embeddings of the latest available month, i.e., November

2025. We then apply the resulting model to the historical data. This allows us to cap-

ture the latest developments while ensuring a consistent history. We select K-means over

more sophisticated clustering algorithms as the algorithm is deterministic (for a fixed seed),

scalable and able to predict the cluster membership for new data points consistently.

To gain a deeper understanding of the drivers of a topic during a specific time, it is

possible to retrieve individual articles (e.g., most positive/negative, highest probability for

specific topic, highest positive/negative contribution within topic), generate word clouds

or use an LLM to generate summaries of the articles within the topic and time range.

These methods for enhanced interpretability can be applied to topics identified by all three

approaches but are particularly important for automatically generated topics, due to the

absence of prior knowledge about these topics and their content.

We show how all of these different approaches can be used in practice in Section 4.5.

4 Results

Figure 5 shows monthly NEOS alongside real quarterly year-on-year GDP growth and two

traditional, monthly, survey-based leading indicators (KOF Business Situation Indicator

and Manufacturing Purchasing Managers’ Index). NEOS closely tracks GDP growth and

captures turning points similarly to the established indicators. To demonstrate NEOS’s
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Figure 5: NEOS and benchmark indicators together with Swiss real GDP growth (year-
on-year, adjusted for sports events; right-hand scale). All indices are standardized.

leading properties, we analyze the correlations between NEOS and GDP growth at differ-

ent lags. Appendix A.2 shows the correlations alongside the same correlations for other

indicators, which are based on surveys or news text, for comparison. The correlations for

NEOS are consistently high, often surpassing those of the other indicators. Next, we as-

sess whether this strong co-movement of NEOS with GDP growth translates into improved

forecasting performance.

In the remainder of this section, we conduct a comprehensive forecast evaluation of

NEOS. We first compare its out-of-sample forecasting performance against a wide range

of alternative indicators. We then examine the importance of NEOS’s timeliness by as-

sessing how its predictive accuracy varies with different publication lags. Next, we analyze

NEOS’s performance over time, highlighting how timely information helps during peri-

ods of crisis and high volatility. We also investigate our indicator’s incremental predictive

power by testing whether NEOS adds significant information beyond established indicators

in multivariate forecasting models.

In addition, we demonstrate how NEOS can be interpreted through an analysis of the

underlying news content and sentiment drivers.

4.1 Forecast evaluation

Following the approach of Kalamara et al. (2022), we evaluate the ability of NEOS and other

survey- or text-based indicators to improve real GDP growth forecasts in a pseudo-out-of-

sample evaluation over the period from Q1 1999 to Q1 2025.3 The set-up is designed to

3Since recent releases of GDP are often subject to backward revisions, we limit the analysis to Q1 2025.
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mimic the information set of a policymaker: Towards the end of quarter t, the policymaker

wants to forecast year-on-year GDP growth for the current quarter t and for the next two

quarters t+ 1 and t+ 2, while official GDP data are available only up to t− 1.

For each horizon h ∈ {0, 1, 2}, we estimate the following regression model

yt+h = α + βyt−1 + γx
(m)
t + εt, (1)

where yt denotes the year-on-year GDP growth in quarter t, x
(m)
t is the average of the

indicator values from the first m months of quarter t, and εt is a zero-mean error term.

We compare our indicator against a range of established monthly indicators. These include

widely used survey-based measures: the manufacturing and services Purchasing Managers’

Indices (PMIs) for Switzerland, the KOF Business Situation Indicator, and the SECO

Consumer Sentiment Index.

In addition, we evaluate NEOS against two alternative text-based indicators derived

from the same underlying news data. Both alternative indicators use a lexicon/dictionary-

based approach. The first is the well-established Economic Policy Uncertainty (EPU) index

proposed by Baker et al. (2016). The second follows the methodology of Barbaglia et al.

(2025) and relies on a German translation of their sophisticated lexicon. Both of these text-

based indicators serve as a natural benchmark: they rely on exactly the same underlying

news data but employ a more straightforward counting approach (see Appendix A.3 for

details).

All survey indicators are released at the end of each month or shortly thereafter. To

mimic the information set available to a policymaker near the end of quarter t, we define

x
(m)
t as the average of the indicator values from the first two months (m = 2) of quarter t.

Thus, forecasts of GDP growth yt+h rely on GDP observations up to quarter t − 1 and

indicator data available through the second month of quarter t.

A key advantage of NEOS is that it can be continuously updated as new articles become

available. To evaluate the benefits of this feature, we construct variants that include articles

published in the first 7, 14, or 21 days of the third month of quarter t (see Section 3.5 for

details). These variants incorporate more recent information and can be computed well

before the end of the month—substantially earlier than conventional indicators. For these

timelier variants of NEOS, we therefore set m = 3, i.e. we use the first two months and

additional indicator information available through the third month of quarter t in the

forecasting exercise. This allows us to quantify the improvement in the forecast accuracy

arising from NEOS’s ability to exploit intra-month news flow and provide updates long

before most traditional indicators are released.

To assess the forecast performance for each indicator, we compare the regression model
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Table 1: Forecasting Swiss year-on-year GDP growth from Q1 1999 to Q1 2025

Indicator h = 0 h = 1 h = 2

NEOS 0.88 (0.03) 0.78 (0.06) 0.80 (0.05)
NEOS (first 7 days in the third month) 0.87 (0.03) 0.79 (0.06) 0.80 (0.05)
NEOS (first 14 days in the third month) 0.87 (0.03) 0.78 (0.06) 0.79 (0.04)
NEOS (first 21 days in the third month) 0.88 (0.03) 0.78 (0.06) 0.77 (0.03)

EPU for Switzerland 1.12 (0.09) 1.11 (0.89) 1.01 (0.52)
Lexicon-based approach 1.00 (0.49) 0.97 (0.41) 0.93 (0.30)
KOF Business Situation Indicator 1.06 (0.86) 1.01 (0.67) 1.00 (0.48)
SECO Consumer Sentiment Index 1.09 (0.80) 1.01 (0.53) 0.99 (0.47)
Manufacturing PMI for Switzerland 0.94 (0.22) 0.85 (0.16) 0.84 (0.09)
Services PMI for Switzerland 0.89 (0.10) 0.95 (0.10) 0.92 (0.12)

Notes: MAE ratios with the Diebold–Mariano p-values in parentheses. The best MAE values in bold.
Due to limited data availability, the evaluation for the KOF Business Situation Indicator is limited to
Q1 2009–Q1 2025 and that for the Services PMI is limited to Q1 2014–Q1 2025. In Appendix A.4, Tables
A6 and A7, we provide the results for the subperiods Q1 2009–Q1 2025 and Q1 2014–Q1 2025. Since the
SECO Consumer Sentiment Index is a quarterly indicator, we regress GDP in t + h on the indicator for
quarter t. Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.

in Equation (1) to an autoregressive benchmark that only includes lagged GDP, i.e., Equa-

tion (1) with γ = 0. This corresponds to an AR(1) model for year-on-year GDP growth.

For each indicator and forecast horizon, we compute the mean absolute error (MAE) of the

pseudo-out-of-sample forecasts and report the ratio

MAE of Eq. (1) with indicator

MAE of AR(1)
.

A value below one indicates that including the indicator as a predictor improves the ac-

curacy of the forecast relative to the AR(1) model. We re-estimate the models using an

expanding window, starting with an initial window containing the first eight quarters of

data. Each forecast is based only on information that would have been available at the

time it was made.

We assess the statistical significance of the improvements in forecast accuracy using a

modified Diebold–Mariano test.4 Table 1 reports the MAE ratios, with the Diebold–Mariano

p-values in parentheses. The lowest MAE ratio for each horizon is printed in bold.

NEOS and its intra-month updated versions substantially improve forecast accuracy

across all horizons, with MAE ratios ranging from 0.77 to 0.88 (implying error reductions

of 12–23% relative to the AR(1) benchmark). These gains are statistically significant at

4We follow Beck and Wolf (2026) and implement a modified version of the Diebold and Mariano (1995)
test, using heteroskedasticity- and autocorrelation-consistent (HAC) standard errors to account for serial
correlation in the forecast errors.
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the 10% level or better, as indicated by p-values below 0.06 in all cases.

The baseline NEOS achieves MAE ratios of 0.88 (h = 0), 0.78 (h = 1), and 0.80 (h = 2).

Incorporating news from the early days of the third month yields further improvements at

longer horizons: the version using the first 14 days records 0.78 at h = 1 and 0.79 at

h = 2, whereas the version using the first 21 days delivers the best performance at h = 1

(0.78) and h = 2 (0.77). At the nowcast horizon (h = 0), the 7-day version is marginally

superior (0.87). Overall, the intra-month variants match or outperform the baseline NEOS,

demonstrating that substantial forecasting gains can be realized several weeks ahead of

conventional indicator releases.

Relative to alternative indicators, NEOS dominates. The Economic Policy Uncertainty

(EPU) index consistently yields MAE ratios above one. The alternative lexicon-based

approach also yields MAE ratios close to one (0.93–1.00), with no statistically significant

improvements. This highlights the value of NEOS’s embedding-based methodology and

synthetic labeling procedure, which extracts substantially richer macroeconomic signals

from the same underlying news articles.

The KOF Business Situation Indicator and SECO Consumer Sentiment Index also

generally perform worse than the AR(1) benchmark (MAE ratios around or above one)

and show no significant forecasting power. The Manufacturing and Services PMIs deliver

moderate improvements (MAE ratios of 0.84-0.95) but perform worse than NEOS across

all horizons. Notably, PMI surveys are resource-intensive and follow fixed release schedules,

whereas NEOS leverages readily-available news data and can be updated continuously.

Due to limited data availability, the evaluation for the KOF Business Situation Indicator

is limited to Q1 2009–Q1 2025 and for the Services PMI to Q1 2014–Q1 2025. In Appendix

A.4, Tables A6 and A7, we provide the results for the respective subperiods. Overall, our

findings carry over to these subsamples.

Taken together, the results establish that our methodology is highly competitive, com-

bining strong predictive performance with exceptional timeliness.

4.2 Importance of timeliness

To illustrate the practical importance of timeliness, especially during times of crises, Fig-

ure 6 shows the daily month-to-date evolution of NEOS between April and August 2025.

The daily month-to-date evolution is calculated by averaging all scores available from the

first day of the month up to the current date. The blue diamonds mark the month-end

values, which correspond to the monthly series shown in Figure 5. The figure illustrates

how sentiment in Switzerland shifted with US tariffs announcements. A policymaker moni-

toring NEOS at a daily frequency could have observed these shifts well before survey-based
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Figure 6: Daily month-to-date evolution of NEOS between April and August 2025.

indicators or GDP releases became available.

4.3 Performance over time

Table 1 shows that including NEOS in the regression model in Equation (1) improves the

accuracy of GDP growth forecasts relative to the AR(1) benchmark. To determine whether

these gains are persistent or driven by outliers, we examine the path of the cumulative

absolute error difference (CAED).

For a given horizon h, the CAED at time T is defined as:

CAEDT,h =
T∑

t=t0

(
|eNEOS

t,h | − |eAR
t,h |

)
,

where |eNEOS
t,h | and |eAR

t,h | are the absolute forecast errors of the NEOS-augmented regression

and the AR(1) benchmark, respectively. The CAED is computed over the same pseudo

out-of-sample evaluation period used in Section 4.1. Under this specification, a downward-

sloping trajectory indicates that the NEOS-augmented model outperforms the benchmark.

In an ideal setting, the CAED series should be strictly downward sloping and remain below

the zero threshold, indicating that the augmented model consistently incurs smaller forecast

errors than the benchmark in every period.

Figure 7 displays the CAED for horizon h = 2. The series declines most sharply during

periods of macroeconomic distress, such as the Great Financial Crisis and the COVID-19

pandemic. Outside of these crisis episodes, the series continues to trend downward overall

but features several extended flat segments. These flat periods predominantly coincide

with intervals of relatively stable and constant GDP growth rates, during which the simple
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AR(1) benchmark is particularly difficult to outperform. In such low-volatility environ-

ments, the NEOS-augmented model delivers predictive accuracy roughly on par with the

AR(1), yielding no material additional gains. Nevertheless, the model still provides mean-

ingful predictive improvements during more turbulent periods, and the overall pattern of

outperformance remains visible across the full sample. While Figure 7 focuses on h = 2

the results for horizons h = 0 and h = 1 are provided in Appendix A.5; the qualitative

patterns remain highly consistent across all three horizons.

Figure 7: Cumulative forecast improvements compared to an AR(1) model for forecast
horizon h = 2.

4.4 Kitchen sink regression

To assess the incremental predictive power of the NEOS indicator, we perform a ”kitchen

sink” regression, including all established benchmarks in the model simultaneously. This

test determines whether NEOS captures unique economic signals that are not already

present in a linear combination of standard survey- and text-based measures. The regression

equation is specified as follows:

yt+h = α + γNEOSt + β1yt−1 + β2mPMIt + β3SECOt + β4LEXt + β5EPUt + ϵt.

The control variables represent those indicators available over the full sample period

and introduced in Section 4.1: the manufacturing Purchasing Managers’ Index (mPMI ),

the SECO Consumer Sentiment Index (SECO), and two text-based benchmarks derived

from the same data source—the Economic Policy Uncertainty index (EPU ) and a German-

translated lexicon-based measure (LEX ) following Barbaglia et al. (2025). The primary
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objective is to test the null hypothesis

H0 : γ = 0.

If we reject this hypothesis, it implies that the NEOS indicator provides statistically signif-

icant predictive value beyond the information contained in traditional surveys and existing

dictionary-based text methods.

The inclusion of the COVID-19 period presents a significant challenge for stable pa-

rameter estimation. The extreme fluctuations in GDP growth during 2020 and 2021 act

as massive outliers that can disproportionately influence the regression coefficients, poten-

tially masking the underlying structural relationship between the indicators and economic

activity. Following Schorfheide and Song (2024), who argued that excluding crisis observa-

tions is a robust and transparent alternative to complex outlier modeling in VAR contexts,

we present the results both with and without the pandemic period to ensure the reliability

of our estimates.

The results, presented in Table 2, broadly correspond to the earlier univariate findings

but offer deeper insight into the indicator’s lead-lag structure. At the immediate horizon

(h = 0), the performance gap between NEOS and established indicators, specifically the

manufacturing PMI, is relatively small, though the coefficient remains statistically signifi-

cant when the COVID-19 period is excluded.

However, as the forecast horizon increases to h = 1 and h = 2, the relative strength of

the NEOS indicator becomes more pronounced. Both the magnitude of the coefficient γ̂

and its statistical significance increase at these longer horizons. This suggests that NEOS is

particularly effective as a forward-looking measure; while survey indicators may reflect the

current ”nowcast” environment, NEOS appears to capture underlying economic sentiment

that anticipates shifts in GDP growth several quarters ahead. These results remain robust

even when accounting for the high-volatility COVID-19 period, confirming that NEOS is

a valuable and distinct addition to the Swiss economic forecasting toolkit.

4.5 Interpreting NEOS

In the following, we analyze what drives NEOS. We therefore show the contributions of the

topics determined by the three approaches presented in Section 3.6 as an example of their

relevance in practice.

Figure 8 shows the contributions calculated using the keyword-based approach to de-

termine pt,i,j for articles that contain the German or French word for “tariff”. All the

remaining articles that do not contain the keyword “tariff” are summarized in the category

“other”. In October 2024, the topic “tariffs” began to contribute markedly negatively to
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Table 2: Incremental predictive power of the NEOS: kitchen sink regression results

h = 0 h = 1 h = 2

γ̂ -0.001 0.002* 0.004* 0.005*** 0.006*** 0.005***

(0.002) (0.001) (0.002) (0.001) (0.002) (0.001)

Other Indicators ✓ ✓ ✓ ✓ ✓ ✓

Include COVID-19 ✓ ✓ ✓

Notes: This table reports the estimated coefficient γ̂ for the NEOS indicator in the kitchen
sink regression. The model controls for lagged GDP growth, mPMI, SECO consumer sentiment,
and text-based benchmarks (EPU and LEX). HAC standard errors are reported in parentheses.
The results are presented including/excluding the COVID-19 period (Q1 2020 until Q4 2021).
***p < 0.01, **p < 0.05, *p < 0.1.

NEOS. At that time, former President Donald Trump had pledged during his election cam-

paign to impose additional tariffs if he were elected. The negative contribution peaked on

President Trump’s “Liberation Day” in April 2025. It was also pronounced in August 2025

following the announcement of 39% additional tariffs on Swiss goods on July 31.

Figure 8: Contribution of the topic “tariffs” to NEOS as identified based on keywords.

In Figure 9 we show the contributions of the topics determined using the classification-

based approach trained on the synthetic articles. In line with Figure 8, we observe a large

negative contribution of trade-related articles in April and August 2025. Furthermore,

in April 2025, the large negative contribution of financial market-related articles reflects

the global stock market dip after “Liberation Day”. Note that while some topics have

only negative or positive contributions in the time range depicted in the figure, all topics

contribute positively and negatively at some point in time over the whole time period.

In Figure 10 we depict the contributions of the topics identified using the clustering

approach. We show the clusters for which the absolute value of the monthly contribution
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Figure 9: Contributions of pre-defined topics using the classification-based approach.

exceeds 0.2 at least once and summarize the other clusters in “other”. In line with the

previous two contribution results, the word cloud in Figure 11 for Cluster 0 covers mainly

topics related to the US’s tariffs. Cluster 1 covers technology related developments, in

the economy in general or of particular firms and contributes mostly positive. An LLM-

generated summary of the headlines closest to the cluster center per month is the following:

Overall, these titles depict Switzerland’s dynamic role in the global tech ecosystem, empha-

sizing innovation, venture capital growth, international business expansion, and significant

corporate moves (such as mergers and acquisitions). The Swiss tech sector seems to be ben-

efiting from global trends, including the increasing prominence of start-ups, international

investments, and the opportunities created by market instability elsewhere, especially in the

US. The word cloud for Cluster 2 in Figure 12 shows mainly banking-related topics. The

most negative article from October 2025 highlights how fears of a banking crisis in the US

also weighed on Swiss financial stocks.5 Cluster 3 includes articles about various compa-

nies and their business situation, i.e., headlines such as Quarterly results: Logitech exceeds

expectations again in the second quarter (translated from German to English).

5 Sensitivity analysis

In the following, we present several sensitivity analyses to validate the key design choices

of our methodology.

5Our DUA with Swissdox@LiRI does not allow the original news articles to be published here as an
illustration.
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Figure 10: Contributions of topics identified using a clustering method.

Figure 11: Word cloud for articles con-
tained in Cluster 0.

Figure 12: Word cloud for articles con-
tained in Cluster 2.

5.1 Evaluation of the sentiment model

To assess the quality of the predicted probabilities of the NEOS procedure (see Section 3.4),

we conducted an experiment with two human labelers who were assigned the same 150 news

articles each. We randomly sample 50 articles each from three parts of the overall indicator

distribution: 50 articles from the 1st-5th quantile (the lowest scores representing a negative

outlook), 50 articles from the 45th-55th quantile (scores near the median representing a

neutral outlook), and 50 articles from the 95th-100th quantile (the highest scores repre-

senting a positive outlook). The labelers were instructed to classify the articles into three

categories: negative, neutral, and positive economic outlook.

The average alignment between the human and NEOS procedure labeling was 81%,
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To assess the quality of the predicted probabilities of the NEOS procedure (see Section 3.4),

we conducted an experiment with two human labelers who were assigned the same 150 news

articles each. We randomly sample 50 articles each from three parts of the overall indicator

distribution: 50 articles from the 1st-5th quantile (the lowest scores representing a negative

outlook), 50 articles from the 45th-55th quantile (scores near the median representing a

neutral outlook), and 50 articles from the 95th-100th quantile (the highest scores repre-

senting a positive outlook). The labelers were instructed to classify the articles into three

categories: negative, neutral, and positive economic outlook.

The average alignment between the human and NEOS procedure labeling was 81%,

22

while the alignment between the two human labelers was 79%. This implies that the labels

generated using the NEOS procedure are at least as reliable as those produced by human

labelers, and potentially more consistent. Neutral articles show the greatest divergence.

Articles classified as neutral by our method were more frequently assigned to the positive or

negative categories by human labelers. In contrast, the alignment for positive and negative

articles was 89%.

5.2 Sensitivity to the number of synthetic articles

To assess whether 128 positive/128 negative synthetic articles are sufficient to ensure a

stable sentiment score, we conduct an experiment where random subsamples of the syn-

thetic articles are iteratively increased in size, and NEOS is computed for each subset. We

found that using just 32 synthetic positive/negative articles resulted in high variance be-

tween the outcomes of different subsamples. However, as the number of synthetic articles

increased, the variance decreased, with no further change after approximately 100 posi-

tive/negative synthetic articles. NEOS trained on subsets of approximately 100 synthetic

positive/negative articles closely resembled the original NEOS results with 128 positive/128

negative synthetic articles. Increasing the number of synthetic articles further did not have

any noticeable effect. Based on these findings, we conclude that a sample size of 128

positive/negative synthetic articles is sufficient for stable performance.

5.3 Leakage of future information in the synthetic articles

Training data up to April 2024 was used for Claude 3.5 Sonnet, i.e., the LLM we use to

generate the synthetic articles was trained on texts discussing past crises, such as the EU

debt crisis or the COVID-19 pandemic. It is not a priori clear whether our indicator would

capture the sentiment of future crises similarly well compared to past crises that were

known during training. To show that NEOS does not depend on such future information,

we construct the indicator by training the sentiment model on the embeddings of 256 real

news articles from 2012 instead of the synthetic articles. We choose the articles by selecting

the ones with the highest and lowest probability score from the originally trained logistic

regression. The indicator obtained using real news articles from 2012 is shown together

with the original monthly NEOS in Figure 13. The two indicators evolve in a similar way

and have a correlation of 0.962 suggesting that our methodology does not rely on knowledge

of future events in the synthetic articles.6

6This type of leakage is not unique to our indicator. Compound survey indicators (such as SECO-
SEC and Swiss Economic Confidence) are based on multiple surveys. The composition of these indicators
changes over time and their constituent subindices are selected based on historical correlations.
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Figure 13: High correlation between the indicator obtained using news articles from 2012
and the one obtained using the synthetic articles.

5.4 Relation of the logistic regression to cosine similarity

During development, we explored an alternative sentiment scoring approach based on cosine

similarity, which is often used for retrieval augmented generation (RAG). We generated

the sentiment indicator by computing the cosine similarity between each relevant news

article and each synthetic article and then averaging the similarity scores. This alternative

approach measures how similar the relevant articles published in a given month are to the

positive/negative synthetic articles.

While this approach yields almost identical results, it is computationally much more

costly because it requires computing 2×Ns×N similarity scores, where Ns is the number of

positive/negative synthetic articles and N the total number of real, relevant news articles.

It is helpful to understand why the simpler regularized logistic regression works almost

identically in this setting despite being far less resource-intense.

The synthetic positive and negative articles form two well-separated clusters in the

embedding space (see Figure 4). Let p = 1
Ns

∑Ns

i=1 pi and n = 1
Ns

∑Ns

i=1 ni denote the

average embeddings of the synthetic positive and negative examples, respectively. The

cosine-similarity–based score

1

Ns

Ns∑
i=1

cos(x, pi)−
1

Ns

Ns∑
i=1

cos(x, ni) =
1

Ns

Ns∑
i=1

x⊤(pi − ni) = x⊤(p− n),

shows that projecting x onto the vector p − n measures whether x aligns more with the

positive or negative cluster.
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On the other hand, the logistic regression predicts

Pr(y = 1 | x) = σ(x⊤w), σ(z) =
1

1 + e−z
,

where w denotes the fitted weight vector. In our empirical results, the raw NEOS scores

(before normalizing) translate into predicted probabilities close to 1/2. In that region, the

sigmoid function is almost linear, and therefore

σ(x⊤w) ≈ const. + x⊤w′.

Thus, up to scaling and shifting, the logistic regression reduces to a linear score based on a

direction w′ that approximately corresponds to the separating vector p−n. In other words,

the model uses a projection similar to a cosine-similarity-based approach. This provides

additional affirmation that a simple linear method suffices in our setting.

6 Conclusion

NEOS provides a complementary perspective to traditional survey-based indicators and

demonstrates significant predictive power for forecasting GDP growth, outperforming tra-

ditional and lexicon-based indicators at different forecasting horizons. In contrast to tradi-

tional indicators, NEOS can be computed and updated in near real time, offering a timely

advantage to indicators with fixed release schedules. This feature is especially valuable in

times of crises.

Our indicator is transparent and interpretable, which is key for policymakers. It is

based on a single data source and if required, each article’s influence on the indicator

can be measured and the content can be retrieved for interpretation. We also presented

approaches to allow for systematic interpretability over time and to allow the detection of

newly emerging topics.

Our proposed methodology offers a way of leveraging state-of-the-art LLMs even if data

are proprietary, which is usually the case when working with full text news articles, and

on-premises resources are limited. Moreover, the structure of our approach is modular and

flexible. We can adjust the constituent embedding model or LLM to keep track of technical

developments. The modularity of our approach also makes it straightforward to build new

indicators to track developments in other variables or to use different data sources.
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Appendix

A.1 Example of a prompt and output

As an example, to generate a synthetic news article covering financial markets, we used the

prompt below in Claude 3.5 Sonnet. All prompts were formulated in such a way that the

generated articles convey a positive or negative outlook/assessment.

[Translated from German]

I want to classify newspaper articles from the business sections of Swiss news (e.g.,

NZZ, Tagesanzeiger, Handelszeitung) according to whether they give a rather negative

or positive outlook for developments on the financial markets. To do this, I use high-

dimensional embeddings of the newspaper articles calculated with BERT. I then

compare these embeddings with the embeddings of artificially generated newspaper

articles that are prototypically positive or negative in terms of the outlook for the

financial markets, using cosine similarity.

For this assignment, write three business articles each on financial and stock markets

with a positive and negative outlook (six articles in total) that differ in content. Each

article should be approximately 400-500 words long. These articles should simulate

realistic business journalism and be diverse in content.

Requirements:

• Variety of topics: Choose different topics related to the financial markets

(e.g., stock and stock market developments (e.g., SMI, SPI, Dow Jones, DAX,

etc.), bonds, commodities (e.g., gold, oil), and regulation in the financial sector).

• Style & structure: The articles should be written like realistic journalistic

articles, similar to texts from NZZ or Handelszeitung. Use a factual, fact-based

writing style with typical business journalism phrasing.

• Clear polarization: The positive articles should present optimistic economic

developments. The negative articles should highlight pessimistic developments.

The economic perspective (positive or negative) must be clearly recognizable

without appearing exaggerated or unrealistic.

• Embedding-friendly wording: Use key economic terms and technical termi-

nology to achieve the highest possible selectivity of embeddings between positive

and negative articles. Use a mixture of quantitative data (figures, statistics)

and qualitative economic assessments. Vary sentence structures and wording

between positive and negative articles to avoid bias in the classification.

These articles should serve as reference points to better classify real newspaper articles

using cosine similarity.
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Sample text for positive outlook generated by Claude 3.5 Sonnet:

[Translated from German]

Swiss stock market on track for record high: SMI breaks through important mark

The Swiss Market Index (SMI) continues its impressive upward trend, yesterday

exceeding the psychologically important mark of 11,800 points for the first time. This

positive development is being driven in particular by heavyweights Nestlé, Novartis,

and Roche, all of which presented solid quarterly figures.

Analysts at Credit Suisse are optimistic about the further development of the Swiss

benchmark index. “The fundamental data of the SMI companies are extremely ro-

bust, and we see further upside potential,” explains Martha Bernhard, chief strategist

at the major bank. The defensive orientation of the index is proving to be an advan-

tage in the current market phase.

The positive momentum is supported by persistently low inflation in Switzerland.

With an inflation rate of 1.2 percent, Switzerland is well below the European average.

This gives the Swiss National Bank (SNB) more monetary policy leeway than other

central banks.

Small and medium-sized companies are also benefiting from this environment. The

Swiss Performance Index (SPI) also reached a new all-time high, underscoring the

broad base of the upturn.

Sample text for negative outlook generated by Claude 3.5 Sonnet:

[Translated from German]

Investors concerned: Tech stocks experience historic sell-off

Technology stocks on Wall Street are currently experiencing their longest losing streak

since the dot-com bubble. The technology-heavy Nasdaq index has plummeted by an

alarming 28 percent since the beginning of the year. Former high-flyers have been hit

particularly hard: shares in Meta, Facebook’s parent company, have lost more than

60 percent of their value within six months.

Analysts at Credit Suisse are warning of further price losses. “The combination of

rising interest rates, high inflation, and declining consumer spending is hitting the

technology sector hard,” explains Thomas Müller, chief strategist at the major bank.

The aggressive tightening of monetary policy by the US Federal Reserve is weighing

particularly heavily on high-growth companies whose profits are only expected in the

future.

The Swiss benchmark index SMI is also suffering from the weakness in tech. Shares

in semiconductor manufacturer AMS Osram have lost over 40 percent since the be-

ginning of the year. Market observers expect a sustained correction that could also

spread to other sectors.
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Instead of using an LLM for text generation, we first experimented with short statements

written by ourselves conveying positive or negative economic outlook, embedded them and

used these embeddings to compute the indicator. We found, however, that our indicator

improves significantly if the generated texts resemble real news articles in terms of length,

style, structure etc. These findings are in line with Gao et al. (2022).

A.2 Correlations with GDP growth

Tables A3, A4 and A5 benchmark NEOS and its timelier versions against other survey-

based indicators for economic outlook, and other text-based approaches introduced in Ap-

pendix A.3. The tables show the average correlations of the indicators with real year-on-

year (yoy) and quarter-on-quarter (qoq) GDP growth for different lags over the periods Q1

1999 until Q1 2025, Q1 2009 until Q1 2025 and Q1 2014 until Q1 2025. Since GDP is a

quarterly time series, we transform all monthly indicators to quarterly time series by tak-

ing three-month averages over the respective quarter. For instance, a lag of three quarters

means that we compare GDP growth at time t with the respective indicator at time t− 3.

NEOS correlates with GDP growth in a similar way to the other indicators and out-

performs for certain lags. The correlations with quarter-on-quarter GDP growth are much

lower for all indicators.7 NEOS shows the highest correlation for a lag of one quarter with

respect to year-on-year GDP. The contemporaneous correlations (lag 0) can still be inter-

preted as a lead of the indicator since GDP is released with a delay of two months.8 Note

that Tables A3, A4 and A5 show ex post comparisons and do not account for actual data

availability of the other indicators in the past and GDP revisions. Not all indicators are

released immediately at the end of the month and historically, some indicators are only

available quarterly.

7If qoq correlations with GDP growth are positive over multiple lags, yoy correlations will be higher by
construction. Yoy GDP growth contains not only contemporaneous information but also information up
to 12 months ago.

8The flash estimate is delayed by less than two months (t+ 45 days.)
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Table A3: Analysis from Q1 1999 until Q1 2025

lag of indicator (quarters) avg. over lags

Correlations with yoy GDP 0 1 2 3 4 0, 1 0, . . . , 4

NEOS 0.60 0.68 0.64 0.51 0.24 0.64 0.53

NEOS (first 7 days in the month) 0.66 0.65 0.59 0.42 0.14 0.65 0.49

NEOS (first 14 days in the month) 0.66 0.66 0.60 0.43 0.14 0.66 0.50

NEOS (first 21 days in the month) 0.65 0.66 0.61 0.44 0.15 0.66 0.50

Lexicon-based approach 0.57 0.57 0.48 0.37 0.15 0.57 0.43

Manufacturing PMI for Switzerland 0.74 0.74 0.62 0.41 0.14 0.74 0.53

SECO Consumer Sentiment Index 0.46 0.41 0.35 0.22 -0.01 0.43 0.29

Correlations with qoq GDP

NEOS 0.46 0.27 0.11 0.13 -0.07 0.36 0.18

NEOS (first 7 days in the month) 0.45 0.11 0.17 0.06 -0.08 0.28 0.14

NEOS (first 14 days in the month) 0.45 0.12 0.17 0.06 -0.08 0.29 0.14

NEOS (first 21 days in the month) 0.46 0.14 0.17 0.07 -0.08 0.30 0.15

Lexicon-based approach 0.37 0.19 0.01 0.10 -0.03 0.28 0.13

Manufacturing PMI for Switzerland 0.43 0.20 0.10 0.03 -0.08 0.32 0.14

SECO Consumer Sentiment Index 0.32 0.02 0.06 -0.00 -0.10 0.17 0.06

Correlations with GDP growth for different lags. The highest average correlations are written in bold.

Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.
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Table A4: Analysis from Q1 2009 until Q1 2025

lag of indicator (quarters) avg. over lags

Correlations with yoy GDP 0 1 2 3 4 0, 1 0, . . . , 4

NEOS 0.48 0.50 0.42 0.30 -0.03 0.49 0.33

NEOS (first 7 days in the month) 0.56 0.47 0.38 0.18 -0.15 0.52 0.29

NEOS (first 14 days in the month) 0.55 0.48 0.40 0.20 -0.14 0.52 0.30

NEOS (first 21 days in the month) 0.55 0.49 0.40 0.22 -0.13 0.52 0.30

Lexicon-based approach 0.42 0.37 0.22 0.12 -0.12 0.40 0.20

KOF Business Situation Indicator 0.63 0.22 -0.05 -0.37 -0.63 0.42 -0.04

Manufacturing PMI for Switzerland 0.68 0.66 0.52 0.33 0.05 0.67 0.45

SECO Consumer Sentiment Index 0.37 0.29 0.23 0.11 -0.11 0.33 0.18

Correlations with qoq GDP

NEOS 0.36 0.08 -0.05 0.09 -0.19 0.22 0.06

NEOS (first 7 days in the month) 0.35 -0.14 0.11 -0.03 -0.19 0.11 0.02

NEOS (first 14 days in the month) 0.36 -0.12 0.10 -0.02 -0.19 0.12 0.02

NEOS (first 21 days in the month) 0.36 -0.10 0.09 -0.00 -0.20 0.13 0.03

Lexicon-based approach 0.23 0.04 -0.14 0.04 -0.13 0.14 0.01

KOF Business Situation Indicator 0.14 -0.38 -0.17 -0.21 -0.26 -0.12 -0.18

Manufacturing PMI for Switzerland 0.33 0.10 0.05 0.03 -0.12 0.22 0.08

SECO Consumer Sentiment Index 0.27 -0.12 0.02 -0.01 -0.08 0.07 0.02

Correlations with GDP growth for different lags. The highest average correlations are written in bold.

Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.
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Table A5: Analysis from Q1 2014 until Q1 2025

lag of indicator (quarters) avg. over lags

Correlations with yoy GDP 0 1 2 3 4 0, 1 0, . . . , 4

NEOS 0.48 0.52 0.47 0.38 -0.03 0.50 0.37

NEOS (first 7 days in the month) 0.56 0.46 0.44 0.26 -0.18 0.51 0.31

NEOS (first 14 days in the month) 0.55 0.47 0.45 0.27 -0.17 0.51 0.32

NEOS (first 21 days in the month) 0.55 0.48 0.46 0.29 -0.15 0.51 0.33

Lexicon-based approach 0.43 0.40 0.26 0.17 -0.13 0.41 0.23

KOF Business Situation Indicator 0.63 0.19 -0.03 -0.35 -0.65 0.41 -0.04

Manufacturing PMI for Switzerland 0.67 0.64 0.54 0.40 0.11 0.66 0.47

Service PMI for Switzerland 0.67 0.48 0.29 0.16 -0.32 0.58 0.26

SECO Consumer Sentiment Index 0.39 0.26 0.22 0.13 -0.11 0.33 0.18

Correlations with qoq GDP

NEOS 0.43 0.09 -0.06 0.14 -0.23 0.26 0.07

NEOS (first 7 days in the month) 0.44 -0.19 0.16 -0.01 -0.25 0.12 0.03

NEOS (first 14 days in the month) 0.44 -0.17 0.14 -0.06 -0.26 0.14 0.03

NEOS (first 21 days in the month) 0.44 -0.14 0.13 -0.07 -0.26 0.15 0.04

Lexicon-based approach 0.29 0.06 -0.18 0.07 -0.15 0.18 0.02

KOF Business Situation Indicator 0.18 -0.41 -0.15 -0.20 -0.27 -0.12 -0.17

Manufacturing PMI for Switzerland 0.36 0.12 0.07 0.07 -0.11 0.24 0.10

Service PMI for Switzerland 0.50 -0.09 -0.15 -0.04 -0.25 0.20 -0.01

SECO Consumer Sentiment Index 0.29 -0.14 0.04 0.00 -0.07 0.08 0.02

Correlations with GDP growth for different lags. The highest average correlations are written in bold.

Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.

A.3 EPU and lexicon-based approach to measure sentiment from

news articles

We compute two alternative text-based indicators, which are based on the same underlying

news articles data as NEOS.

a) We closely follow Baker et al. (2016) to construct an EPU index for Switzerland,

using their keywords plus Switzerland all translated to German and French.

b) To construct an alternative text-based sentiment indicator regarding the economic

outlook we apply a lexicon-based approach where one relies on a predefined list of words

that are associated with positive, negative, or neutral sentiment (see, e.g., Loughran and
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Mcdonald (2011)). Occurrences of these words are counted in a text and a sentiment

score based on these occurrences is assigned. We use the lexicon developed by Barbaglia

et al. (2025). The lexicon is in English and consists of more than six thousand words. We

translated and adapted it to German and applied it to the German news articles.9 The

results of the lexicon-based approach are not very promising. Simple word-count techniques

face challenges in recognizing context and detecting negations in texts, for example, “not

happy” (see, e.g., van Binsbergen et al. (2024)). We could also translate the lexicon to

French, but we refrain from the additional effort as the German articles are a clear majority

in our sample and in an additional computing exercise, we observed that NEOS with and

without the French articles looks very similar. Thus, the French articles do not seem to

contain much additional information for sentiment, and this should also hold applying other

approaches such as the lexicon-based one.

A.4 Forecast evaluation for subperiods

Table A6: Forecasting Swiss year-on-year GDP growth from Q1 2009 to Q1 2025

Indicator h = 0 h = 1 h = 2

NEOS 0.94 (0.18) 1.00 (0.51) 0.93 (0.10)

NEOS (first 7 days in the third month) 0.93 (0.17) 0.99 (0.44) 0.93 (0.09)

NEOS (first 14 days in the third month) 0.94 (0.21) 0.98 (0.43) 0.94 (0.12)

NEOS (first 21 days in the third month) 0.95 (0.25) 0.98 (0.41) 0.94 (0.13)

Lexicon-based approach 1.20 (0.95) 1.11 (0.74) 1.05 (0.68)

EPU for Switzerland 1.12 (0.86) 1.11 (0.89) 1.01 (0.52)

Manufacturing PMI for Switzerland 1.03 (0.61) 1.01 (0.53) 0.90 (0.20)

KOF Business Situation Indicator 1.06 (0.86) 1.00 (0.67) 1.00 (0.48)

SECO Consumer Sentiment Index 1.20 (0.79) 1.07 (0.76) 1.00 (0.52)

MAE ratios with the Diebold–Mariano p-values in parentheses. The best MAE values are in bold.

Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.

9All articles in German that enter the computation of NEOS are used.
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Table A7: Forecasting Swiss year-on-year GDP growth from Q1 2014 to Q1 2025

Indicator h = 0 h = 1 h = 2

NEOS 0.94 (0.20) 0.91 (0.09) 0.89 (0.04)

NEOS (first 7 days in the third month) 0.94 (0.22) 0.91 (0.11) 0.88 (0.04)

NEOS (first 14 days in the third month) 0.95 (0.28) 0.91 (0.13) 0.88 (0.06)

NEOS (first 21 days in the third month) 0.97 (0.33) 0.90 (0.12) 0.87 (0.06)

Lexicon-based approach 1.29 (0.97) 1.06 (0.60) 1.05 (0.62)

EPU for Switzerland 0.99 (0.49) 1.04 (0.88) 0.99 (0.45)

Manufacturing PMI for Switzerland 1.05 (0.64) 0.84 (0.24) 0.87 (0.29)

KOF Business Situation Indicator 1.05 (0.63) 1.01 (0.63) 0.97 (0.30)

SECO Consumer Sentiment Index 1.10 (0.62) 1.00 (0.51) 1.05 (0.70)

Service PMI for Switzerland 0.86 (0.12) 0.94 (0.16) 0.93 (0.09)

MAE ratios with the Diebold–Mariano p-values in parentheses. The best MAE values are in bold.

Data sources: KOF Swiss Economic Institute, procure.ch, SECO, SNB, Swissdox@LiRI, UBS.
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A.5 Cumulative absolute error differences for all horizons

Figure 14: Cumulative forecast improvements compared to an AR(1) model for forecast
horizons h = 0 (top), h = 1 (middle) and h = 2 (bottom).
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Figure 14: Cumulative forecast improvements compared to an AR(1) model for forecast
horizons h = 0 (top), h = 1 (middle) and h = 2 (bottom).
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A.6 Accuracy vs. precision for different candidate models to clas-

sify relevant articles

Figure 15: Accuracy vs. precision for different candidate models to classify relevant articles.
We use the abbreviations random forest (RF), L2-regularized logistic regression (LR), and
ReLU feed-forward neural network (NN). (RF + NN)/2 is the equally-weighted ensemble.
Every point in the plot corresponds to a particular threshold τ ∈ [0.5, 0.99]. We assign
label 1 whenever the predicted probability is larger than τ .
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