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Abstract

We study the relation between local and cross-border sentiment and market returns across 14
major economies. We do so by exploiting the Global Database of Events, Language, and Tone
(GDELT), a massive open-access database that catalogs real-time sentiment as reported by the
world’s news media. We extract sentiment across 260 themes classified by source and target
country and use it to construct market-timing strategies. These strategies deliver strong out-
of-sample Sharpe ratios and reveal a map of informational market integration across the globe.
Preserving source, target, and theme structure and allowing for nonlinearities are fundamental
for the economic gains we document.
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I. Introduction

Measuring sentiment in the economy is an important yet complex task. Public and private institu-

tions invest substantial resources in developing sentiment measures that are closely monitored by

market participants and used in financial decision-making.1 In fact, investor sentiment has been

shown to have strong implications for asset pricing. Theoretically, sentiment generates asset-price

fluctuations through the trading of noise or liquidity traders (De Long, Shleifer, Summers, and

Waldmann, 1990; Campbell, Grossman, and Wang, 1993). Empirically, numerous studies have

shown that investor sentiment predicts both stock and market returns; for a recent literature review,

see Zhou (2018).

A recent trend in the literature is the use of textual analysis to extract news-based sentiment

measures (Shapiro, Sudhof, and Wilson, 2022). However, most studies focus on English-language

news and summarize sentiment at a highly aggregated level, either across all articles or within a

small set of topics. Moreover, they generally ignore the directional structure of news coverage

by abstracting from who generates information and who receives it. Consequently, existing mea-

sures mask economically meaningful sentiment heterogeneity and provide limited insight into how

information flows across countries and becomes reflected in asset prices.

We offer a novel approach to measuring sentiment that addresses these shortcomings and

enables us to study information transmission in international financial markets. Our key innovation

is to organize news along three dimensions: the source country that produces the news, the topic

being discussed, and the target country to which the news refers. This structure yields directed,

topic-specific sentiment measures that capture both domestic and cross-border information flows.
1Examples include the University of Michigan’s Survey of Consumers and Consumer Sentiment Index, the AAII

Investor Sentiment Survey, as well as sentiment analysis tools provided by RavenPack and Bloomberg.
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For example, we can quantify sentiment in Japanese media coverage of the U.S. stock market,

allowing us to identify where sentiment originates, what narrative it reflects, and which market

it concerns. By preserving this directional structure, we can isolate the predictive content of

individual information sources and map sentiment linkages across countries. To the best of our

knowledge, this paper is the first to construct such a high-dimensional network of theme-specific

sentiment connections within and across national markets.

To implement this framework, we draw on the most extensive international news corpus used

in the finance literature to date: the Global Database of Events, Language, and Tone (GDELT).2

GDELT covers more than 150,000 multilingual news outlets and offers two features central to our

analysis. First, each article is classified into a set of thematic categories, allowing us to measure

sentiment at a granular topic level. Second, GDELT identifies both the source of a news item and

the entities or locations discussed, enabling us to trace the directional flow of information across

countries. Considering more than 520 million articles from 14 major economies between 2015 and

2023, we construct a high-dimensional network of topic-specific sentiment linkages that captures

both domestic and cross-border information transmission.

Using this dataset, we examine whether local and global sentiment can be converted into

economically valuable market-timing signals for equity-index futures. We first test whether local

news coverage, defined as news produced by domestic media about the domestic market, contains

information about future local equity returns. We then extend the analysis to a global sentiment

network that incorporates both domestic and cross-border information flows. This framework
2GDELT was introduced in 2013 and is supported by Google. It is a free, open-source initiative that monitors

more than 150,000 news outlets in print, broadcast, and online formats from nearly every country, covering both
English and translingual (non-English articles) articles in over 100 languages, and codifies them into a continuously
updated record of individuals, organizations, locations, emotions, and themes refreshed every 15 minutes. Its creators
describe it as the largest, highest-resolution open database of human society in existence. Further details are available
at https://www.gdeltproject.org/.
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allows sentiment from anywhere in the network to inform local return forecasts and enables us to

identify which countries contribute most to market-timing performance, as well as whether distinct

regional or global clusters of informational influence emerge.

We estimate a Random Forest model on an expanding window of historical sentiment data

and use the resulting predictions to implement a real-time market-timing strategy. Following the

evaluation framework of Kelly, Malamud, and Zhou (2024), we assess the economic value of

these signals through portfolio performance measures, rather than focusing on statistical forecast

accuracy. The results indicate that sentiment linkages contain economically valuable predictive

information to improve market-timing performance across global equity markets.

Specifically, we find that market-timing strategies based on local sentiment significantly out-

perform buy-and-hold benchmarks across our 14-country sample. Local sentiment delivers higher

Sharpe ratios in 13 of 14 markets, with average net-of-costs Sharpe ratios exceeding those of

buy-and-hold by 82.5%. These gains are not driven by market exposure and are accompanied by

substantially lower drawdowns. Incorporating global sentiment linkages further improves perfor-

mance. Global sentiment strategies generate economically and statistically significant gains relative

to both buy-and-hold and local-sentiment strategies, even after transaction costs. Consistent with

this result, spanning regressions reveal positive and economically meaningful alphas of roughly

10%–30% per annum across most markets, indicating that global sentiment contains information

beyond local news. An intermediate specification based solely on U.S.-sourced news performs

strongly across markets, but global sentiment generally delivers superior forecasting performance.

We also identify the narratives the Random Forest relies on most. Using standard gain-based

variable importance measures based on how much each theme’s splits reduce squared-error loss, we

find that at any point in time a small subset of themes carries the bulk of this importance, and that
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their identity changes markedly over time. During the Covid-19 pandemic, health-related narratives

become dominant predictors of future returns, while themes related to debt, financial markets, and

economic conditions gain importance during periods of elevated inflation and monetary policy

uncertainty. Similarly, geopolitical narratives rise in prominence around major international events

such as the Russian invasion of Ukraine. These findings suggest that news sentiment predicts

returns by capturing evolving narratives about economic activity, discount rates, risk premia,

and macroeconomic uncertainty. Consistent with theories of time-varying investor attention and

narrative-based asset pricing (Bybee, Kelly, and Su, 2023; Bybee, Kelly, Manela, and Xiu, 2024),

the results indicate that the information most relevant for asset prices changes over time. Additional

model comparisons show that aggregating sentiment across themes weakens performance and that

linear specifications do not fully capture the signal, indicating that the economic value of news

depends on preserving source, target, and theme structure while allowing for nonlinear effects.

We then summarize these cross-country predictive relationships in a global news-based sen-

timent network (Figure 1). Our network prominently features the United States as the central

informational hub, exerting predictive influence globally, and China as a crucial secondary node.

European countries such as the United Kingdom and Germany emerge as significant regional hubs,

illustrating strong intra-European informational integration. By contrast, markets such as Aus-

tralia and Sweden exhibit relatively limited cross-country predictive influence, underscoring their

peripheral role within the global sentiment network.

Overall, these results provide compelling evidence of informational market integration by

showing that international equity markets are sensitive to shared sentiment and news flows. The

identified global sentiment network structure highlights how cross-border informational connec-

tions help shape equity market-timing performance across countries.
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Lastly, our results remain robust across a battery of robustness checks. Our findings hold

when using various alternative sentiment lexicons, indicating that the choice of dictionary does not

materially influence the predictive power of news sentiment. Moreover, controlling for past returns

suggests that our findings are not simply driven by a short-term momentum effect, since adding

lagged returns sometimes even weakens the predictive ability of local news sentiment. Finally,

to address potential translation biases, we compare native-language Hedonometer (Dodds, Harris,

Kloumann, Bliss, and Danforth, 2011) lexicons with their English-translated counterparts, finding

that sentiment-based predictability often strengthens after translation.

Our study contributes to several strands of the literature. First, our findings contribute to the

literature on media sentiment and asset prices (see, e.g., Tetlock, 2007; Dougal, Engelberg, Garcı́a,

and Parsons, 2012; Garcı́a, 2013; Manela and Moreira, 2017; Heston and Sinha, 2017; Calomiris

and Mamaysky, 2019; Fraiberger, Lee, Puy, and Ranciere, 2021). For example, Fraiberger, Lee,

Puy, and Ranciere (2021) show that international asset prices respond to foreign media coverage,

indicating that sentiment crosses borders via global news channels. Our contribution is to construct

granular sentiment measures that explicitly retain the source-target and topical structure of news

coverage. Furthermore, we focus on market timing strategies rather than using regression-based

approaches. More importantly, we are the first to model cross-country sentiment linkages as a

large-scale network of information flows.

Second, our study contributes to the recent literature on narrative-based asset pricing. This

literature applies textual analysis to capture media exposure towards particular themes (see, e.g.,

Mai and Pukthuanthong, 2021; Bhargava, Lou, Ozik, Sadka, and Whitmore, 2023; Bybee, Kelly,

Manela, and Xiu, 2024; Bybee, Kelly, and Su, 2023; Lee, Lou, Ozik, and Sadka, 2025; Adämmer and

Schüssler, 2020). These studies demonstrate that narratives contain predictive information for future
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Figure 1: Cross-country news-based predictability network
Directed network visualization of cross-country predictive influence. Nodes represent countries, and node size encodes
each country’s overall importance, computed by aggregating gain-based Random Forest variable importances as both
source and target in news themes. Incoming arrows indicate the top five foreign contributions to forecasting a country’s
equity returns, with arrow thickness proportional to the strength of that influence. The layout is force-directed to spatially
reflect the connectivity structure. The out-of-sample forecasting period runs from February 2017 to December 2023.
See Section IV.D for details.
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asset prices, but they are typically limited to the United States. As in the previous studies, we classify

news into hundreds of unique themes. We contribute by constructing attention-weighted sentiment

measures that combine narrative exposure with narrative direction. Our attention-weighting of

themes also relates to Da, Engelberg, and Gao (2015), who show that an aggregate measure of

investor attention built from search data predicts returns. Studying attention and sentiment jointly

is important because they capture distinct primitives of narrative exposure: attention measures the

intensity of investor focus, whereas sentiment measures the direction of the narrative (Cookson, Lu,

Mullins, and Niessner, 2024). When these two dimensions have different and potentially offsetting

return implications, analyses that focus on only one can misattribute predictability to the wrong

channel or mask heterogeneous effects.

Third, we contribute to the market integration literature. Numerous studies have documented

varying degrees of equity market integration (see, e.g., De Jong and De Roon, 2005; Karolyi and

Stulz, 2003; Bekaert, Hodrick, and Zhang, 2009; Lewis, 2011; Carrieri, Chaieb, and Errunza, 2013;

Hau, 2011). Our spanning tests reveal that global sentiment measures provide economically distinct

and incremental market timing ability beyond information contained in local sentiment measures. In

addition, the network representation underscores the global prominence of the U.S. and existence of

regional informational hubs. These findings strongly support the existence of informational market

integration through sensitivity to shared foreign news and sentiment, consistent with prior studies

emphasizing the increasing prominence of common information in shaping international return

dynamics (Pukthuanthong and Roll, 2009; Rapach, Strauss, and Zhou, 2013; Hellum, Pedersen,

and Rønn-Nielsen, 2025; Choi, Jiang, and Zhang, 2025), and reinforcing the idea that equity

markets operate as parts of an integrated informational network. Our results also resonate with the

trade network centrality literature (Richmond, 2019), which highlights the importance of trading
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linkages, whereas we highlight news linkages.

The paper is structured as follows. Section II describes the GDELT database and the construction

of our set of sentiment indices. Section III presents our machine learning methodology to construct

sentiment-based return forecasts. Section IV contains our main empirical analysis. Section V

considers a battery of robustness tests. Section VI concludes.

II. Data

This section introduces our data and provides descriptive statistics. Section II.A presents the

GDELT database, while Section II.B describes the sample construction procedure. Section II.C

details the methodology used to construct our high-dimensional set of sentiment measures. Finally,

Section II.D briefly describes equity returns data.

A. The GDELT Database

To develop our high-dimensional set of sentiment measures across themes and countries, we

exploit an open-source, global news database: the Global Database of Events, Language, and Tone

(GDELT), which was introduced in 2013 and is supported by Google. GDELT provides two main

datasets: the GDELT Event Database and the Global Knowledge Graph Database (GKG). GKG

files are versioned and refreshed every 15 minutes. We use the GKG to leverage two important

features of this database.

First, GKG collects global news from over 150,000 news outlets offering both English and

translingual articles (covering over 100 different languages). This is important as it allows us to

significantly broaden the coverage of global news in different languages, a feature that is often
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overlooked in the prior literature. In Figure 2, we plot the proportion of English-based and

translingual news for each month in our sample. We observe that translingual news outlets produce

a significant portion (55% on average) of the total global news, which underlines the importance

of including translingual news in sentiment measures.

Second, GKG labels each publicly available global news article with individuals, organizations,

locations, emotions, and themes. For instance, GKG tracks the “Election” (“Theme”) in the U.S.

(“Target”), which can be covered by U.S. media or other international outlets (“Source”). This

feature is crucial as it allows us to construct sentiment measures between and within countries for

a wide range of themes. Furthermore, it enables us to construct sentiment measures of one source

country about another target country for a specific theme, which we dub sentiment linkages. To our

knowledge, modeling sentiment linkages is novel to the literature.

Although GDELT contains a wealth of global news information, it does not include the full text

of news articles and instead provides historical links. Some of these links may be inaccessible for

several reasons like broken URLs, paywalls, or changes in website structures. GDELT overcomes

these challenges by offering a comprehensive set of sentiment metrics. This approach eliminates

the need for individual researchers to deploy computationally intensive NLP techniques or large

language models, making it easier to construct high-dimensional sentiment measures efficiently.

B. Sample Construction

We collect GKG data from February 2015 through December 2023 for the following 14 countries:

United States (US), China (CN), Germany (DE), Japan (JP), United Kingdom (UK), France (FR),

Italy (IT), Canada (CA), Australia (AU), South Korea (KR), Spain (ES), Netherlands (NL), Switzer-
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land (CH), and Sweden (SE). These countries collectively account for approximately 72% of global

GDP (World Bank, 2023) and provide us with a representative sample of major economies.

GKG classifies articles into themes based on the content of the article. Our study focuses on 260

major themes provided by GKG since its inception.3 These major themes exclude entertainment and

lifestyle-related content (such as gossip, leisure, and sports), and focus mostly on socioeconomic

news events. Articles in GDELT may be tagged with multiple themes. Furthermore, GDELT

updates its news database every 15 minutes and all news items are recorded in Coordinated Universal

Time (UTC). In total, our sample covers over 520 million web articles.

To provide insights into the composition of our sample, we show the article distribution by

source country in Figure 3(A). We find that the U.S. plays a major role in the production of news

articles, with a relative share of 49%, followed by China (10.9%), U.K. (6.9%) and Germany (6.0%).

We also show the article distribution by theme in Figure 3(B).4 There is no single dominating theme

in our sample, stressing the diversity in themes that occur in global news. For instance, the “Leader”

theme is tagged in 5.9% of all articles, “General Health” in 4.8%, and “Election” in 1.6%. Articles

with the “Stock Market” theme occur 1.4% of the time.

These illustrative numbers are over the full sample. However, themes are time-varying and

dynamic. For example, some themes are short-lived, trending, and eventually fade away. In

Figure 4, we show the top 20 themes per month in our sample, with the U.S. as the target country.

We find that some topics structurally obtain high levels of attention, such as science (“Science”)

and crime (“Soc GeneralCrime”). Other topics fluctuate over time and are recurring, such as

the general discussion of holidays (“Gen Holiday”). In addition, some topics are short-lived and
3A brief description of each theme can be found at data.gdeltproject.org. This link has also been archived via the

Wayback Machine on 2025-01-21 at web.archive.org.
4For ease of exposition, we only show the top 30 themes over the full sample.
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capture significant media attention, such as impeachment (“Impeachment”, heavily covered from

September 2019 till February 2020), shortage (“Shortage”, January 2022), “Sanctions” (March

2022), and the Covid pandemic (“Health Pandemic”).

As mentioned in Section II.A, GDELT provides entity linkages within articles. This feature

allows us to construct cross-country sentiment linkages. In Figure 5, we show the number of articles

that each source country (𝑠) publishes about each target country (𝑘) as a fraction of the total number

of news articles published by 𝑠.5 We observe three notable patterns. First, most of the produced

news by a source country is about itself, i.e., national news. For example, 85% of the news articles

published by the U.S. are targeted at the U.S. itself. Second, non-U.S. countries have a considerable

share of news about the U.S., highlighting the importance of the U.S. in terms of attention. For

example, 26% of the Japanese news in our sample mentions the United States. Third, countries that

are geographically close tend to have stronger connections in terms of news targeting. For instance,

20% and 27% of the South Korean news is about China and Japan, respectively. Germany mentions

France and the U.K. in 10% and 8% of all German articles, which is relatively higher compared to

other countries for Germany. We explicitly take these features into consideration when we measure

sentiment, as explained in the next section.

C. Sentiment Measures

To measure sentiment for each article in our sample, we rely on measures provided by GDELT.

Specifically, we use the SentiWordNet 3.0 (SWN) lexicon-based framework (Baccianella, Esuli,

and Sebastiani, 2010). SWN is able to take the context of words in sentences and texts into account.

Each “synset” (synonym set) of WordNet groups together words that are synonyms and share the
5Note that the rows do not sum to 1.00 since an article published by country 𝑠 can have multiple target countries.
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same meaning in different contexts. Synsets are the fundamental building blocks of WordNet and

serve as a way to organize the lexicon based on semantic relationships rather than just lexical ones.

Each synset is associated with three sentiment scores (summing to one): positivity, negativity, and

objectivity. We utilize both the positive and negative scores of an article. These scores are derived

based on the context in which words appear, making SentiWordNet effective for nuanced sentiment

analysis across diverse themes and contexts.

A well-known alternative is the financial lexicon-based approach of Loughran and McDonald

(2011) (LM). We choose not to use this approach because our dataset contains 260 themes, the

majority of which contain non-financial texts, where the LM method would be less effective in

accurately capturing sentiment. However, in Section V.A, we conduct a robustness test across

different lexicons for the national news of the United States and obtain similar results.

We now describe the construction of our sentiment measures. Let 𝑡 index days, 𝑝 index source

countries, 𝑞 index target countries, and 𝜆 = 1, . . . , 260 index themes. For each such index, we define

𝑆𝑡,𝑝,𝑞,𝜆 ∈ R as the average daily sentiment score, and 𝑎𝑡,𝑝,𝑞,𝜆 ∈ N0 as the total number of articles

on day 𝑡 regarding theme 𝜆 from source country 𝑝 about target country 𝑞. To avoid cumbersome

triple indices (𝑝, 𝑞, 𝜆) when describing sentiment linkages, we introduce a single index ℓ to denote

each unique combination of (𝑝ℓ, 𝑞ℓ, 𝜆ℓ). Formally, let L = {(𝑝, 𝑞, 𝜆)} be the set of all such triplets

and let ℓ = (𝑝ℓ, 𝑞ℓ, 𝜆ℓ) ∈ L refer to a specific link. For instance, rather than writing 𝑆𝑡,𝑝,𝑞,𝜆 for the

average daily sentiment on day 𝑡 from source country 𝑝 about target country 𝑞, we write 𝑆𝑡,ℓ.

We aggregate article-level sentiment scores into a daily measure, the attention-weighted sen-

timent (𝐴𝑊𝑆) change, for each source-target-theme combination as follows.6 First, we compute

the one-day change in sentiment for each linkage ℓ. Second, we compute the total daily news
6To avoid staleness and trends in levels, we consider changes in sentiment.
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percentage for each theme 𝜆 within each source-target pair (𝑝, 𝑞). Lastly, we multiply the average

sentiment change by its attention-based weights:

AWS𝑡,ℓ :=
𝑎𝑡,ℓ

260∑︁
𝜆′=1

𝑎𝑡,𝑝ℓ ,𝑞ℓ ,𝜆′︸          ︷︷          ︸
attention weight

×
(
𝑆𝑡,ℓ − 𝑆𝑡−1,ℓ

)
︸             ︷︷             ︸

one-day change in sentiment

.

Recent studies stress the role of narratives in asset pricing (e.g., Bybee, Kelly, Manela, and Xiu,

2024). Our approach takes both the direction and intensity of sentiment into account, thereby also

accounting for time-varying narratives. Given that our sample has 14 countries and 260 themes,

each with a positive and negative sentiment dimension, we obtain a high-dimensional set of 101,920

AWS sentiment linkages.

Figure 6 illustrates the net AWS measure (i.e., positive minus negative AWS sentiment) for the

“Stock Market” (panel A) and “Health Pandemic” (panel B) themes for the United States. The

upper plot shows that the sign of sentiment, i.e., the extent to which news are perceived as positive

or negative about the stock market, varies over time. While the net AWS for the stock market was

mostly positive until 2019, it turned significantly negative in 2020 due to the Covid-19 pandemic,

eventually bouncing back to positive values towards the end of the sample in 2023. On the other

hand, articles on pandemics received very little attention before 2020 due to the absence of major

international outbreaks. In 2020, articles on the Covid-19 pandemic significantly increased and

played a major role in the negative narrative, reverting back over time as the pandemic subsided.

This example illustrates how our AWS measure accounts for rising and trending themes in the news.
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D. Market Return Data

Our daily market data consists of an excess return series {𝑟1, . . . , 𝑟𝑇 } ⊂ R constructed from futures

contract prices for each of the 14 equity indexes from February 2015 through December 2023,

obtained from Bloomberg. For each country, we select the most liquid, accessible equity-index

futures contract. For China, we use Hang Seng Index (HSI) futures rather than a mainland (A-share)

index because the HSI is a highly liquid, freely accessible, market-cap-weighted index that avoids

the foreign-access restrictions, daily price limits, and capital controls affecting onshore A-share

futures over our sample. Because the HSI is dominated by mainland-Chinese constituents, it serves

as our proxy for the Chinese equity market. Table A1, in the appendix, details the sample universe,

market closing times, timezones, index name, and the annualized Sharpe ratio of each instrument.

Returns are close-to-close on daily settlement prices: (𝑟𝑡+1), the realized return on day 𝑡 + 1,

runs from the day 𝑡 settlement to the day 𝑡 + 1 settlement. As previously noted, GDELT records

news events in Coordinated Universal Time (UTC), while market return data are timestamped in

local time. To prevent any forward-looking bias in our forecasting process, we convert each news

event’s UTC timestamp to the local timezone of the corresponding market. If a news item occurs

after the local market’s closing time, it is reassigned to the following trading day. The forecast 𝑟𝑡+1,

and hence the position 𝑤𝑡+1, is therefore formed at the day 𝑡 settlement using only news published

up to that settlement. This adjustment ensures that our analysis only incorporates information that

would have been available to market participants at the relevant time, and that news arriving after

the day 𝑡 settlement enters only later forecasts, never the position held over the day 𝑡 + 1 return.
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III. Machine Learning Setup

Our decomposition of aggregate media sentiment by country, theme, and source-target structure

allows us to study this time variation across a wide range of equity markets. Given the high

dimensionality of our set of sentiment predictors, we rely on machine learning techniques. This

section describes and motivates the machine learning setup to predict international equity excess

returns using our high-dimensional set of sentiment series.

A. The Prediction Problem and Random Forests

To frame our setting as a general prediction problem, let the collection of AWS sentiment linkages

observed by the end of day 𝑡 be summarized by a state vector 𝑥𝑡 ∈ R𝑘 , where 𝑘 = 𝑃𝑄Λ𝐷 is the

product of the numbers of source countries (𝑃), target countries (𝑄), themes (Λ), and sentiment

polarity components (𝐷). We assume 𝑥𝑡 is measurable at time 𝑡 and that investors use this

information to form expectations about equity returns. The general return prediction problem

involves identifying a functional form 𝑔(·) for E(𝑟𝑡+1 | 𝑥𝑡) that maps the predictor set 𝑥𝑡 such that

maximum out-of-sample predictive power relative to 𝑟𝑡+1 is obtained. We describe this mapping

between the excess market return and the set of sentiment measures as

𝑟𝑡+1 = E(𝑟𝑡+1 | 𝑥𝑡) + 𝜖𝑡+1 = 𝑔(𝑥𝑡) + 𝜖𝑡+1,

where 𝜖𝑡+1 is the residual with E(𝜖𝑡+1 | 𝑥𝑡) = 0.

There are a variety of methods to estimate 𝑔(·) and produce out-of-sample predictions using

this estimate. Traditionally, the simple linear regression model has been the mainstay of return
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predictability. Despite its popularity, linear regression is infeasible in our setting, given the

high dimensionality of our set of predictors. A popular alternative strategy, especially in the

context of a large set of predictors, is to employ regularized linear regression methods such as

Ridge regression (Hoerl and Kennard, 1970), Lasso regression (Tibshirani, 1996) or Elastic Net

(Zou and Hastie, 2005). While these regularized linear methods are natural benchmarks in high

dimensions, they remain linear in the predictors and therefore impose a restrictive functional form

on return predictability. In our setting, the mapping from theme-level attention and sentiment

to subsequent returns may be nonlinear and state-dependent. For example, effects may exhibit

thresholds, saturation, or interaction patterns across narratives, so a purely linear specification risks

missing economically relevant predictability.7

For this reason, and because our primary objective is out-of-sample forecasting performance

rather than structural interpretation of a small parametric model, we estimate 𝑔(·) using a Random

Forest (Breiman, 2001). Random Forests are nonparametric ensemble methods that approximate

complex functions by averaging predictions across many decision trees, which allows them to

capture nonlinearities and high-order interactions in a data-adaptive way while remaining robust

to overfitting through aggregation. This flexibility is particularly valuable in our application: the

sentiment measures summarize evolving narratives and investor attention across a large set of

themes, and there is little reason to expect their predictive content for equity returns to be well

described by a stable linear index. We view the Random Forest as a pragmatic choice that improves

predictive accuracy at the cost of model simplicity; we therefore complement it with additional

analyses that recover the time-varying importance of themes and provide economic interpretation
7One can enrich linear models by manually adding nonlinear transformations and interactions, but this approach

requires ex ante specification of the relevant nonlinearities and becomes quickly infeasible in large predictor sets.
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of the drivers of predictability.

To fix notation, we first describe the construction and estimation of a single regression tree,

which is the basic building block of the forest. A decision tree is grown by recursively partitioning

the predictor space into increasingly homogeneous subsets. Each subset corresponds to a node of

the tree (a terminal node, or leaf, is a subset on which the tree issues a constant prediction). In

regression settings, each split is chosen to maximize the reduction in squared-error loss, equivalently

to reduce the dispersion of returns within the child nodes created by the split.

Let 𝐷𝑚 ⊆ {(𝑟𝑡+1, 𝑥𝑡)}𝑇−1
𝑡=0 denote the set of observations reaching node 𝑚. A candidate split is

defined by a feature index 𝑗 ∈ {1, . . . , 𝑘} and a threshold 𝜏 ∈ R, which partitions 𝐷𝑚 into

𝐷𝐿
𝑚 ( 𝑗 , 𝜏) = {(𝑟𝑡+1, 𝑥𝑡) ∈ 𝐷𝑚 : 𝑥𝑡, 𝑗 ≤ 𝜏}, 𝐷𝑅

𝑚 ( 𝑗 , 𝜏) = {(𝑟𝑡+1, 𝑥𝑡) ∈ 𝐷𝑚 : 𝑥𝑡, 𝑗 > 𝜏}.

For any subset 𝐷 ⊆ 𝐷𝑚, let

𝑟𝐷 =
1
|𝐷 |

∑︁
(𝑟𝑡+1,𝑥𝑡 )∈𝐷

𝑟𝑡+1

denote the sample mean of the response variable in 𝐷. We define the within-node variance as

Var(𝐷) = 1
|𝐷 |

∑︁
(𝑟𝑡+1,𝑥𝑡 )∈𝐷

(𝑟𝑡+1 − 𝑟𝐷)2,

which is the mean squared deviation of the response from its within-node mean and is proportional

to the within-node sum of squared errors.

The optimal split at node 𝑚 is obtained by minimizing the weighted within-node variance:

( 𝑗∗, 𝜏∗) := arg min
𝑗 ,𝜏

[ |𝐷𝐿
𝑚 ( 𝑗 , 𝜏) |
|𝐷𝑚 |

Var
(
𝐷𝐿

𝑚 ( 𝑗 , 𝜏)
)
+
|𝐷𝑅

𝑚 ( 𝑗 , 𝜏) |
|𝐷𝑚 |

Var
(
𝐷𝑅

𝑚 ( 𝑗 , 𝜏)
)]

.
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This splitting procedure is applied recursively, yielding a binary tree structure.

Tree growth is terminated when a predefined stopping criterion is met. Common stopping

criteria include: a maximum tree depth is reached; the number of observations in a node falls below

a minimum threshold; the reduction in loss achieved by further splitting is smaller than a specified

tolerance (e.g., a minimum split gain); or the node variance is zero, implying perfect homogeneity.

These criteria control tree complexity and mitigate overfitting.

Once a node satisfies a stopping criterion, it becomes a terminal (leaf) node. In a regression

tree, the prediction associated with a leaf node 𝑙 is the empirical mean of the response variable

among observations in that node:

𝑟𝑙 = 𝑟𝐷𝑙
.

Equivalently, 𝑟𝑙 is the constant that minimizes the squared-error loss within the leaf:

𝑟𝑙 = arg min
𝑐∈R

∑︁
(𝑟𝑡+1,𝑥𝑡 )∈𝐷𝑙

(𝑟𝑡+1 − 𝑐)2.

Predictions for new observations are obtained by routing an input 𝑥 through the learned split rules

and returning the value 𝑟𝑙 of the reached leaf 𝑙.

A Random Forest aggregates multiple decision trees trained on randomized versions of the

data (Breiman, 2001). Formally, let D1, . . . ,D𝐵 denote 𝐵 subsamples of fixed size drawn without

replacement from the full dataset D. For each subsample D𝑏, a decision tree T𝑏 is trained following

the procedure above. The Random Forest prediction for a new observation 𝑥 is obtained by averaging
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the predictions of the individual trees:

𝑔̂(𝑥) = 1
𝐵

𝐵∑︁
𝑏=1

T𝑏 (𝑥).

In contrast to bootstrap aggregating (Breiman, 1996), we employ subsample aggregating (sub-

agging), whereby each tree is trained on a subsample drawn without replacement from the original

dataset (Bühlmann and Yu, 2002). In addition, at each split only a randomly selected subset of

predictors is considered, which further decorrelates trees and improves generalization (Breiman,

2001). Subagging is particularly well motivated when predictive relationships are diffuse and the

signal-to-noise ratio is low, as is common in economic applications. Shen and Xiu (2025) empha-

size that in weak-signal environments, predictive methods can easily overfit: estimation error from

fitting flexible models may dominate the small gains from capturing many tiny effects. Averaging

many trees trained on different without-replacement subsamples reduces this estimation variance by

stabilizing the hard split decisions of individual trees (Bühlmann and Yu, 2002). Recent theoretical

work further shows that, for a fixed tree size, subagging improves upon a single regression tree

and that the gains are larger when trees are highly adaptive (i.e., when variance is otherwise large)

(Revelas, Boldea, and Werker, 2024). Practically, subagging also avoids duplicate observations

within a tree, a feature of bootstrap samples, which can yield more stable split selection in finite

samples (Bühlmann and Yu, 2002).

Alternatively, we could also train Neural Networks to model complex nonlinear relationships in

our data. However, this demands meticulous feature engineering and tuning, making them overly

sensitive to pre-processing and prone to overfitting.8

8Grinsztajn, Oyallon, and Varoquaux (2022) argue that tree-based models often outperform Neural Networks on
tabular datasets due to their inherent robustness and lower sensitivity to pre-processing.
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B. Model Estimation and Evaluation

To investigate the effects of news-based sentiment on asset prices, we predict daily market returns

from a given country using information from a high-dimensional set of sentiment measures. We

proceed in three stages. First, we fit Random Forests on the initial 18 months of data (from February

2015 through July 2016) to establish our base models. Second, we use the following 6 months

(August 2016–January 2017) as a validation sample to select the optimal hyperparameters. We

implement a Random Forest with subagging and choose hyperparameters by minimizing validation

MSE. Tuned parameters include: (i) the predictor-subset fraction per tree, (ii) the subagging fraction

of observations per tree, (iii) the number of trees, (iv) the maximum number of leaves per tree, and

(v) the minimum number of observations per leaf. Finally, having locked in those hyperparameters,

we retrain the model in an expanding-window fashion, adding 20 trading days at a time (roughly

one calendar month), so that each new fit incorporates all data from February 2015 up to the end

of the previous month.

To evaluate our machine learning-based predictive performance, we assess economic signif-

icance via a market-timing strategy.9 To this end, we consider the following real-time trading

strategy. Let 𝑟̂𝑡+1 denote the out-of-sample forecast of the one-day-ahead market return formed at

the end of day 𝑡. We take a unit long/short position for day 𝑡 + 1 given by

𝑤𝑡+1 := sign(𝑟̂𝑡+1) =


+1, 𝑟̂𝑡+1 > 0,

−1, 𝑟̂𝑡+1 < 0,

9Although the out-of-sample 𝑅2 (as in Campbell and Thompson, 2008) is commonly used in the literature, it is a
purely statistical measure of forecast accuracy and need not correspond to economic gains. A market timer can still
generate significant economic profits even when the out-of-sample 𝑅2 is negative (see, e.g., Kelly, Malamud, and Zhou,
2024; Leitch and Tanner, 1991; Cenesizoglu and Timmermann, 2012; Rapach and Zhou, 2013).
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and define the corresponding strategy return as

𝑟strat
𝑡+1 := 𝑤𝑡+1 𝑟𝑡+1,

where 𝑟𝑡+1 is the realized market return on day 𝑡 + 1. The restriction 𝑤𝑡+1 ∈ {−1, +1} ensures that

strategy returns are not inflated by leverage. Moreover, if the signal does not change sign between

two consecutive days, i.e., 𝑤𝑡+1 = 𝑤𝑡 , we maintain the existing position and do not trade, which

limits turnover as trading only occurs when 𝑤𝑡+1 ≠ 𝑤𝑡 . For the buy-and-hold benchmark, we simply

set the portfolio weight to be constant, i.e., 𝑤BH
𝑡+1 ≡ 1 for all 𝑡, so that 𝑟BH

𝑡+1 = 𝑟𝑡+1.

We then compute annualized Sharpe ratios (SR), information ratios (IR), maximum drawdowns

(DDmax), and (net) alphas for these real-time investment strategies. When reporting Sharpe ra-

tios, we annualize them by multiplying by
√

252. We compute Sharpe-ratio t-statistics using the

autocorrelation-robust standard errors of Lo (2002), to adjust the i.i.d. standard error for serial

dependence in strategy returns. We measure the information ratio as the annualized mean active

return relative to the buy-and-hold benchmark divided by the annualized volatility of active returns,

i.e., using 𝑟strat
𝑡 − 𝑟BH

𝑡 . We quantify downside risk by reporting the maximum drawdown DDmax,

defined as the largest peak-to-trough decline of the cumulative return process over the out-of-sample

period. To obtain the alpha of our trading strategy, we regress the percentage returns of our trading

strategy on the buy-and-hold benchmark percentage returns; when reporting alphas, we annualize

them by multiplying by 252. Standard errors for the alphas and betas are Newey and West (1987)

HAC standard errors with 7 lags. Our target variables are excess returns obtained from futures

instruments. These are known to be highly liquid, with low transaction costs. We therefore account

for trading costs in our analysis of net alphas by assuming a fixed transaction cost of 2 basis points
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(bps) per trade direction for equity futures.

IV. Empirical Analysis

In this section, we study market timing strategies based on predictions constructed from local and

global sentiment measures. In addition, we shed light on which theme-specific sentiment measures

drive the local market timing ability, and on the relative importance of theme granularity and

nonlinearities in the predictive model. Lastly, we show that U.S.-centered sentiment carries an

outsized influence in domestic and global contexts.

A. Local News and Market Returns

We first examine the predictive ability of local sentiment measures for local equity market returns,

where we define local news as coverage produced by a country’s media outlets that predominantly

concerns that same country. Such coverage constitutes the majority of a nation’s news output: Figure

5 shows that between 65% and 87% of articles originating from a given country explicitly reference

it. Whereas previous studies have documented such a local effect for the United States (see, e.g.,

Baker and Wurgler, 2007; Garcı́a, 2013), we test it across 14 countries, predicting one-day-ahead

returns with the Random Forest of Section III using 260 theme-specific sentiment measures per

market and evaluating the resulting out-of-sample forecasts through a real-time trading strategy.

Table 1 presents the out-of-sample Sharpe ratios,𝐶𝐴𝑃𝑀 alphas and other performance statistics

for our local news sentiment strategy. We document that local news sentiment delivers strong

market-timing performance across all countries. For example, in the U.S., a local news sentiment

strategy achieves an out-of-sample Sharpe ratio of 1.34 (t-statistic = 3.59), more than double
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the buy-and-hold Sharpe ratio of 0.62. Furthermore, we find sizable CAPM alphas (versus the

buy-and-hold benchmark) of 20.41% per annum.

Given that our strategy is rebalanced on a daily basis, transaction costs may substantially

diminish the documented profitability. However, even after accounting for transaction costs, the

net Sharpe ratio (1.11 for the U.S.) and net alpha (15.98%) remain significantly sizable. In 13 out

of the 14 countries in our sample, we find that the net Sharpe ratio is larger than that of holding

the underlying instrument. Overall, the average net Sharpe ratio is 82.5% larger than the average

benchmark Sharpe ratio. Furthermore, local news sentiment strategies exhibit low betas relative

to their underlying markets, ranging from -0.20 (France) to 0.41 (U.S.).10 Trading on local news

sentiment also reduces left-tail risk—measured by maximum drawdown—by approximately one

third compared to the average buy-and-hold strategy, indicating improved downside protection.

Taken together, our results suggest that local news about a country itself delivers significant

economic value for timing future equity returns. Furthermore, we show that the market-timing

value of news sentiment is pervasive and virtually present in all countries in our sample. This

is consistent with and extends prior literature showing that news sentiment predicts asset prices.

From a theoretical perspective, our results align with theories of investor sentiment.

B. Interpreting Local News Sentiment

So far, our results indicate that local news sentiment about a country’s own equity market delivers

significant economic value for timing next-day returns. Specifically, our approach employs hundreds

of theme-specific sentiment measures within a Random Forest framework. As is often the case with
10In unreported results, we also compare our strategies against time series momentum (TSMOM) strategies of

Moskowitz, Ooi, and Pedersen (2012) and find that our strategies are not spanned by TSMOM and considerably
outperform TSMOM strategies.
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machine learning methods, it can be difficult to explain why they work (Nagel, 2021), particularly

when using a large set of predictors. In this section, we shed light on which theme-specific sentiment

measures drive the observed return predictability.

To measure the importance of theme-specific sentiment, we employ a gain-based approach

within our Random Forest framework. This metric reflects the improvement in predictive accuracy

attributable to each feature. Specifically, when a feature is used to split a decision tree in the

Random Forest, it helps reduce the prediction error. The gain metric quantifies the extent to which

including that feature improves the model’s accuracy at each split. We aggregate these gains across

all trees and splits where the feature is used, resulting in an overall measure of its contribution to

the model’s predictions.

To facilitate comparisons over time, we normalize the raw importance values for each feature

so that the sum of importance scores across all features at any given time equals 100%. This

normalization allows for direct comparison of each feature’s relative significance over time. Addi-

tionally, to enable meaningful comparisons across themes, we aggregate the variable importance

of the positive and negative sentiment variants within each news-based theme. By summing the

importance scores of both sentiment measures for a given theme, we obtain a unified importance

score. This approach highlights which themes exert the most significant influence on equity returns

over time.

Figure 7 presents the five most important themes in each quarter for the U.S. equity market.

Several patterns emerge. First, predictive importance is highly concentrated. At any point in time,

only a small subset of themes accounts for a substantial fraction of the model’s forecasting ability.

Second, the identity of these themes changes considerably over time. The predictive content of

news sentiment therefore appears neither constant nor broadly dispersed across all topics. Instead,
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return predictability is episodically concentrated in a limited set of narratives that vary with the

economic environment.

This time variation aligns closely with major shifts in macroeconomic and geopolitical condi-

tions. During the Covid-19 pandemic, health-related themes become dominant predictors of future

returns. Rather than simply reflecting public concern, these themes likely summarize information

relevant for expectations about economic activity, corporate cash flows, and aggregate uncertainty.

Similarly, themes related to debt, financial markets, and broader economic conditions become more

important during periods characterized by elevated concerns about inflation, monetary policy, and

financing conditions. Their predictive importance is consistent with the view that news sentiment

helps capture variation in expected discount rates and risk premia.

A similar pattern emerges around major geopolitical events. For example, propaganda-related

themes become highly important around the Russian invasion of Ukraine. We do not interpret this

result as evidence that propaganda itself drives stock returns. Instead, such themes likely proxy for

broader geopolitical uncertainty and the arrival of information concerning energy markets, interna-

tional trade, inflationary pressures, and global growth prospects. In this sense, the importance of a

theme should be interpreted as reflecting its ability to summarize economically relevant information

rather than its direct causal effect on prices.

Figure A2 provides a complementary perspective on the concentration of predictive importance.

Specifically, it plots the share of total Random Forest gain importance attributable to the five most

important themes, averaged across countries. Although the top five themes account for a substantial

fraction of total importance—typically between 50% and 75%—they do not fully explain the

model’s predictive performance. A considerable share of importance remains distributed across

a broader set of themes, indicating that return predictability is driven by both a small number of

25



dominant narratives and a wider collection of lower-importance signals. This finding motivates

our high-dimensional approach, as restricting attention to only the most prominent themes would

overlook a meaningful component of the information embedded in the news.

More broadly, our analysis suggests that the predictive content of news sentiment rotates

across themes as economic and geopolitical conditions evolve. This finding is consistent with

theories emphasizing time-varying investor attention and changing sources of macroeconomic

uncertainty. Rather than relying on a fixed set of predictors, the Random Forest dynamically

reallocates forecasting weight toward those themes that are most informative in the prevailing

environment. The results therefore highlight the value of a flexible, data-driven approach for

identifying which narratives are most relevant for asset pricing at different points in time.

C. Global News and Market Returns

The evidence reported in Section IV.A indicates that local news sentiment about the domestic

market effectively predicts one-day ahead local equity market returns. Beyond local news about

the domestic market, global news coverage represents a potentially powerful source of incremental

information, capturing cross-border sentiment linkages, i.e., news from country 𝑋 reporting on

developments in country 𝑌 . Specifically, we construct a high-dimensional set of theme-specific

sentiment measures that accounts for both incoming and outgoing news from a given country,

allowing us to explore the predictive role of global sentiment measures for individual equity

markets.

Our local predictor set consists of 260 themes, each separately assessed with positive and nega-

tive sentiment scores, totaling 520 local measures per market. To incorporate global informational
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linkages, we expand our predictor space to include sentiment flows from each market to the other

13 countries and vice versa, yielding a high-dimensional dataset of 14,040 sentiment metrics per

country. We employ this extensive predictor set within our Random Forest model to generate one-

day-ahead return forecasts for each national equity market. These out-of-sample forecasts form the

basis of our real-time trading strategies.

Table 2 summarizes the performance statistics of these global sentiment-based strategies. The

empirical results clearly demonstrate that global sentiment measures provide economically substan-

tial and statistically robust market-timing performance. The strategies consistently yield Sharpe

ratios that significantly outperform the buy-and-hold benchmarks across all markets, even af-

ter accounting for realistic transaction costs. Importantly, strategy alphas remain economically

meaningful post-costs, underscoring the persistent profitability derived from global sentiment in-

formation. Moreover, the estimated market betas are generally modest (predominantly below 0.2),

indicating that strategy returns reflect distinct informational content embedded in global sentiment

flows rather than simple market exposure. The strategies also feature lower maximum drawdowns

relative to passive market positions, highlighting their resilience to tail events.

To assess whether the local news sentiment captures the incremental informational content

embedded in global sentiment, we conduct spanning regressions. Specifically, for each market,

we regress the returns from the global sentiment-based strategy on the returns from the local

sentiment-based strategy. A statistically significant and economically large intercept (alpha) from

these regressions indicates that global sentiment delivers orthogonal predictive content not en-

capsulated by local signals alone. Consequently, a significant spanning alpha suggests potential

improvements in risk-adjusted portfolio performance when investors integrate global sentiment

signals with existing local strategies.
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Figure 8 presents the results of these spanning tests, depicting annualized gross spanning alphas

and their associated t-statistics. Remarkably, we find significant and economically large alphas

across all markets, except Canada, with annualized magnitudes ranging from roughly 10% to 30%.

These findings strongly suggest that international sentiment linkages convey incremental, eco-

nomically valuable information beyond local sentiment, underscoring their potential for enhancing

portfolio performance.

Collectively, these results provide compelling evidence of market integration from an infor-

mational perspective. The observed significance of global sentiment measures in timing market

returns across nearly all countries illustrates that equity markets worldwide are sensitive to com-

mon information flows and sentiment. Such informational integration aligns with the theoretical

predictions and empirical findings documented in the broader literature on international financial

market linkages, further reinforcing the pivotal role of shared sentiment and information in driving

global asset price dynamics.

D. Global News Sentiment Network

Thus far, our analysis does not explicitly identify which countries drive the return predictability

observed across international markets. To shed light on these directional influences, we construct a

news-based predictability network employing a force-directed visualization framework (Fruchter-

man and Reingold, 1991). Specifically, we estimate Random Forest models separately for each

country’s equity returns using the comprehensive global predictor set and extract gain-based vari-

able importance metrics. These metrics quantify the predictive power of each sentiment linkage,

defined by source and target countries, for forecasting returns. To isolate cross-country sentiment
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effects, we remove local sentiment measures (within-country predictions) and aggregate the result-

ing importance scores by country pairs. Subsequently, we standardize these scores within each

predictive model, ensuring comparability across countries.

Figure 1 and Figure A1 present our resulting global sentiment network visualization. Several

noteworthy patterns emerge from this figure. First, the United States occupies a central and

dominant position within the network, exerting substantial predictive influence on virtually all

other countries, consistent with its documented role as a leading driver of global financial markets

(Rapach, Strauss, and Zhou, 2013). China also emerges as a key country, ranking second in

overall importance, suggesting significant bilateral informational flows between the U.S. and China

influencing global market predictability.

Second, our visualization reveals pronounced regional clustering, especially within Europe,

where the United Kingdom and Germany serve as primary hubs, closely connected with France,

Italy, Spain, and Switzerland. This European cluster highlights strong regional informational

integration. Conversely, certain markets, including Australia and Sweden, exert a limited cross-

border predictive influence.

Third, we identify a distinct Asian cluster featuring China, South Korea, and Japan. While

China significantly interacts with the U.S. and other key global players, Japan and South Korea

exhibit relatively moderate predictive linkages primarily involving the U.S. Lastly, countries such

as Australia and Canada display fewer and weaker connections within the global sentiment network,

indicating their peripheral role relative to the U.S. and the major European economies.

Taken together, these results illustrate substantial heterogeneity in cross-country predictive

influences, underscoring both the central role of major global players and significant regional

integration patterns in international news-driven equity return predictability.
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E. Theme Granularity and Nonlinearities

Our baseline specification exploits heterogeneous theme-level news sentiment within a nonlinear

Random Forest. Two design choices distinguish this approach: allowing for nonlinear interactions

across themes, and preserving the granular theme-level structure of the sentiment data rather than

collapsing it into an aggregate index. We now show that both are essential to the economic value we

document. To isolate the contribution of each, we compare the baseline local and global Random

Forest specification with alternative models based on aggregated sentiment measures and elastic-net

regularization, which respectively remove theme-level heterogeneity and impose linearity.

Specifically, we consider two dimensions of variation. First, we aggregate sentiment across

themes to construct a single local and global sentiment index (’Agg’), thereby removing cross-theme

heterogeneity. Second, we estimate Elastic Net (ELN) models that impose linear regularization

while retaining the same information set. We evaluate local and global versions of the aggregated

specification, but estimate the Elastic Net for the local case only, since the global predictor set is

too high-dimensional for a stable linear fit. We report out-of-sample annualized Sharpe ratios.

Figure 9 shows that thematic aggregation substantially reduces predictive performance. Strate-

gies based on aggregate sentiment consistently generate lower Sharpe ratios than models that exploit

heterogeneous theme-level information. Elastic Net specifications improve upon the aggregated

benchmarks, suggesting that regularization helps extract predictive signals from the news data.

However, ELN models remain dominated by the RF specifications in most countries. The superior

performance of the RF models implies that the predictive content of news sentiment is not fully

captured by linear combinations of sentiment measures and instead reflects nonlinear interactions

across themes.
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Overall, these results show that both design choices are essential to the economic value of news

sentiment. First, preserving the granularity of our 260 themes is critical: collapsing sentiment into

an aggregate index substantially degrades performance. The theme-level heterogeneity our frame-

work retains therefore carries genuine market-timing information that aggregate or single-topic

measures discard. Second, accounting for nonlinearities matters: the Random Forest dominates

the Elastic Net specifications in most markets, indicating that the signal is not well captured by a

linear combination of sentiment measures and instead reflects nonlinear interactions across themes.

F. U.S.-Sourced News and Market Returns

Sections IV.A and IV.C establish that both domestic (local) sentiment and cross-border (global)

sentiment flows contain predictive information for next-day equity market returns. Given the central

role of U.S. media in global information production and dissemination, a natural intermediate

question is whether sentiment extracted specifically from U.S.-sourced coverage about foreign

countries already contains substantial predictive content for those countries’ equity returns.

To answer this question, we restrict the source of news to U.S. media outlets and, for each mar-

ket, construct a high-dimensional set of theme-specific sentiment measures from U.S.-originating

articles that discuss the market country. We then estimate the same Random Forest forecasting

model as in Section III and implement the corresponding trading strategy. Table 3 reports the

resulting out-of-sample performance statistics across the 14 target markets.

Table 3 shows that U.S.-sourced sentiment delivers strong and economically meaningful market-

timing performance for virtually all international equity markets. In every country, the gross

Sharpe ratio of the U.S.-news strategy exceeds the buy-and-hold benchmark. This dominance
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largely survives transaction costs. Net Sharpe ratios remain above the benchmark in all countries

but France, where the net ratio (0.54) is marginally below buy-and-hold (0.57). Several markets

show strong risk-adjusted performance. The Netherlands achieves the highest Sharpe ratios in the

table (SR𝑔𝑟𝑜𝑠𝑠 = 1.67, SR𝑛𝑒𝑡 = 1.42), followed by Sweden and Spain (SR𝑛𝑒𝑡 = 1.13 and 1.11,

respectively), while China also exhibits a high net Sharpe ratio of 1.08. In parallel, U.S.-news

strategies generate sizable CAPM alphas: gross alphas range from roughly 13% to 29% per annum

across countries and remain economically large after costs (e.g., China 23.75%, Spain 19.54%, the

Netherlands 20.56%).

U.S.-sourced sentiment strategies also meaningfully reduce downside risk relative to passive

equity exposure. Maximum drawdowns are uniformly less severe than the buy-and-hold benchmark

across markets, with especially large improvements in countries such as Canada and Switzerland.

Hence, U.S.-based coverage appears to provide not only return predictability but also meaningful

downside protection.

Comparing Tables 1 and 3 further highlights heterogeneity in which source of news is most

informative for a given market. China, Japan, the U.K., Canada, Korea, Spain, the Netherlands,

and Sweden all improve when switching from their own local media coverage to U.S.-sourced

coverage, suggesting that U.S. outlets may either (i) aggregate and filter country-specific information

efficiently, or (ii) emphasize globally salient developments that are most relevant for pricing.

Comparing Tables 2 and 3, China, Canada, Australia, Spain, the Netherlands, and Sweden also

improve when moving from global sentiment measures to U.S.-sourced sentiment, implying that

for a nontrivial subset of markets, U.S. news may be a particularly informative single node in

the broader cross-border information network. Nevertheless, the global strategies still dominate

in most countries, consistent with the view that incorporating the full set of bilateral sentiment
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linkages improves the signal-to-noise ratio beyond what any single source country can provide.

Finally, the U.S. itself provides a useful benchmark for interpreting these patterns. By con-

struction, U.S.-sourced news performance in Table 3 coincides with U.S. local news performance

in Table 1. However, Table 2 shows that U.S. market-timing performance weakens when we ex-

pand from U.S. local sentiment to the full global predictor set. This decline is consistent with a

signal-to-noise interpretation: when the U.S. local signal is already strong, adding foreign-sourced

coverage may dilute predictive content rather than enrich it.

Overall, Table 3 establishes that U.S.-sourced news contains substantial economic value for

timing international equity returns and often improves upon purely local sentiment signals. At

the same time, the fact that global sentiment remains superior for most markets motivates our

broader network-based approach in Section IV.C, where we exploit the entire system of cross-

border sentiment flows rather than relying on any single information hub.

V. Robustness

We examine the robustness of results from Section IV by verifying whether our main results persist

under various alternative specifications and potential sources of bias. We consider three checks:

(i) alternative sentiment lexicons; (ii) controlling for lagged returns; and (iii) potential translation

biases in non-English news sentiment.

A. Alternative Sentiment Measures

Our primary results rely on sentiment measures derived from the SentiWordNet 3.0 (SWN) lexicon-

based framework. To assess the robustness of our findings to the choice of sentiment lexicon, we
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replicate the U.S. local effect Random Forest trading strategy using four alternative lexicons: (i) the

financial lexicon of Loughran and McDonald (2011) (LM), (ii) the Subjectivity Lexicon (Wilson,

Wiebe, and Hoffmann, 2005), (iii) ML-SENTICON (Cruz, Troyano, Pontes, and Ortega, 2014),

and (iv) Lexicoder (Young and Soroka, 2012). The results, summarized in Table 4, indicate that all

four lexicons yield broadly similar performance relative to our SWN-based strategy, consistently

outperforming the buy-and-hold Sharpe ratio of S&P 500 futures (0.62).

Among the alternative lexicons, the LM lexicon produced the lowest Sharpe ratio (1.15). A

possible explanation is that the LM lexicon is specifically designed for financial text and may not

be well-suited for analyzing general news articles. Since a significant portion of the news themes

in our dataset extends beyond strictly financial topics, the LM lexicon may fail to capture sentiment

nuances effectively.

Overall, these results suggest that our findings are not sensitive to the choice of sentiment

lexicon. One reason for this robustness is that we estimate daily sentiment by averaging across a

large number of news articles. This aggregation reduces the influence of individual lexicon-specific

biases and minimizes potential measurement errors. Consequently, rather than relying on precise

sentiment classifications for each individual article, our approach focuses on capturing broader

daily sentiment fluctuations, making it less susceptible to discrepancies between lexicons.

B. Controlling for Past Returns

To further test the robustness of our findings, we extend the analysis from Section IV.A, which

examined how a country’s local news predicts its market returns, by incorporating the previous

day’s return as an additional predictor. Table 5 presents the updated results alongside those from
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Table 1, allowing for direct comparison.

The findings reveal that in China, Germany, the United Kingdom, Canada, Australia, and

Switzerland, adding lagged returns reduces predictive performance. In contrast, the remaining

countries experience modest but consistent improvements in both statistical and economic signifi-

cance when past returns are included. This pattern suggests that our primary results are not merely

capturing short-term return dynamics. Instead, sentiment measures provide unique predictive value

that is not fully explained by past market movements.

C. Translation Bias

Measuring news sentiment often faces challenges when applied to multilingual contexts, as lexicons

and sentiment measures may not transfer seamlessly across languages. One common issue is

translation bias, where differences in sentiment measurement arise depending on whether texts are

analyzed in their native language or translated into another (typically English) before analysis.

To address translation bias, we compare Hedonometer-based sentiment scores computed in the

native language (Chinese, German, French, Korean, and Spanish) with those computed on the

English-translated text.11 The Hedonometer is a sentiment analysis tool that assigns words a score

along a single “happiness” dimension (Dodds, Harris, Kloumann, Bliss, and Danforth, 2011). We

examine to what extent the out-of-sample market timing performance differs when we use sentiment

scores (Hedonometer) based on the news in its native language versus translated to English.

In Table 6, we present out-of-sample market timing Sharpe ratios for news sentiment strategies

using translated versus native news. Overall, we find that the market timing performance improves
11GDELT does not provide SWN-based sentiment scores in the native language of the news, but only to the

English-translated version of the news.
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in three out of the five languages when the texts are first translated into English before applying the

Hedonometer. For example, the Sharpe ratio when using native Spanish news to predict the Spanish

equity market equals 0.92 and increases to 0.95 when using Spanish news translated to English.

Our findings suggest that translation bias is unlikely to drive our main results: native-language and

English-translated sentiment deliver market-timing performance of comparable magnitude, with

no systematic degradation from translation. These results align with prior research that explores

the impact of translation on sentiment analysis performance.

VI. Conclusions

In this paper, we develop a novel, high-dimensional approach to measuring news-based sentiment,

exploiting both thematic and cross-country perspectives in the Global Database of Events, Lan-

guage, and Tone (GDELT). By systematically capturing how one country’s media reports on another

across 260 distinct topics, our framework provides granular sentiment linkages that extend well

beyond traditional one-dimensional or purely local sentiment measures. We demonstrate that these

linkages are economically meaningful for timing equity market returns across 14 major economies,

with local sentiment especially influential in North America and Europe, and global (incoming and

outgoing) sentiment linkages proving critical in markets such as Japan and China.

We further show that a large share of cross-country predictability can already be recovered from

a single information hub: U.S.-originating news. U.S.-sourced sentiment strategies outperform

buy-and-hold across all markets and often improve upon local-news strategies, highlighting the

global reach of U.S. media in transmitting price-relevant information. At the same time, for most

countries, performance increases further when we expand from U.S.-sourced signals to the full
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global sentiment network, indicating incremental information in broader cross-border news flows.

Our findings are robust to using alternative lexicons, controlling for lagged returns, and account-

ing for potential translation biases. Taken together, these conclusions highlight the global interplay

of economic and geopolitical narratives in shaping market outcomes, emphasizing that additional

insights arise when one examines both local sentiment and cross-border news flows. While future

work might extend this analysis to firm-level or sector-specific linkages, or to more advanced natural

language processing techniques, our findings suggest that high-dimensional sentiment measures

offer a rich and underutilized source for understanding global asset pricing.
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Figure 2: English Versus Translingual Articles Over Time
The figure shows the proportion of articles in GDELT for each month from February 2015 through December 2023
categorized by English-based articles versus translingual articles.
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Figure 3: Country and Theme Distribution of Articles
The upper (lower) figure shows the country (theme) distribution in our sample. The sample period runs from February
2015 through December 2023.
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Figure 4: Time-Varying Coverage of Themes
The figure shows the top 20 themes per month in our sample, where the U.S. is the target country. The sample period runs from February 2015 through December
2023.
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Figure 5: Cross-Country News Linkages
The figure shows the number of articles that each source country publishes about each target country as a fraction of
the total number of news articles published by the source country. The sample period runs from February 2015 through
December 2023.
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Figure 6: Net Attention-Weighted Sentiment Over Time
The figure shows the net attention-weighted sentiment (AWS) over time for the “Stock Market” theme (panel A) and
the “Health Pandemic” theme (panel B). Daily net AWS values are averaged within each calendar month to produce
the monthly series shown. Each AWS series is divided by its maximum absolute value, standardizing it between −1
and 1 to facilitate visual comparison across themes. The red dashed line marks zero. The sample period runs from
February 2015 through December 2023.
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Figure 7: Time-Varying Variable Importance
The figure shows the top five most important variables, ranked by the local model for the U.S. in each quarter, that appear more than once, revealing key patterns in
their contribution to forecast accuracy. The sample period runs from February 2015 through December 2023.
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Figure 8: Global Versus Local: Spanning Regressions
The figure presents the annualized spanning alpha for each market. We regress the global sentiment strategy return on
the local strategy return and report the intercept (annualized in % on the left y-axis) and the corresponding t-statistic
(right y-axis). Reported in parentheses are Newey and West (1987) HAC t-statistics with 7 lags. The sample period
starts in February 2015. The forecasting period runs from February 2017 till December 2023.
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Figure 9: Theme Aggregation and Regularization
The figure shows the annualized Sharpe ratios of news sentiment strategies that: use local aggregated news (Local Agg), use global aggregated news (Global Agg),
local or theme-specific news using Elastic Nets (Local and Global ELN), and our baseline strategies using Random Forests. The out-of-sample forecasting period
runs from February 2017 to December 2023.
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Table 1: Local News Sentiment and Equity Market Returns
This table presents performance statistics of out-of-sample local news sentiment strategies for equity markets. We
report the Sharpe ratio (gross and net), the Sharpe ratio of the buy-and-hold strategy, CAPM alpha (gross and net),
market beta, information ratio, and maximum drawdown of the strategy and benchmark. Reported in parentheses
are t-statistics. Sharpe-ratio t-statistics follow Lo (2002) and alpha and beta t-statistics use Newey and West (1987)
HAC standard errors with 7 lags. The sample period begins in February 2015, and the forecasting period spans from
February 2017 to December 2023.

SR𝑔𝑟𝑜𝑠𝑠 SR𝑛𝑒𝑡 SR𝐵&𝐻 𝛼 𝛼𝑛𝑒𝑡 𝛽 IR DD𝑚𝑎𝑥 DD𝑚𝑎𝑥,𝐵&𝐻

US 1.34 1.11 0.62 20.41 15.98 0.41 0.67 -23.68 -34.15
(3.59) (2.96) (1.65) (3.11) (2.43) (5.08)

CN 1.06 0.82 0.01 23.32 18.17 0.12 0.79 -35.05 -50.33
(2.82) (2.20) (0.02) (2.55) (1.98) (2.02)

DE 0.99 0.73 0.34 18.43 13.54 0.02 0.46 -37.35 -38.53
(2.63) (1.94) (0.92) (2.56) (1.88) (0.32)

JP 0.88 0.61 0.63 14.83 9.78 0.14 0.20 -33.96 -30.80
(2.36) (1.64) (1.67) (1.98) (1.31) (2.58)

UK 1.12 0.81 0.29 17.99 13.10 -0.03 0.57 -18.97 -35.18
(2.99) (2.17) (0.78) (2.33) (1.69) (-0.27)

FR 1.13 0.85 0.57 23.11 17.88 -0.20 0.36 -27.77 -38.67
(3.03) (2.27) (1.52) (3.20) (2.47) (-1.97)

IT 1.03 0.80 0.59 20.46 15.76 0.03 0.31 -24.12 -41.06
(2.74) (2.12) (1.59) (2.15) (1.66) (0.22)

CA 0.95 0.70 0.46 14.57 10.38 0.14 0.38 -18.58 -35.88
(2.55) (1.87) (1.22) (2.00) (1.43) (1.00)

AU 1.35 1.05 0.48 20.94 16.13 0.13 0.65 -23.85 -36.61
(3.59) (2.81) (1.29) (2.96) (2.28) (1.25)

KR 0.78 0.53 0.34 14.50 9.70 0.01 0.32 -20.92 -41.05
(2.10) (1.40) (0.90) (2.31) (1.54) (0.10)

ES 1.11 0.83 0.31 20.93 15.82 -0.06 0.54 -23.93 -39.62
(2.95) (2.22) (0.84) (2.56) (1.94) (-0.57)

NL 1.01 0.74 0.63 16.48 11.81 0.06 0.28 -19.45 -35.77
(2.70) (1.97) (1.67) (2.57) (1.84) (0.60)

CH 1.48 1.13 0.56 21.08 16.05 0.01 0.65 -18.62 -27.11
(3.94) (3.00) (1.48) (3.36) (2.55) (0.13)

SE 1.21 0.97 0.57 20.30 15.91 0.17 0.50 -17.94 -31.33
(3.23) (2.59) (1.52) (3.13) (2.45) (2.65)
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Table 2: Global News Sentiment and Equity Market Returns
This table presents performance statistics of out-of-sample global news sentiment strategies for equity markets. We
report the Sharpe ratio (gross and net), the Sharpe ratio of the buy-and-hold strategy, CAPM alpha (gross and net),
market beta, information ratio, and maximum drawdown of the strategy and benchmark. Reported in parentheses
are t-statistics. Sharpe-ratio t-statistics follow Lo (2002) and alpha and beta t-statistics use Newey and West (1987)
HAC standard errors with 7 lags. The sample period begins in February 2015, and the forecasting period spans from
February 2017 to December 2023.

SR𝑔𝑟𝑜𝑠𝑠 SR𝑛𝑒𝑡 SR𝐵&𝐻 𝛼 𝛼𝑛𝑒𝑡 𝛽 IR DD𝑚𝑎𝑥 DD𝑚𝑎𝑥,𝐵&𝐻

US 1.07 0.80 0.62 18.01 12.96 0.19 0.36 -25.52 -34.15
(2.87) (2.15) (1.65) (2.43) (1.75) (2.38)

CN 1.22 0.99 0.01 26.98 21.79 0.03 0.87 -27.83 -50.33
(3.26) (2.64) (0.02) (3.29) (2.66) (0.49)

DE 1.02 0.76 0.34 18.26 13.33 0.15 0.52 -24.85 -38.53
(2.72) (2.02) (0.92) (2.30) (1.68) (1.73)

JP 1.57 1.31 0.63 27.30 22.57 0.14 0.71 -19.07 -30.80
(4.17) (3.49) (1.67) (3.46) (2.87) (2.02)

UK 1.21 0.87 0.29 18.53 13.19 0.16 0.70 -16.25 -35.18
(3.22) (2.33) (0.78) (3.08) (2.19) (2.19)

FR 1.28 1.01 0.57 21.85 16.77 0.18 0.56 -16.34 -38.67
(3.43) (2.69) (1.52) (2.74) (2.10) (1.71)

IT 1.55 1.31 0.59 31.33 26.43 0.00 0.67 -18.55 -41.06
(4.14) (3.49) (1.59) (3.95) (3.33) (0.00)

CA 0.90 0.62 0.46 11.96 7.40 0.36 0.39 -14.72 -35.88
(2.40) (1.65) (1.22) (2.17) (1.34) (3.62)

AU 1.18 0.89 0.48 20.21 15.39 -0.12 0.47 -13.97 -36.61
(3.15) (2.36) (1.29) (2.82) (2.15) (-1.35)

KR 1.25 0.97 0.34 21.98 16.66 0.20 0.72 -31.19 -41.05
(3.34) (2.58) (0.90) (3.12) (2.36) (2.73)

ES 1.34 1.04 0.31 25.37 19.85 -0.09 0.69 -26.05 -39.62
(3.56) (2.77) (0.84) (3.19) (2.50) (-0.87)

NL 1.25 0.95 0.63 21.10 16.02 0.01 0.44 -24.15 -35.77
(3.34) (2.54) (1.67) (2.55) (1.94) (0.11)

CH 1.39 1.06 0.56 18.56 13.77 0.18 0.65 -17.00 -27.11
(3.71) (2.82) (1.48) (2.78) (2.07) (1.44)

SE 1.04 0.79 0.57 18.45 13.95 0.05 0.34 -19.34 -31.33
(2.77) (2.11) (1.52) (2.72) (2.06) (0.53)
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Table 3: U.S.-Sourced News Sentiment and Equity Market Returns
This table presents performance statistics of out-of-sample United States sourced news sentiment strategies for equity
markets. We report the Sharpe ratio (gross and net), the Sharpe ratio of the buy-and-hold strategy, CAPM alpha
(gross and net), market beta, information ratio, and maximum drawdown of the strategy and benchmark. Reported
in parentheses are t-statistics. Sharpe-ratio t-statistics follow Lo (2002) and alpha and beta t-statistics use Newey and
West (1987) HAC standard errors with 7 lags. The sample period begins in February 2015, and the forecasting period
spans from February 2017 to December 2023.

SR𝑔𝑟𝑜𝑠𝑠 SR𝑛𝑒𝑡 SR𝐵&𝐻 𝛼 𝛼𝑛𝑒𝑡 𝛽 IR DD𝑚𝑎𝑥 DD𝑚𝑎𝑥,𝐵&𝐻

US 1.34 1.11 0.62 20.41 15.98 0.41 0.67 -23.68 -34.15
(3.59) (2.96) (1.65) (3.11) (2.43) (5.08)

CN 1.31 1.08 0.01 28.90 23.75 -0.00 0.92 -25.74 -50.33
(3.50) (2.87) (0.02) (3.26) (2.68) (-0.00)

DE 0.75 0.48 0.34 14.17 9.13 -0.02 0.28 -32.53 -38.53
(1.99) (1.28) (0.92) (1.93) (1.24) (-0.17)

JP 1.11 0.85 0.63 19.02 14.21 0.13 0.36 -17.76 -30.80
(2.96) (2.27) (1.67) (2.56) (1.92) (1.48)

UK 1.16 0.86 0.29 17.81 13.06 0.14 0.66 -19.29 -35.18
(3.09) (2.29) (0.78) (2.56) (1.88) (1.24)

FR 0.83 0.54 0.57 13.70 8.30 0.17 0.20 -24.64 -38.67
(2.23) (1.45) (1.52) (1.60) (0.97) (1.28)

IT 0.98 0.73 0.59 17.67 12.54 0.18 0.30 -26.62 -41.06
(2.62) (1.95) (1.59) (2.27) (1.61) (2.53)

CA 1.16 0.84 0.46 19.50 14.29 -0.09 0.47 -14.10 -35.88
(3.09) (2.24) (1.22) (2.49) (1.82) (-0.56)

AU 1.28 0.98 0.48 18.35 13.46 0.32 0.69 -23.64 -36.61
(3.42) (2.62) (1.29) (2.89) (2.12) (2.85)

KR 0.93 0.69 0.34 14.90 10.55 0.36 0.52 -28.90 -41.05
(2.47) (1.85) (0.90) (2.37) (1.68) (7.02)

ES 1.38 1.11 0.31 24.62 19.54 0.18 0.83 -20.48 -39.62
(3.69) (2.96) (0.84) (3.34) (2.65) (2.16)

NL 1.67 1.42 0.63 24.80 20.56 0.33 0.90 -19.28 -35.77
(4.46) (3.79) (1.67) (3.44) (2.86) (3.55)

CH 0.96 0.60 0.56 13.51 8.28 0.04 0.29 -13.83 -27.11
(2.56) (1.59) (1.48) (2.63) (1.62) (0.34)

SE 1.37 1.13 0.57 22.43 17.98 0.24 0.65 -30.22 -31.33
(3.66) (3.01) (1.52) (2.93) (2.35) (2.75)
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Table 4: Alternative Sentiment Measures
This table reports the annualized Sharpe ratio of an out-of-sample local news sentiment strategy applied to the United
States using a range of sentiment measures. Reported in parentheses are Sharpe-ratio t-statistics that follow Lo (2002).
The out-of-sample period runs from February 2017 till December 2023.

Sharpe Ratio

SentiWordNet3 1.34 (3.59)
Loughran McDonald 1.15 (3.07)
Subjectivity Lexicon 1.31 (3.50)
ML-SENTICON 1.34 (3.58)
Lexicoder 1.33 (3.56)
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Table 5: Local News and Accounting for Lagged Returns
This table presents performance statistics of out-of-sample local news sentiment strategies for equity markets, account-
ing for lagged returns. We account for lagged returns by incorporating a one-day lagged return in the set of predictors.
We report the Sharpe ratio (gross and net), the Sharpe ratio of the buy-and-hold strategy, CAPM alpha (gross and
net), market beta, information ratio, and maximum drawdown of the strategy and benchmark. Reported in parentheses
are t-statistics. Sharpe-ratio t-statistics follow Lo (2002) and alpha and beta t-statistics use Newey and West (1987)
HAC standard errors with 7 lags. The sample period begins in February 2015, and the forecasting period spans from
February 2017 to December 2023.

SR𝑔𝑟𝑜𝑠𝑠 SR𝑛𝑒𝑡 SR𝐵&𝐻 𝛼 𝛼𝑛𝑒𝑡 𝛽 IR DD𝑚𝑎𝑥 DD𝑚𝑎𝑥,𝐵&𝐻

US 1.50 1.26 0.62 25.96 21.38 0.19 0.69 -21.73 -34.15
(4.01) (3.36) (1.65) (3.77) (3.10) (8.10)

CN 0.88 0.66 0.01 19.49 14.55 -0.07 0.60 -43.38 -50.33
(2.36) (1.76) (0.02) (2.36) (1.76) (-2.91)

DE 0.57 0.31 0.34 10.48 5.58 0.03 0.16 -47.52 -38.53
(1.52) (0.82) (0.92) (1.48) (0.79) (1.42)

JP 1.19 0.91 0.63 20.78 15.64 0.11 0.42 -21.66 -30.80
(3.18) (2.44) (1.68) (3.01) (2.26) (4.69)

UK 0.75 0.43 0.29 11.37 6.18 0.14 0.35 -26.36 -35.18
(2.02) (1.15) (0.78) (1.92) (1.04) (6.21)

FR 1.32 1.07 0.57 25.41 20.73 -0.09 0.51 -22.08 -38.67
(3.54) (2.86) (1.52) (3.69) (3.01) (-3.84)

IT 1.12 0.89 0.59 22.62 17.96 -0.00 0.37 -25.05 -41.06
(2.99) (2.37) (1.59) (2.98) (2.37) (-0.03)

CA 0.75 0.48 0.46 10.68 6.36 0.20 0.23 -32.69 -35.88
(2.00) (1.29) (1.22) (1.78) (1.06) (8.82)

AU 1.09 0.80 0.48 15.98 11.22 0.23 0.49 -27.19 -36.61
(2.91) (2.13) (1.29) (2.69) (1.89) (9.98)

KR 0.99 0.72 0.34 17.89 12.75 0.09 0.49 -18.65 -41.05
(2.66) (1.92) (0.90) (2.59) (1.84) (3.81)

ES 1.27 1.02 0.31 22.97 18.30 0.11 0.72 -22.00 -39.62
(3.40) (2.72) (0.84) (3.32) (2.65) (4.79)

NL 1.09 0.81 0.63 17.54 12.84 0.09 0.34 -25.87 -35.77
(2.91) (2.17) (1.67) (2.77) (2.03) (3.63)

CH 1.35 1.01 0.56 17.74 12.88 0.20 0.62 -12.42 -27.11
(3.60) (2.69) (1.48) (3.37) (2.44) (8.71)

SE 1.33 1.07 0.57 22.29 17.66 0.18 0.59 -17.76 -31.33
(3.55) (2.87) (1.52) (3.32) (2.63) (7.88)
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Table 6: Native Versus Translated Local News
This table presents performance statistics of out-of-sample local news sentiment strategies for equity markets using
either translated (to English) news or native news. We report the Sharpe ratio, CAPM alpha, market beta, and
information ratio of the strategies. The columns with (ENG) indicate that the news was first translated to English
and then the sentiment was calculated using the English version of Hedonometer. The columns without the (ENG)
tag indicate that the sentiment was calculated directly using the native language version of Hedonometer. Reported
in parentheses are t-statistics. Sharpe-ratio t-statistics follow Lo (2002) and alpha and beta t-statistics use Newey and
West (1987) HAC standard errors with 7 lags. The out-of-sample period spans from February 2017 to December 2023.

SR𝐸𝑁𝐺
𝑔𝑟𝑜𝑠𝑠 SR𝑔𝑟𝑜𝑠𝑠 𝛼𝐸𝑁𝐺 𝛼 IR𝐸𝑁𝐺 IR

CN 1.09 1.12 24.03 24.73 0.77 0.77
(2.91) (2.99) (2.91) (3.00)

DE 1.44 1.22 25.54 22.73 0.87 0.63
(3.84) (3.26) (3.72) (3.23)

FR 0.86 0.88 14.55 13.80 0.22 0.25
(2.29) (2.36) (2.11) (2.05)

KR 1.44 1.28 25.66 22.98 0.85 0.70
(3.85) (3.42) (3.75) (3.33)

ES 0.95 0.92 17.91 17.91 0.44 0.40
(2.54) (2.45) (2.57) (2.60)
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Appendices
Table A1: Sample of Equity Futures Contracts

Reported are the country name (”Country”), local close time (”Close”), timezone (”TZ”), name of the market index
(”Index”), the Bloomberg ticker (”BB”), and the annualized Sharpe ratio (”Sharpe”). All data are obtained from
Bloomberg from February 2015 till December 2023.

Country Close TZ Index BB Sharpe

United States 17:00 America/Chicago S&P 500 ES 0.58
China 16:30 Asia/Hong Kong HSI HI 0.31
Germany 22:05 Europe/Berlin DAX GX 0.30
Japan 15:16 Asia/Tokyo Nikkei 225 NK 0.51
United Kingdom 21:00 Europe/London FTSE 100 Z 0.31
France 22:00 Europe/Paris CAC 40 CF 0.49
Italy 22:00 Europe/Rome FTSE MIB ST 0.43
Canada 16:30 America/Montreal TSX 60 PT 0.42
Australia 16:30 Australia/Sydney ASX SPI 200 XP 0.38
South Korea 15:46 Asia/Seoul KOSPI 200 KM 0.33
Spain 20:00 Europe/Madrid IBEX 35 IB 0.22
Netherlands 22:00 Europe/Amsterdam AEX EO 0.55
Switzerland 22:05 Europe/Zurich SMI SM 0.44
Sweden 17:25 Europe/Stockholm OMXS 30 QC 0.46
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Figure A1: Global Importance Over Other Countries
The figure shows the sum of standardized variable importance of a given country (on the x-axis) over other countries
in the global model estimation. These sums are used to scale node sizes in Figure 1.
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Figure A2: Cumulative Variable Importance of Top 5 Local Themes
The figure plots the cross-country average (over the 14 local Random Forest models) of the share of total gain importance
held by each model’s five most important themes, evaluated at every retrain. The out-of-sample period runs from
February 2017 to December 2023.
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