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Abstract This study performs sentiment analysis on financial news to assess the impact
of sentiments on financial indices using an integrated framework encompassing senti-
ment analysis and a causal discovery algorithm based on Gaussian process regression to
deal with non-linear relationships. Specifically, a news sentiment database was created
by extracting financial news articles on various topics sourced from the investing.com
web page. The news articles were subsequently inputted into the FinBERT model in
order to extract their respective sentiments. The news dataset was combined with finan-
cial indicators, specifically the S&P 500 index, dollar index (DXY), and Brent crude
oil. Subsequently, the causal discovery model, namely LPCMCI, was employed to con-
duct causal discovery on the variables of interest. Different from previous works, this
study gives a wide perspective on the connections between news and financial behavior,
accounting for lag dependencies and the direction of the impacts. The main results in-
dicate a reciprocal relationship between news sentiments and financial variables. In this
context, the S&P 500 index can be regarded as a source of Stock Market news together
with Commodities news sentiments, where a contemporaneous and lagged effect is ob-
served towards Brent returns. In the opposite direction, news sentiments regarding the
Currencies subject appear as a driver of DXY returns. Furthermore, it was observed that
various subjects exhibit distinct patterns of interaction with individual financial indica-
tors. The findings of the study clarify what was previously suggested in the literature
and provide fresh perspectives that have not been investigated thus far.

Keywords: Finance; Sentiment Analysis; Causal Discovery; LPCMCI; Gaussian Pro-
cess Regression.
JEL Code: G1, G14, G41, C14, C82.

1. Introduction

In the modern interconnected global economy, financial markets play a
pivotal role in shaping the economic landscape. Investors, policymakers, and
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analysts closely monitor financial indicators to gauge the health and perfor-
mance of these markets. Simultaneously, the rise of digital media and real-
time information dissemination has led to a significant paradigm shift in how
financial news is generated, disseminated, and consumed (Sohangir et al.,
2018). The literature has been interested in uncovering the role that media
news has played on the financial market for a long time (e.g., Oberlechner
and Hocking, 2004; Alanyali et al., 2013; Balcilar et al., 2017). One possible
reason is that it incorporates the Efficient Market Hypothesis (EMH) formu-
lated by Fama (1970), which asserts that financial markets are highly efficient
in processing and reflecting all available information. It could be posited that
EMH assumes that investors have rational expectations, meaning they process
information correctly and make optimal decisions based on that information.
This view suggests that financial news leads to efficient price adjustments.

Several studies have shown a positive relationship between news senti-
ments and market performance. For instance, Mohan et al. (2019) suggests a
correlation between the textual information and stock price direction. More-
over, Alanyali et al. (2013) hypothesizes that movements in the news and
movements in the markets may exert a mutual influence upon each other. This
phenomenon introduces the conceptual framework of “exogenous and en-
dogenous news,” where endogenous news emanates as a direct consequence
of the indicators’ performance, while exogenous news materializes in re-
sponse to external factors beyond the scope of the indicators themselves. In
an attempt to overcome this issue, Walker (2016) uses two distinct markets:
one to source the media coverage and another to test its effect. Since the lat-
ter does not influence the former, the impact is “cleaned” from endogenous
news.

Besides the intricate relationship between media news and financial in-
dicators, there is also the question of how different news topics interact with
the different indicators. Hisano et al. (2013) identified 715 different news top-
ics and their relationship with the trading activity of the stocks of 206 major
firms included in the S&P 500 index. Their results showed that large volumes
of trading can often be explained by the flow of news. Similarly, Feuerriegel
et al. (2016) posits that not all news has the same effect on prices and uses
Latent Dirichlet Allocation to determine different topics and their impacts
on abnormal stock returns. They found that the topics indeed have different
impacts, whereas ‘drug testing’ exhibited a large effect.

With this in mind, this paper aims to systematically investigate the in-
tricate relationship between different financial news topics and relevant fi-
nancial indicators, specifically focusing on the S&P 500 index, the dollar in-
dex (DXY), and the Brent crude oil as they stand as prominent benchmarks
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that reflect the collective sentiment and expectations of investors in a wide
range of economic sectors. The financial news topics were extracted from the
Investing.com web portal under the following issues: Commodities, Stock
Market, Economy, Economic Indicators, and Currencies.

To extract the news, a web crawler was designed, resulting in 249,155
daily news stories across the different topics and for the period compris-
ing from June 9, 2015, to March 6, 2023. The composition of news articles
consists of a headline and a textual corpus. Then, they were submitted to a
sentiment analysis model, namely FinBERT, which returned three possible
classifications: positive, negative, or neutral. To mitigate possible erroneous
classifications, a summary of the textual corpus was generated with a summa-
rizing language model, and the sentiment model was also applied to it. Then,
each news item was reclassified according to the sentiment found more times
across the three inputs: headlines, full text, and summary. After constructing
the sentiment dataset, it was aggregated to accommodate the daily structure
of the financial variables.

In situations where controlled experiments are impractical, the current
framework of causal discovery offers an alternative way to learn about cause
and effect through observational, i.e., non-experimental data (Gerhardus and
Runge, 2020). In this sense, a Python module for time series analysis, namely
Tigramite, was used to reconstruct causal graphical models based on the
Latent-PCMCI1 framework. The causal meaning is attributed to the physi-
cal mechanisms by which the value of one given variable is determined from
the values of a set of given variables, including the one in question.2 Besides
the possibility of establishing a causal relationship between the series, the
framework allows for the presence of confounding factors in the model and
deals with non-linearity issues, common when dealing with financial returns
(Chen and Hao, 2018). Furthermore, the model utilizes conditional indepen-
dence tests that were performed by Gaussian process regressions, a proba-
bilistic supervised machine learning framework that is useful when dealing
with problems where it is required to assess unknown functions that map in-
puts to outputs and when the shape of the underlying function is unknown
(Schulz et al., 2018).

The results have shown a complex relationship between the analyzed vari-

1In the work of Jiang and Shimizu (2023), it is explained that the LPCMCI model has its roots
on the PC algorithm, named after Peter Spirtes and Clark Glymour (Spirtes et al., 2000), which
in turn has been subjected to many variations, such as the Fast Causal Inference (FCI) (Glymour
et al., 2019), which is the fundamental basis for the LPCMCI algorithm (Gerhardus and Runge,
2020), where “MCI” stands for Momentary Conditional Independence.

2It is important to note that the causal meaning is primarily statistically based and does not en-
compass an economic causal interpretation.
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ables. On the one hand, each financial variable relates differently to each
news topic sentiment. News that covers the Stock Market and their respec-
tive sentiment are liked primarily by the S&P 500 index. It was observed
that contemporaneous and two-day lag volatility of the S&P 500 index leads
to changes in the Stock Market news sentiments. A similar behavior is seen
between Brent crude oil and Commodities news sentiments, although with
a smaller confidence level, and the same is seen between Brent and Stock
Market news sentiments. On the other hand, news sentiments under the Cur-
rencies topic exhibited a direct link with DXY. Moreover, secondary effects
were also found, where the relationships between sentiment variables and fi-
nancial indices are due to unobserved factors. The results were corroborated
by robustness tests such as correlation and Granger causality tests. Further-
more, a different dataset was used to increase the accuracy of the sentiment
analysis model.

As elucidated in the existing literature, the results support a converse di-
rectionality, wherein financial indicators exercise a discernible influence over
financial news. This phenomenon introduces the conceptual framework of
“exogenous and endogenous news,” where endogenous news emanates as a
direct consequence of the indicators’ performance, while exogenous news
materializes in response to external factors beyond the scope of the indicators
themselves. This interplay between financial indicators and news dynamics
not only deepens the understanding of the information flows in financial mar-
kets but also underscores the complex relationship between these two funda-
mental elements of market behavior.

This work provides significant contributions to the fields of financial and
economic research, as well as to the existing literature in computer sciences,
given the close relationship between the methods employed, such as natu-
ral language processing, large language models, and machine learning tech-
niques, and the computer sciences field. First, it sheds light on the complex
relationship between sentiments from financial news and relevant financial in-
dicators, encompassing different fronts of the US economy, such as the stock
market, commodities market, and foreign exchange market. Second, this re-
search leverages advanced methodologies, including Natural Language Pro-
cessing (NLP), Large Language Models (LLM), and sentiment analysis cou-
pled with the latent PCMCI model and Gaussian process regression. These
methodological contributions expand the toolkit available to researchers and
set a precedent for future investigations in this area. Lastly, this work also
compares the results with methods well established in the literature, such as
correlation and Granger causality tests.

Moreover, there is a large stream of literature that is focused on the use of
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sentiment analysis to forecast financial indicators (e.g., Kordonis et al., 2016;
Kalyani et al., 2016; Ko and Chang, 2021). From a different point of view, this
study is mainly interested in a wide perspective, where one can evaluate how
different news topics, specifically from a world-renowned news data portal,
interact with different financial indicators, considering lag dependencies and
the direction of the impacts. Additionally, this study utilizes causal discovery
models that rely on Gaussian process regression to detect these links. To the
best of the authors’ knowledge, this is the first study to use these methods on
sentiment scores and financial variables. Ultimately, the findings of the study
clarify what was previously suggested in the literature and also provide fresh
perspectives that have not been investigated previously.

The structure of this paper is organized as follows: Section 2 provides
a comprehensive review of the existing literature on the subject, highlight-
ing key findings and gaps in current knowledge. In Section 3, the data and
methodology adopted for the analysis are outlined, encompassing the senti-
ment analysis framework and the causal discovery model. Section 4 presents
the empirical findings, showcasing the quantitative insights garnered from
the relationship between financial news and the identified indicators. A dis-
cussion of these findings in the broader context of financial markets and their
implications is exposed in Section 5. Finally, Section 6 concludes the paper
by summarizing the main findings, contributions, and potential avenues for
future research.

2. Related work

Over the past decades, the financial sector has witnessed a remarkable
transformation regarding information availability and accessibility.
Traditional sources of financial news, such as newspapers and specialized
magazines, have been largely supplemented, and in some cases, supplanted,
by digital platforms and social media channels. This rapid evolution has de-
mocratized access to financial information, actively enabling individuals and
institutions of various scales to engage with market-related news and insights.
Consequently, financial news has become not only a source of information
but also a driving force behind market sentiment, investor behavior, and ul-
timately, the trajectories of financial indicators (Blasco et al., 2005; Mishev
et al., 2020; Wankhade et al., 2022). Furthermore, Boubaker et al. (2021)
specifies that credible financial media is essential when it comes to inform-
ing investors. Investor sentiment can be greatly impacted by the news, and
this can be seen in the decisions that they make. In the event of sharp volatil-
ity in the financial markets, the financial media is supposed to alert the public
swiftly, to monitor the situation as it develops, and to produce expert, frequent
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reporting.
From a different perspective, Walker (2016) claims that determining the

extent of media influence on financial markets is challenging. Since there
is now 24-hour news, market performance virtually immediately determines
how much media coverage there is. Moreover, future market performances
may even impact media coverage when moves are highly anticipated. As
such, determining media influence cannot be based solely on a correlation
between market performance and media coverage. In an attempt to tackle this
issue, the author shows that media influence extends beyond the market on
which it is reporting and, in doing so, circumvents the causality issues usually
prevalent when studying media influence in markets. The author regressed the
return premium and trading volume of a portfolio of equities focused on the
UK residential property market against the number and optimism of Financial
Times housing market articles to test the media’s effect, identifying a positive
link between the optimism of media reporting and portfolio return premiums.

Boubaker et al. (2021) also emphasize that there is a natural connection
between the news and the financial markets, and that they can influence each
other. Their research explored the idea of news diversity as a measure of
news importance–if numerous outlets report similar events, topics covered
by the news will be concentrated. This implies that these occurrences have
substantial influence and can significantly impact movements within the fi-
nancial market. Thus, news diversity closely tracks financial market changes,
whereas a more concentrated news diversity index will better reflect market
movements. In this context, using a change-point analysis, they examined
the relationship between news diversity and the movements of financial mar-
kets and assessed the prediction effect of news diversity on market prices and
volatility of the financial market. The results revealed that news diversity can
be used to forecast the movements of the stock market accurately.

Financial news are also utilized to improve the prediction of macroeco-
nomic indicators, as Feuerriegel and Gordon (2019) proposed by an alterna-
tive method in which terms from distinct semantic categories are mapped onto
latent structures. Financial news reflects both the present health and future
expectations of corporations, according to their findings. For product-related
indicators, such as the actual industrial product rate and confidence indices,
news-driven models therefore appear to be particularly advantageous. When
it comes to long-term forecasts, news-driven models exhibit a tendency to
outperform benchmark models. Regarding the commodities sector, Li et al.
(2022) utilizes a web crawler to construct a Chinese investor sentiment index
to explore the dynamic relationships between shocks in the crude oil price
and investor sentiment. Then, a structural vector autoregression model di-
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vides crude oil price shocks into three categories, and a wavelet coherence
analysis is used to analyze the temporal and frequency domains’ dynamic
correlation between crude oil price (shocks) and investor mood, as well as
their asymmetric dynamic connection under distinct crude oil price trends.
The results indicate heterogeneous dynamic correlations and lead-lag interac-
tions between crude oil price (shocks) and investor mood across time and fre-
quency domains. In addition, asymmetric dynamic correlations and lead–lag
interactions exist between crude oil prices (shocks) and investor mood under
different price patterns. Gong et al. (2022) captured the trend of oil futures
prices based on the text-based news where the text features obtained from
online oil news catch more hidden information, improving the forecasting ac-
curacy of oil futures prices. Moreover, they found that the textual features
are complementary in improving forecasting performance and verifying the
asymmetric impact of positive and negative emotional shocks on oil futures
prices.

Apart from only establishing a link between news and financial indicators,
the interest also lies in the impacts of different topics on the financial series.
In this respect, Shynkevich et al. (2016) utilize different categories of news ar-
ticles simultaneously with a multiple kernel learning technique. Specifically,
news articles were allocated to five categories based on their relevance to a
target stock and its sub-industry, industry, group industry, and sector. Multiple
kernel learning (MKL) techniques were used to learn from these news sub-
sets so that independent kernels were utilized for each subset. Using stocks
from the healthcare sector, they found that the highest forecasting accuracy
and trading return were reached for MKL with five news categories utilized
and two kernels, polynomial and Gaussian, used for each category. Birz and
Lott Jr (2011) examined news about GDP growth, unemployment, retail sales,
and durable goods and found that the news concerning GDP growth and un-
employment significantly affects stock returns. They claim that although hav-
ing an expected sign, the correlations between stock returns and news about
durable goods and retail sales are statistically insignificant, which can be ex-
plained by the fact that these variables are less important for investors’ expec-
tations of future economic conditions.

As a final example, Schumaker and Chen (2009) explored the discrete
stock price prediction using textual representation and statistical machine
learning methods on financial news articles partitioned by similar industry
and sector groupings. They discovered that stocks partitioned by Sectors were
most predictable in measures of Closeness, Mean Squared Error (MSE) score
of 0.1954, with a predicted Directional Accuracy of 71.18%, and a Simulated
Trading return of 8.50% (compared to 5.62% for the S&P 500 index). In di-
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rect comparisons to existing market experts and quantitative mutual funds, the
authors’ system’s trading return of 8.50% outperformed well-known trading
experts.

3. Data and methods

In this section, data and methods employed to explore the relationships
between financial indices and sentiment scores derived from several financial
news segments are described. It begins by examining sentiment scores, which
involve the extraction of news content, pre-processing of the text, and the sub-
sequent application of a sentiment analysis model. Then, the causal discovery
model is discussed, where the underlying assumptions and the formulation of
the model’s structure are explored.

3.1 Sentiment analysis

As stated by Wu et al. (2021), online news is considered to be a more
accurate source of information when compared to other forms of social media,
such as Facebook, X (formerly Twitter), and blogs, due to its greater influence
and restrained nature. In this sense, the first step was to write a web crawler
for scraping all available news related to five different issues–commodities,
stock markets, economy, currencies, and economic indicators–from the web
portal investing.com.3 There is a discussion on whether to use headlines or the
entire new text as input to the sentiment model. In the work of Birjali et al.
(2021), the authors list levels of sentiment analysis: Document, Sentence, and
Aspect levels–where Document-level is the broader one, encompassing the
other two. Tsai and Wang (2017) found similar results utilizing sentiment
words and all text in their research on financial reports and risk prediction.
Considering that each level can contain specific characteristics and contexts,
and as a measure of robustness, this research used three so-called levels to
determine the sentiment score: at the news title level, at the summary level of
the entire news corpus, and at the entire news text level.

Hence, after collecting all the news (their title and corpus), the text corpus
was submitted to a summarizing model, which intends to summarize the text

3The URL of each news source is the following: Commodities: https://www.investin
g.com/news/commodities-news; Stock markets: https://www.investing.co
m/news/stock-market-news; Economic indicators: https://www.investing.
com/news/economic-indicators; Economy: https://www.investing.com/
news/economy; Currencies: https://www.investing.com/news/forex-news.
They have all been accessed from July 6 to July 20, 2023. It would be helpful to describe the
methodology of the process employed in assigning each news article to its corresponding topic.
However, this information was not accessible on the investing.com website, nor was it publicly
disclosed by the editorial staff.
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in a maximum length of 1024 tokens. The model used was sshleifer/distilbart-
cnn-12-6, which is pre-trained on the CNN/DailyMail dataset, an English-
language dataset containing slightly more than 300 thousand unique news
articles written by CNN and Daily Mail journalists. Only excessive blank
spaces and minor quote typos were removed as pre-processing steps on the
news corpus text. 4

Then, the sentiment model was applied to the news title, the text sum-
mary, and the full text. The model used was FinBERT, which is a language
model based on Bidirectional Encoder Representations from Transformers
(BERT) architecture for the financial domain (Araci, 2019). BERT is essen-
tially a language model consisting of a stack of Transformer encoders. The
Global Vectors for the Word Representation (GLoVe) algorithm is used to to-
kenize the text, i.e., to calculate word representation in a vector space; then,
instead of guessing the next word based on the words that came before, BERT
“masks” 15% of all tokens. On top of the last encoder layer, a softmax layer
over the language predicts the masked tokens. “Next sentence prediction” is
the second thing that BERT is trained to do. If two sentences are given to the
model, it will tell if they follow each other or not. Token and position embed-
dings show the order of the input sequence. At the beginning and end of the
sequence, two tokens defined [CLS] and [SEP] are added. The [CLS] token
is used for all classification tasks, such as figuring out what the next sentence
will be (Araci, 2019).

According to BERT’s authors (Devlin et al., 2018), it was specifically
trained on Wikipedia (2.5B words) and Google’s BooksCorpus (800M words).
To improve FinBERT’s classification performance, the model was further
pre-trained in a financial corpus called TRC2-financial, which is a subset
of Reuter’s TRC25. TRC2-financial includes 46,143 documents with more
than 29M words and nearly 400 thousand sentences. Malo et al. (2014)’s Fi-
nancial PhraseBank is the main sentiment analysis dataset used to fine-tune
FinBERT. The Financial Phrasebank is made up of 4845 English sentences
picked at random from the LexisNexis collection of financial news. Then, 16
people with backgrounds in business and banking added notes to each sen-
tence. The people who were asked to annotate the sentence were asked to
add labels based on how they thought the facts in the sentence might affect
the stock price of the company mentioned. The dataset also has information
about how much the annotators agree on each line (Araci, 2019).

As the FinBERT’s authors pointed out, a test-set accuracy of 97% was

4More information on the model can be found at https://huggingface.co/sshleifer
/distilbart-cnn-12-6, which was accessed on June 6, 2023.

5TRC2 consists of 1.8M news articles that were published by Reuters between 2008 and 2010.
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achieved in the complete inter-annotator agreement section of the Financial
PhraseBank. However, the model occasionally encounters difficulties in accu-
rately determining the relative magnitude of figures, particularly when there
is a lack of explicit directional indicators such as the term “increased.” Conse-
quently, it may generate predictions that are neutral in nature. The misclassi-
fications of FinBERT exhibit a notable disparity, with 73% of them occurring
between positive and neutral labels, in comparison to a mere 5% between neg-
ative and positive labels. This observation aligns with both the inter-annotator
agreement statistics and logical reasoning. Distinguishing between positive
and negative elements is a very straightforward task. However, determining
whether a comment reflects a favorable perspective or simply an impartial
observation can present a greater level of difficulty (Araci, 2019). To miti-
gate misclassifications, the model was performed in all three inputs, i.e., in
the financial news title, its summary, and full text. A metric was constructed
from the classification model where the modal sentiment between the three
was assigned so, for example, if the news title reports a positive sentiment,
the summary a negative or neutral, and the text also has a positive sentiment,
the overall sentiment to that specific news is positive. If they all disagree, then
the sentiment is neutral.

Figure 1
Daily sentiment score

Note: The dots represent daily average sentiment scores on the financial topics. The x-axis
represents the time period, and the y-axis is the score of the average sentiment.
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The maximum length FinBERT allows one to predict the sentiment is
512 tokens. Then, to overcome this problem, specifically when dealing with
the summaries and full text that generally exceeds this size, the model was
applied in sliding windows of 512 tokens, and an average was taken from
then in the end.

Given the data availability and the maximum length reached by most
news, the final output from the sentiment model starts on June 9th, 2015,
and spans until March 6th, 2023, for all financial news except Economy news,
which starts on April 30th, 2018 and ends with the others. Table A1 shows the
number of news during the period according to the respective issue. As can
be seen, the Economic news started being released only in 2018, requiring a
short analysis. The year 2023 has a relatively smaller number of observations
since it extends only until July 2023.

Table A2 shows the number of sentiments per year. The year 2022 is the
one with the most negative news among the sample, especially for Stock Mar-
ket news, with an increase of around 53% when compared with the average in
previous periods. This phenomenon may be associated with the steep increase
in the interest curve observed in the United States in the first half of 2022.
Since then, the US economy has strived to recover from the credit expan-
sion resulting from the COVID-19 pandemic in 2020. In such circumstances,
higher interest rates tend to lead to increased investments in fixed-income
assets, such as bonds, as opposed to variable-income assets, like equities.

The primary objective of this study is to ascertain the mechanisms via
which news influences financial indicators. It is common for financial indices
to be reported on a daily basis in the majority of available databases. In the
sample period, the average number of news articles per day was 88.4. There-
fore, the responses of all news articles were encoded, with negative sentiments
assigned a value of -1, neutral sentiments a value of 0, and positive sentiments
a value of 1. Next, they were organized based on their sum values, grouped
by day and topic. Furthermore, it should be noted that due to the market’s
operational hours typically limited to 9:30 am to 4 pm during business days,
any sentiments derived from news articles published on weekends, holidays,
or after the market is closed were carried forward to the subsequent business
day. Therefore, the inclusion of a financial news release on a Saturday will
contribute to the calculation of the sum for the subsequent Monday, for ex-
ample. Figure 1 shows the daily average sentiment of each topic. It is possible
to note the relatively higher number of negative news ranging from 0 to -1.
The Economy and Stock Market news also display this behavior, but with
more values ranging from 0 to -0.5, indicating comparatively more positive
news than the other topics.
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3.2 Financial indices

After summing up the sentiment dataset on a daily basis, financial indices
that play a relevant role in the United States of America and the world econ-
omy were collected. The first is the S&P 500 index, which is, according to
S&P Global, the official S&P website6, widely recognized as a highly re-
liable and comprehensive indicator of United States large-cap equities. The
index comprises a wide range of 500 major corporations representing various
industries within the United States stock market. The index encompasses ap-
proximately 80% of the market capitalization of equities in the United States
of America and more than 50% of the market capitalization of equities world-
wide.

Figure 2
Financial indicators trend

Note: The x-axis represents the sample time period and the y-axis the returns of the financial
indicators.

The selection of the second financial measure was the US dollar index
(DXY). The composition of the index previously consisted of ten prominent
foreign currencies (Harpaz et al., 1990). In current times, it is composed of
a basket of six foreign currencies, each with its own respective weightings.
These currencies include the Euro, which accounts for 57.6% of the basket;

6Available at https://www.spglobal.com/spdji/en/indices/equity/sp-500,
accessed October 1st, 2023.
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Japanese yen at 13.6%; Sterling Pound at 11.9%; Canadian dollar at 9.1%;
Swedish krona at 4.2%, and Swiss franc at 3.6%. The index is determined
by calculating the weighted geometric average of the exchange rates between
the US dollar and these currencies. To ensure comparability, the resulting val-
ues are normalized by an indexing factor of 50.1435. The index functions as
a comprehensive metric for evaluating the overall state of the United States
economy. According to Chen (2022), traders usually employ it for the pur-
pose of engaging in speculative endeavors, wherein they make predictions
regarding variations in the value of the US dollar. Additionally, it can serve
as a protective measure against any hazards that may arise from exposure to
foreign currencies.7

Brent crude oil is the last financial indicator chosen. Crude oil, among
many categories of commodities, is extensively traded and exhibits a high
volatility behavior. Additionally, there is a connection between the oil mar-
ket and economic cycles (Hamilton, 1983), affecting several macroeconomic
variables such as inflation, GDP, stock market returns, interest rates, and ex-
change rates (Sharma and Dharmaraja, 2016). Given its importance and to-
gether with the other two indicators, different angles in the economy are en-
compassed.

Figure 2 illustrates the return8 trend of each indicator. It is noteworthy
that all three indicators experienced a period of heightened stress in the year
2020, specifically because of the global COVID-19 pandemic. Furthermore,
from the start of 2022 until the end of the sample period, July 2023, there
has been an observable increase in volatility when compared to pre-pandemic
times, particularly in relation to the S&P 500 index. Besides the financial
indicators, the Dow Jones Industrial Average and the volatility index (VIX)
are used as covariates in the discovery model. Daily values for all financial
indicators were gathered from the Yahoo Finance website throughout the time
span covered by the financial news dataset.

3.3 Causal discovery model

The causal discovery model was based on the paper “Causal inference
for time series” by Runge et al. (2023). It was implemented with the Python
Tigramite package. As the authors indicated, causal inference offers a com-
prehensive framework that combines statistical and machine-learning tech-
niques to address causal inquiries using data. Its utilization allows for the
formulation of research questions in a causal manner while also providing a

7For a full understanding of the methodology employed on the US index dollar, access https:
//www.ice.com/publicdocs/data/ICE_FX_Indexes_Methodology.pdf.

8The returns are expressed by Returns = (xt−1− xt)/xt .
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clear exposition of the underlying assumptions employed to address them. In
other words, causal discovery involves the qualitative reconstruction of con-
nections within a causal graph, either in its entirety or specifically focusing
on the causes of a particular target variable. This reconstruction may incor-
porate elements such as temporal lags and bi-directed links to indicate latent
confounding.

Financial markets are complex systems influenced by a multitude of
known and unknown variables, and many of these variables are unobserv-
able or difficult to quantify directly. As examples of confounding variables,
there are the investor’s behavior, sentiment, and psychological biases; gov-
ernment policies, central bank decisions, and regulatory changes; information
asymmetry; unpredictable and rare events; and random noise and unexpected
shocks. These factors are essentially unobservable and can lead to short-term
market volatility and fluctuations. Hence, the model used in this work is the
Latent-PCMCI algorithm, which allows the presence of unobserved factors.
As the model contains a specific notation, first, a brief introduction is given,
and then the model is discussed.

3.3.1 LPCMCI background

The LPCMCI model requires one to make assumptions about the data-
generation process of the variables of interest. They are discussed throughout
this Section. The first requirement is the absence of selection bias, which oc-
curs when the process of selection data for our analysis systematically influ-
ences the causal relationships that we aim to uncover. Selection bias can arise
from various factors, as discussed by Reiser (2022). These factors include
(i) non-random sampling, which occurs when the sample does not accurately
represent the characteristics of the population; (ii) missing data, where there
is a systematic pattern in the covariates resulting in missing values for a par-
ticular subgroup of the population; (iii) survivorship bias, which arises when
only processes that have endured over time are observed. We believe that such
concerns are mitigated in our empirical approach since we are using news
articles from an international authority source in finance and economics (in-
vesting.com), which covers facts that directly affect financial and economic
variables worldwide. Therefore, our economic and financial variables are not
limited to the macroeconomic performance of a specific subgroup of coun-
tries (e.g., developed countries) or a continent, reducing concerns with non-
random sampling. Additionally, missing data is not a concern for our empiri-
cal specification. Ultimately, we analyze time series data instead of panel-data
format, thereby mitigating concerns related to survivorship bias.

Following the methodology proposed by Gerhardus and Runge (2020)
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and the Tigramite documentation, the focus is to learn the causal structure un-
derlying complex dynamical systems, hence the time series Vt = (V 1

t , . . . ,V
N

t )
is assumed to follow a structural causal process of the form

V j
t = f j

(
P(V j

t ),η
j

t

)
(1)

where f j is some arbitrary measurable function that also depends non-trivially
on all its arguments; η

j
t is the dynamical noise variable which is jointly inde-

pendent, i.e., (i ̸= j) and (t ′ ̸= t); and the set P(V j
t ) ⊂ V−t+1 =

(Vt ,Vt−1, . . .)\{V j
t } define the causal parents of V j

t . In this sense, the value
of V j

t is said to be determined by the values of the variables in P(V j
t ) and

the value of the dynamical noise η
j

t , and hence, it is claimed that the equation
has causal significance.

Moreover, it is required that V i
t−τ ∈ P(V j

t ) if and only if V i
t−τ−∆t ∈

P(V j
t−∆t) which represents the assumption of causal stationarity, where there

are no cyclic causal relationships. To ensure stationarity, an Augmented
Dickey–Fuller (ADF) unit root tests were conducted in all the variables used
in the causal discovery model. The null hypothesis provided by the test as-
sumes that the time series exhibits a unit root, which implies that it is non-
stationary. In practical terms, this means that the data have a stochastic or
random trend, and its statistical properties do not remain constant over time.9

If a variable is found to be non-stationary, a first-order difference is taken
from it, and the ADF test is applied again to ensure stationarity, where no
further differencing is needed.

The objective of the LPCMCI is to acquire knowledge about the time
series Directed Partial Ancestral Graph (DPAG) of the data-generating struc-
tural causal process. The DPAG is a graphical representation that captures
partial information regarding the causal ancestral relationships solely among
the observable variables. The structural causal relationships defined by a struc-
tural causal process can be effectively illustrated using a directed acyclic
graph (DAG) G that has one node per variable V j

t and a link V i
t−τ→V j

t if
and only if V i

t−τ→V j
t .10

In the LPCMCI model, the set of component time series V 1, . . . ,V N can
be divided into a group of observed time series X1, . . . ,XNX with NX ⩾ 1 and
a group of unobserved time series L1, . . . ,LNL with NL ⩾ 0 and N = NX +

9For more details on the ADF unit root test, refer to Dickey and Fuller (1979, 1981).
10As mentioned in the Tigramite package documentation, the acyclicity of the system is a direct

consequence of the absence of cyclic causal links, as assumed. Furthermore, the repeated tempo-
ral structure of the system can be attributed to its causal stationarity.
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NL. In order to illustrate the causal relationships of the main process using a
graph that includes only the observed variables, the LPCMCI utilizes Directed
Maximal Ancestral Graphs (DMAGs). The idea is that to a given DAG G with
a given subset of unobserved variables, it is possible to associate a unique
DMAG M (G ) over the observed variables.

The G holds causal significance as it represents causal relationships
through its directed edges. Similarly, the associated M (G ) also conveys
causal meaning. In summary, the DMAG M (G ) serves as a representation
of the causal ancestral links relative to the underlying data-generating pro-
cess. However, the existence or absence of an edge between two variables
does not have a straightforward causal interpretation. Considering that only
a finite number of time steps can be observed on a time series leads to the
choice of an observed time frame [t− τmax, t], where τmax ⩾ 0 is referred as
the maximum considered time lag. Furthermore, the recurring arrangement of
the underlying G can also be utilized to enforce a repeating structure on the
corresponding M (G ), which is subsequently extended to time steps beyond
the observed time window.

The next step is to learn time series DMAGs from observations of the
observed time series. LPCMCI accomplishes this within the constraint-based
approach to causal discovery that employs (conditional) data interdependen-
cies. However, it should be noted that this problem is under-determined since
different DMAGs can result in the exact same set of (conditional) indepen-
dencies, a concept known as Markov equivalence. Therefore, it is generally
not feasible to uniquely discover the DMAG M (G ) that accurately repre-
sents the causal ancestral relationships of the underlying data-generating pro-
cess. Instead, what can be obtained is a collection of potential time series
DMAGs M1, . . . ,Mm which includes M (G ), and forms the Markov equiva-
lence class of M (G ). Hence, only features that are shared by every member
of the Markov equivalence class of M (G ) can be learned. These common
features can, therefore, be expressed using directed partial ancestral graphs
(DPAGs).

DPAG P(G ) main idea is that all members of the Markov equivalence
class agree on adjacencies. In other words, X and Y are connected by an edge
in M (G ) if and only if they are connected by an edge in all members of
the Markov equivalence class. However, the members can have different edge
types. If X→Y is in M (G ) then there could be a member in the Markov
equivalence class of M (G ) in which X←Y or X↔Y . These ambiguities are
represented explicitly by X◦→Y and non-directed edges X◦−◦Y .

The LPCMCI model requires the Markov equivalence class together with
the faithfulness assumption, which states that there are no variables determin-
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ing which measurements are included or excluded from the data sample. Con-
ditional independencies in the observed distribution can happen by chance,
which means that faithfulness can be violated. However, as sample sizes get
bigger, the chance of violation becomes less possible (Reiser, 2022). Fun-
damentally, the correspondence between both conditions implies that con-
ditional independencies in the probability distribution are due to the causal
relationships represented by the graph (Eberhardt, 2017; Jiang and Shimizu,
2023).

Because the M (G ) causal meaning in the sense that its edges represent
causal ancestral links, the related DPAG P(G ) has causal meaning as well:
(a) X → Y says the same as in M (G ), X is a (potentially indirect) cause of
Y , and Y does not cause X ; (b) X ↔ Y says the same as in M (G ), X does
not cause Y , Y does not cause X , and X and Y are subject to unobserved
confounding, i.e., there is an unobserved variable Z that causes both X and Y ;
(c) X◦→Y means that X may or may not cause Y , and Y does not cause X ; (d)
X◦−◦Y means that X may or may not cause Y , and Y may or may not cause
X .

Hence, the DPAG P(G ) serves as a representation that captures a par-
tial knowledge of the causal ancestral relationships inside the data-generating
process. Regarding M (G ), it is important to note that the presence or absence
of an edge connecting two variables does not possess a straightforward causal
interpretation.

3.3.2 LPCMCI algorithm

As Gerhardus and Runge (2020) explain, the fundamental basis of the
LPCMCI is the FCI algorithm. The central feature of the LPCMCI is the ob-
servation that strong autocorrelations tend to reduce the effect sizes of (con-
ditional) independence tests, thereby reducing the statistical power of these
tests and, thus, degrading the algorithm’s overall statistical performance. The
aim is to alleviate this problem by conditioning the autocorrelation away
(at least partially). This is achieved by extending the standard conditioning
sets S of (conditional) independence tests with so-called default conditions
Sde f (X i

t−τ ,X
j

t ), schematically

Test whether X i
t−τ ⊥ X j

t |S −→ Test whether

X i
t−τ ⊥ X j

t |S ∪Sde f (X i
t−τ ,X

j
t ) . (2)

In order to learn causal ancestor links while still testing for additional
(conditional) dependencies, the LPCMCI makes use of a novel set of orienta-
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tion rules that extends those of the FCI method. All subsequent tests will uti-
lize the identified causal ancestors as their default conditions Sde f (X i

t−τ ,X
j

t ).
The algorithm alternates between running (conditional) independence tests
and applying the orientation rules.

3.3.3 Conditional independence tests: Gaussian Process Regression

To uncover the causal relationships between the variables, the model em-
ploys conditional independence tests. There are several different methods
used to incorporate them. The chosen approach is based on Gaussian process
regression and a distance correlation on the residuals. The Gaussian processes
model is a probabilistic supervised machine learning framework that has been
widely used for regression and classification tasks (Wang, 2020). Specifically,
Gaussian processes are mathematically equivalent to many well-known mod-
els, including Bayesian linear models, spline models, large neural networks
(under suitable conditions), and are closely related to others, such as support
vector machines (Williams and Rasmussen, 2006).

In problems where it is required to assess unknown functions that map
inputs to outputs, often the shape of the underlying function is unknown,
the function might be difficult to evaluate analytically, or other requirements
such as design costs might complicate the process of information acquisi-
tion. Gaussian process regression is a powerful, non-parametric Bayesian
approach towards this type of regression problem (Schulz et al., 2018). As
specified by Silva Filho et al. (2014), multivariate distributions are needed
to explain data with varied dispersion patterns, including asymmetry, heavy
tails, and other behaviors commonly found in financial returns. Furthermore,
standard measures of dependence, such as the Pearson correlation coefficient,
may exhibit limitations in capturing the non-linear structures of dependence
present in bivariate data, particularly when the variables involved are non-
linear (Nguyen et al., 2020). Figure 3 depicts the density plots of the data dis-
tribution combinations. In general, all plots hardly resemble a linear behavior,
confirming the necessity of a non-parametric approach. A full description of
the Gaussian process regression methodology can be found in Williams and
Rasmussen (2006), Schulz et al. (2018), and Wang (2020). In this article, only
an overview and the intuition behind the method are discussed.

As a starting point, regression analysis involves fitting a function to rep-
resent certain observed data points and using the function to predict new data
points. However, there can be an endless number of functions that fit a given
collection of observed data points. In order to perform a regression, the Gaus-
sian process defines a distribution over this infinite set of functions (Wang,

18 Brazilian Review of Finance (Online) XX(Y), 2023

http://bibliotecadigital.fgv.br/ojs/index.php/rbfin/index


Navigating the News-Finance Nexus

Figure 3
Joint and marginal densities plot

2020). To provide more context, imagine a set of Gaussian vectors11 con-
nected by random selected sample points of each vector as lines. The result
would be similar to several fraught functions, i.e., they would not be smooth
enough for regression tasks (Wang, 2020).

The smoothness can be achieved by defining covariance functions or ker-
nels, that reflect the ability to express prior knowledge of the form of the

11A Gaussian vector has PX (x) = 1√
2πσ

exp
(
− (x−µ)2

2σ2

)
as its probability density function (PDF)

where µ is the mean, σ2 is the variance, X are random variables, and x is the real argument
(Wang, 2020).
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function to be modeled (Wang, 2020). The kernel used to determine the con-
ditional independence test is the radial basis function (RBF) kernel, which
provides an expressive kernel to model smooth and stationary functions as it
has two parameters – λ , called the length-scale, and σ2

f , the signal variance –
that can be varied to increase or reduce a prior correlation between data points
and hence, the variability of the resulting function Schulz et al. (2018). In this
sense, the prior distribution represents the expected outputs of f over inputs
x without observing any data. Once there are data to work with, it is possi-
ble to eliminate the countless functions that would not fit and keep only the
ones that do. The observed data have been included in the prior, creating the
posterior. This process keeps consecutively with the current posterior as prior
and new observed data to obtain a new posterior. Finally, the mean function
calculated by the posterior distribution of possible functions is the function
used for regression predictions (Wang, 2020).

4. Results

4.1 News and financial variables effects

Before turning the analysis to the causal discovery model, three parame-
ters must be set: the τmax which indicates maximum time lag considered, i.e.,
the number of past periods used to investigate the lagged dependency; the sig-
nificance level αPC of the individual (conditional) independence tests, where
higher values tend to make the estimated graph denser; and the number of
preliminary iterations k of the LPCMCI algorithm12. The τmax was set to 5 to
encompass a full working week. Although news and financial indicators can
relate in a greater time window (Walker, 2016), the computational cost is sig-
nificantly increased as the number of time periods rises. αPC was set to 0.01
to avoid misclassifications, and k = 2 is a conservative value. As mentioned
before, all variables are stationary according to the Dickey-Fuller unit root
test, but only the sentiment variables were not stationary in level, requiring
a first-order differencing. Another point of attention is that all the variables
were standardized to the same scale with the z-score formula z= (x−µ)

σ
, where

x is the data values, µ its mean, and σ its standard deviation.
Figure 4 presents the article’s main results. The causal discovery model

was applied to each financial variable in combination with each news topic
sentiment. A complete exposition of the results can be requested from the

12As shown in the Tigramite documentation, not including preliminary iterations (k = 0) can lead
to erroneous links between the variables and their lags, which is reflected by a low effect size as
a consequence of the autocorrelation of the time series. Setting k to greater values addresses the
problem by restoring all removed edges after the preliminary phase.
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Figure 4
Causal discovery PDAG on financial indicators and news sentiment topics

(a) S&P 500 and Stock Market news sentiment (b) DXY and Currencies news sentiment

(c) Brent and Commodities news sentiment (d) Brent and Stock Market news sentiment

authors. In Figure 4 (a) a contemporaneous and a two-day lag relationship is
seen from the S&P index to the Stock Market news sentiment (Stock sent).
As highlighted in Subsection 3.3, the one-way arrow from the S&P to the
Stock sentiment indicates that the S&P is a (potentially indirect) cause of the
Stock Market news sentiment. The color of an edge or node represents the
strength of the cross- or auto-dependency, respectively (Reiser, 2022). This
result suggests that S&P’s volatility today is reflected in the news sentiment
also today and after tomorrow. Conversely, in 4 (b), the causal link is found
between the Currencies sentiment news (Currencies sent) to the DXY index
on the same day, without any lagged effect. Figure 4 (c) illustrates a rela-
tion between Brent crude oil and the Commodities news sentiment (Comm
sent). However, the link is of shape ◦→, which means two results: first, Brent
crude oil’s volatility may or may not cause Commodities news sentiments;
and second, the sentiments do not have an effect on Brent’s returns. In a simi-
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lar way, 4 (d) depicts the same interaction between the Brent crude oil and the
Stock Market news sentiment, i.e., (Brentt◦→ Stock sentt ) and (Brentt−1◦→
Stock sentt ). There is, though, in this setting, a current causal link between
the Stock Market news sentiment to the Dow Jones Industrial Average (DJIA)
index, and a DJIAt−2→ Stock sentt .

4.2 Secondary effects

Figure 5 shows the indirect effects of the interactions between the vari-
ables. In order to differentiate from the main results and to facilitate the view,
they are depicted in a different type of graph where the lag interactions are de-
fined by a number in the middle of the arrows, which indicates the lag order.
Figure 5 (a) and (b) present the LPCMCI structure used to model the variable
S&P 500 index. In (a), it is possible to note an interaction between VIX and
DJIA with a day lag by a two-head arrow. This arrow type suggests that any
of the variables cause each other directly. Instead, however, it means that an
unobserved third variable is causing both. The same occurs in Figure 5 (b)
with VIX. Figures 5 (c) and (d) are constructed following the DXY and Brent
structures, respectively. In (c), there is the same indication of a confounding
variable affecting Stock news sentiment and VIX. In turn, there is a poten-
tially indirect effect of Stock Market news sentiment towards DJIA, in level
and as well with one lag. In (d), there is probably an indirect effect of VIC on
Currencies news sentiment.

4.3 Robustness checks

Probably the most naive approach to infer a relationship between senti-
ments and financial variables would be a correlation analysis. Figure 6 dis-
plays a correlation plot with all variables of interest and each financial news
category. Starting on the first row and excluding the non-significant results at
ρ < 0.05, it is possible to note a correlation of 0.2 between the Commodities
news sentiment and the Brent crude oil variable. Although it is a small value,
it shows that the variables were connected during the analysis period. The
other statistically significant correlation among the financial variables is with
the S&P 500 index, showing a small degree of correlation. The sentiments
from the Stock Market news are linked with the S&P indicator with a level of
0.33, the highest registered among the variables; and with Brent. As pointed
out previously, the lack of the methodological criterion used in financial news
segmentation inhibits a deeper analysis. However, Economy and Economic
Indicators news topics seem to be similar, showing no statistically significant
correlation with the financial variables. Finally, the Currency news sentiment
is only related to the DXY.
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Figure 5
Causal discovery PDAG on financial indicators and news sentiment topics –

secondary results

(a) S&P 500 setting and Commodities news senti-
ment agreed

(b) S&P 500 setting and Currencies news sentiment
agreed

(c) DXY setting and Stock Market news sentiment
agreed

(d) Brent setting and Currencies news sentiment
agreed

As a measure of robustness, a second metric for the sentiment score was
used. As explained in Section 3.1, the first one utilized the modal sentiment
between the three, so, for example, if the news title reports a positive senti-
ment, the summary a negative or neutral one, and the text a positive sentiment,
the overall sentiment on that specific news is positive. If they all disagree, then
the sentiment is neutral. The second metric is more restrictive. Only the sen-
timents where all results were the same were used. As the sentiment model
could not be evaluated against a sample with sentiments attributed by finan-
cial specialists, for example, this restricted dataset aims to be more reliable
than the original one. On the downside, however, fewer observations are com-
puted on the intraday basis. Nonetheless, it is important to note that, although
the daily sentiment dataset becomes smaller, the number of observations on
the merged dataset with the financial indices is the same. This occurs because

Brazilian Review of Finance (Online) XX(Y), 2023 23

http://bibliotecadigital.fgv.br/ojs/index.php/rbfin/index


Santos et al., 2024

Figure 6
Correlation plot

the number of news per day decreases, but all days have at least one esti-
mated sentiment where all the inputs return the same result. In this setting,
the average number of news per day is 38.9.

Figure 7 shows the most prominent results. The term “agreed” is used
to highlight the difference between both datasets. Analyzing the relationship
between the S&P 500 index and the Stock Market news sentiment in Figure 7
(a), it is possible to note a difference from the previous result. Only a current
effect of the S&P index is found towards the sentiment variable and with
a left-circled arrow (◦→). This decreases the confidence level of the effect
since it could or could not have a causal relationship between the variables.
In Figure 7 (b) and (c) the same causal relationship between the variables is
noted, i.e., Currencies news sentimentt →DXYt , and Brentt◦→ Commodities
news sentimentt and Brentt−1◦→ Commodities news sentimentt , respectively.
Figure 7 (d) shows the opposite effect between the variables, i.e., the Stock
sentiment affects Brent crude oil returns with a straight arrow. The last graph
in Figure 7 (e) provides a result not found in the complete dataset. A relation
of three lags is seen from the Economy news sentiment towards Brent crude
oil, represented by the left circled arrow, which means that there can or cannot
exist a causal effect between the variables.

Following a considerably popular approach in the literature (e.g., Hiem-
stra and Jones, 1994; Wilms et al., 2016; Baum et al., 2021), the Granger
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Figure 7
Causal discovery PDAG on financial indicators and news sentiment topics

agreed

(a) S&P 500 and Stock Market news sentiment agreed (b) DXY and Currencies news sentiment agreed

(c) Brent and Commodities news sentiment agreed (d) Brent and Stock Market news sentiment agreed

(e) Brent and Economy news sentiment agreed

Causality test13 was performed in the variables in order to compare the re-

13The Granger Causality test (Granger, 1969) posits that if variable A exhibits Granger causality
on variable B, then the historical values of A should contribute to the prediction of future values
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sults. The test does not consider contemporaneous effects, i.e., at lag 0. How-
ever, the correlation plot in Figure 6 gives an idea of the current relationship
between the variables. Table A3 highlights only the statistically significant
results. It is worth noting that several lag interactions between the variables
are captured in the test, including the ones in bold that are also depicted in the
LPCMCI model.

5. Discussion

The main objective of this work was to systematically investigate the intri-
cate relationship between different financial news topics and relevant financial
indicators, specifically focusing on the S&P 500 index, dollar index (DXY),
and Brent crude oil. The results suggest a complex relationship between the
financial variables and the financial news sentiments. For instance, the S&P
500 index, which presents a level of correlation with the Stock Market news,
can be seen as a source of information for the Stock Market news content.
This kind of relationship is not exclusive to these variables. Brent crude oil
and Commodities news also appeared to have a similar behavior.

In the opposite direction, Currencies news sentiment is impacting DXY
volatility. These results suggest an ambiguous effect between news and finan-
cial variables, as pointed out by Walker (2016). Nonetheless, this behavior is
not extended to all sentiment topics. Economy and Economic indicators did
not show any correlation with the financial variables. Thus, it seems that the
news sentiment is indeed more relevant depending on the financial sector.

Another point of interest is the lag dependency observed in the financial
variables towards the news sentiments. In the case of Brent leading to Com-
modities news sentiment variations, the observed lag was one day, which is to
be expected, since the news sentiments for the subsequent day start at the end
of the trading time, i.e., after the market’s operational period, one can expect
to see news regarding the market performance. In the case of S&P 500 returns
toward Stock Market news sentiments, the observed lag is two days. It is pos-
sible that as the S&P index comprises a large number of companies, process-
ing and interpreting the impact of S&P 500 returns on the overall stock market
may take more time. It could require a period of data analysis, research, and
evaluation before a news sentiment is expressed and disseminated. The lag
may also result from cumulative effects, where market movements may need

of B, surpassing the predictive capability only based on previous values of B. It is important
to acknowledge, however, that the test only considers linear relationships and that this does not
show causation in a deterministic manner. Instead, it presents statistical data that support a cause-
and-effect connection, indicating that alterations in one variable are linked to later alterations in
another.
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to accumulate over a short period before they are deemed significant enough
to influence sentiment substantially. This behavior might not be seen in the
case of Brent as it is a more targeted market.

Regarding the impacts on sentiments felt on the same operational day,
one may argue that during trading hours, market volatility can be heightened.
Sudden price swings and significant events can elicit immediate media re-
sponses, which are translated as news sentiments. In this case, the opposite
also holds since high-frequency traders and algorithmic trading systems of-
ten operate in real-time, making quick decisions based on breaking news as it
unfolds (Boubaker et al., 2021).

Depending on the configuration of the model employed to assess the re-
lationship between the variables, news sentiment variables showed a connec-
tion with VIX and DJIA. In general, this connection is due to a third non-
observable variable identified by the LPCMCI model. External events, such
as global economic crises, geopolitical tensions, or unexpected economic re-
leases, can impact both news sentiment and financial market behavior. Such
exogenous events can trigger changes in news reporting and simultaneously
affect market volatility. Additionally, news sentiments often reflect market
expectations and reactions to anticipated events. A non-observable third vari-
able might capture the underlying market sentiment, including investor ex-
pectations, uncertainty, and a risk appetite, which in turn influences both news
content and market indicators like VIX and DJIA. Finally, behavioral finance
principles, such as herding behavior, could explain the simultaneous changes
in both news sentiment and financial variables. Investors may react to mar-
ket fluctuations in a manner that influences news sentiment, and vice versa,
restating the variables’ mutual effect.

The robustness tests accredited the results found in the main analysis. The
correlation and Granger causality tests showed that, indeed, there is a connec-
tion between the financial variables and the news sentiments. It is important
to note, however, that the methodology employed by those tests does not con-
sider non-linearity and other complexities intrinsic to financial variables. The
analysis with the dataset where only the agreed sentiments between the three
inputs (news headline, corpus, and summary) of the sentiment model were
used returned similar results, with the exception of the relationship between
Brent and Stock news sentiments. On the “agreed” dataset, the relation is
uni-directed from the Stock news sentiment towards Brent returns. As the
first results do not possess a high confidence level given by the circled ar-
row, it probably captured an incorrect connection, which was corrected on
the restricted dataset. Furthermore, the model also captured a three-day lag
from the Economy news sentiment toward Brent. Economy news probably
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encompasses macroeconomic signs, which tend to be well anticipated by the
market (Ehrmann and Fratzscher, 2005). If the actual data align with these
expectations, it may not lead to an immediate market response. However, it is
important to note that the length of the Economy news sentiment period starts
only on April 30, 2018, which is considerably shorter when compared with
the other topics.

On the subject of methodology, the LPCMCI model is considerably inno-
vative in analysing sentiments and financial variables. Besides its capability
of causal discovering considering lag dependencies and structural form, the
independence tests based on Gaussian process regressions provide a flexible
approach to capture complex relationships between the variables by its non-
parametric specification. In this manner, it is expected to effectively model all
characteristics present in the data. Moreover, the news sentiment data high-
light the benefits of combining NLP and LLM with the financial and eco-
nomic literature.

6. Conclusion

This work addressed the relationship between the financial news senti-
ment and financial indicators. A news sentiment database was constructed
through the extraction of financial news from different topics from the invest-
ing.com web portal. The news was then submitted to the FinBERT model to
draw out its respective sentiments. The news dataset was merged with finan-
cial indicators, namely the S&P 500 index, the dollar index (DXY), and Brent
crude oil, as they represent a diverse range of sectors within the United States
economy. Then, the LPCMCI model was implemented to perform causal dis-
covery on the variables of interest.

The main results showed that there is a bi-directed effect between news
sentiments and financial variables, as pointed out by Walker (2016). In this
sense, the S&P 500 index can be seen as a source of information for Stock
Market news content. In the case of the news sentiment on the Commodi-
ties subject, a direct contemporaneous and lagged effect is observed towards
Brent returns. However, in the opposite direction, news sentiments regarding
the Currencies subject appear as a driver of DXY returns. It was also noted
that different topics interact in different ways with each financial indicator.
In this sense, news related to the Stock Market, Commodities, and Curren-
cies are more linked to the S&P 500, Brent crude oil, and DXY, respectively.
Moreover, the results were accredited by popular statistical tests in the litera-
ture.

It is important to acknowledge some limitations. For instance, the causal
relationship considered in this work is mainly statistical and does not encom-
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pass an economic causal relation. Furthermore, the methodological approach
used by investing.com on their news topic segmentation was not available,
which is a piece of relevant information. Finally, the LPCMCI model requires
assumptions such as the absence of variable selection bias. Although robust-
ness tests aimed to mitigate this problem, it cannot be completely ignored.

This work contributes significantly to the fields of financial and economic
research as well as to the existing literature in computer science, given the
close relationship between the methods used, such as NLP, LLM, and ma-
chine learning techniques, and the field of computer sciences. First, it eluci-
dates the intricate connection between the financial news sentiment and sig-
nificant financial indicators, covering many sectors of the US economy (in-
cluding the stock market, commodities market, and foreign currency market).
Second, the research makes use of cutting-edge methods, including the La-
tent PCMCI model and Gaussian process regression, in addition to sentiment
analysis. These methodological contributions increase the toolkit available to
researchers and provide a precedent for future inquiries in this field. Finally,
this work evaluates the outcomes in light of conventional statistical proce-
dures, including correlation and Granger causality tests. Future works may
quantify the size of the causal effect found among the sentiment and financial
variables.
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A. Additional tables

This appendix has some additional tables with information about the num-
ber of articles segmented by topic, Table A1, and type of sentiment, Table A2.
Moreover, there is also the Table A3 with the results of the Granger test, as
discussed in Section 4.3.

Table A1
Issue per year

Year Commodities Currencies Economic Indicators Economy Stock Markets

2015 1621 1612 696 0 4818
2016 3576 2762 1955 0 11369
2017 3578 3025 2308 0 14128
2018 3609 2122 2088 5678 17674
2019 3739 1916 2464 8404 17983
2020 3751 2126 2622 8269 17420
2021 3407 906 2126 8997 23469
2022 4186 903 2760 13720 28607
2023 565 146 544 2321 5169

Total 28032 15518 17563 47389 140637

Table A2
Sentiment per year

Year Negative Neutral Positive

2015 5908 974 1865
2016 12311 2960 4391
2017 12953 4452 5634
2018 18011 6552 6608
2019 19847 7916 6743
2020 19673 7537 6978
2021 17600 10169 11136
2022 27090 10747 12339
2023 4646 1818 2281

Total 138039 53125 57975
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Table A3
Granger test results

Direction Lag P-Value

S&P 500 index → Stock sentiment 2 *** 1.54e-11
S&P 500 index → Stock sentiment 3 *** 1.59e-18
S&P 500 index → Stock sentiment 4 *** 8.99e-23
S&P 500 index → Stock sentiment 5 *** 2.86e-20
DXY → Currencies sentiment 2 ** 0.0133
DXY → Stock sentiment 3 ** 0.0202
DXY → Currencies sentiment 3 * 0.0544
DXY → Stock sentiment 4 * 0.083
DXY → Commodities sentiment 5 * 0.0824
DXY → Stock sentiment 5 ** 0.0407
Brent crude oil → Commodities sentiment 1 *** 0.000283
Brent crude oil → Stock sentiment 1 *** 0.000173
Brent crude oil → Commodities sentiment 2 *** 0.000353
Brent crude oil → Stock sentiment 2 *** 2.78e-05
Brent crude oil → Commodities sentiment 3 *** 0.00277
Brent crude oil → Stock sentiment 3 *** 0.00302
Brent crude oil → Commodities sentiment 4 ** 0.0421
Brent crude oil → Stock sentiment 4 *** 0.00235
Brent crude oil → Stock sentiment 5 ** 0.0289
Stock sentiment → DXY 1 ** 0.0339
Stock sentiment → Brent crude oil 2 * 0.0944
Commodities sentiment → Brent crude oil 2 *** 0.00362
Commodities sentiment → Brent crude oil 3 ** 0.0127
Commodities sentiment → Brent crude oil 4 ** 0.0243
Commodities sentiment → Brent crude oil 5 *** 0.00977
Economic indicators sentiment → Brent crude oil 1 * 0.0978
Economy sentiment → Brent crude oil 2 *** 0.00714
Economy sentiment → Brent crude oil 3 ** 0.0266
Economy sentiment → Brent crude oil 4 ** 0.033
Economy sentiment → Brent crude oil 5 ** 0.0365

Notes: The lags are in day units. Significance levels < 0.01 ***, < 0.05 **, < 0.1 *. Results
in bold indicate the same results found in the LPCMCI model.
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