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Abstract

Our study aims to investigate the interdependence between international stock markets and
sentiments from financial news in stock forecasting. We adopt the Temporal Fusion Trans-
formers (TFT) to incorporate intra and inter-market correlations and the interaction between
the information flow, i.e. causality, of financial news sentiment and the dynamics of the
stock market. The current study distinguishes itself from existing research by adopting
Dynamic Transfer Entropy (DTE) to establish an accurate information flow propagation
between stock and sentiments. DTE has the advantage of providing time series that mine
information flow propagation paths between certain parts of the time series, highlighting
marginal events such as spikes or sudden jumps, which are crucial in financial time series.
The proposed methodological approach involves the following elements: a FinBERT-based
textual analysis of financial news articles to extract sentiment time series, the use of the
Transfer Entropy and corresponding heat maps to analyze the net information flows, the cal-
culation of the DTE time series, which are considered as co-occurring covariates of stock
Price, and TFT-based stock forecasting. The Dow Jones Industrial Average index of 13
countries, along with daily financial news data obtained through the New York Times API,
are used to demonstrate the validity and superiority of the proposed DTE-based causality
method along with TFT for accurate stock Price and Return forecasting compared to state-
of-the-art time series forecasting methods.

1 Introduction

The stock market plays an important role in a country’s economic and social organization.
The International stock market indexes quote for several countries, including the stock daily
open, high, low, close price, and volume among others. Stock Prices are essentially discrete-
time series collected at regular intervals. Stock movement forecasting is a highly challenging
task, as both micro and macroeconomic attributes and characteristics influence stock move-
ment and political events and news [1]. The factors influencing stock market movements can
be classified into endogenous and exogenous factors. Endogenous factors pertain to elements
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within the economic system, while exogenous factors originate from outside the economic sys-
tem [2]. These factors contribute to the stock time series’ non-linearity, dynamic, and chaotic
nature.

The past decades have witnessed a growing interest in stock movement prediction. Various
statistical techniques available for time series regression analysis have been used, including
multivariate adaptive regression splines (MARS) [3], autoregressive moving average (ARMA)
[4], and Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) [5]. In addi-
tion, academia has also used Neural Networks [6] to predict future stock prices through the
historical time series price. Recent strides in deep learning algorithms have emerged as a focal
point for researchers, offering promising avenues in stock movement prediction; see [7, 8] for
surveys.

In recent deep learning literature, Transformers have been used to learn the correlations
between endogenous and exogenous information to improve stock prediction. E.g. [9] utilized
information from other stocks as auxiliary data and applied Transformer with Multi-Level
contexts to enhance prediction performance. The work in [10] combined textual news and
stock Price data from other stocks and used Transformer architecture [11] to summarize the
significance of historical information in financial documents and stock Prices. They also used
Transfer Entropy to detect causal relationships between stocks, which are then used as an
attention mechanism to guide prediction.

In this paper, we follow the above trends to combine stock Prices along with financial news
sentiments and the causal relationship between them and adopt the Temporal Fusion Trans-
formers (TFT) [12], for stock Price and Return prediction.

Several recent papers have evlaluated the performance of TFT in economic forecasting. The
authors of [13] considered that the fluctuations of one company’s stock Price probably affect
companies that are in the same supply chain and suggested using TFT for training with other
companies’ stock data to increase the accuracy of predicting a particular stock. TFT achieved
the lowest errors compared to LSTM. More recently, the authors of [14] adopted TFT to pre-
dict the Chinese macroeconomic system’s performance, including macroeconomy, industries,
services, and 70 subsectors indicators. For each indicator, they applied TFT, with as explana-
tory variables (observed inputs) the gross final product (GFP), productive investment, net
exports, and intermediate goods, and as known inputs, they used the month of the time point
to be forecast and the corresponding order of the last week within the month. Their experi-
ments also used static covariates, which included the industry attribute of each forecast indica-
tor. The authors compared TFT to LSTM and reached the same conclusions as in [13]. For
analyzing Gross domestic product (GDP), Laborda and his colleagues [15] utilized TFT for the
joint GDP forecasting of 25 OECD countries at different time horizons. They also evaluated
the relative importance of the explanatory variables. They found that, among others, the CRB
Raw Industrial Spot Index and the World Trade Indicator are good predictors of the OECD
indicator.

In this work, we consider the causality between stocks and sentiments. However, different
from the previous works using the correlation between news text and financial time series and
Transfer Entropy from one stock to another as in [10], in our approach, we make use of Yao’s
[16] Dynamic Transfer Entropy (DTE) to obtain a set of time series that reveals the transmis-
sion path of information among financial news sentiments and stock Price fluctuations to
trace the specific time of causal changes between financial stocks and sentiments. The Dow
Jones Industrial Average (DJIA) index of 13 countries and daily financial news data obtained
through the New York Times (NYT) API demonstrate the proposed DTE-based’s validity and
superiority. For accurate stock Price and Return forecasting, we adopt TFT to capture the
complex temporal correlations between stock covariates and the multivariate correlations
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among causal changes between different time series. We compared TFT to the most recent
state-of-the-art forecasting models that accept as inputs multivariate time series and showed
outstanding performance on several forecasting tasks with varied architecture and modelling
techniques, such that we cover various models for a comprehensive assessment.

2 Related works

Stock forecasting encompasses a wide range of themes, including stock prediction models, sen-
timent analysis in finance, causal detection, and the study of information flow. Given the vast-
ness of this literature, conducting a comprehensive review of all previous methods is beyond
the scope of this paper. Instead, we focus on presenting the most relevant and closely related
works that align with our proposed approach.

We first introduce the studies of information flow analysis between financial markets and
financial markets and sentiment, summarising the use of Granger Causality [17], and Shannon
Transfer Entropy [18] in this context. We then provide recent research on stock movement
prediction. As summarized in Table 1, we categorize stock movement prediction methods into
a) those based on individual historical stock, b) those using historical stock and additional tex-
tual information, and c¢) methods combining historical stock movement from different coun-
tries/companies and d) methods combining historical stock movements and additional
information such as news articles.

Causality between financial markets and sentiments

It is generally acknowledged that news events can substantially impact the short-term direction
of stock Prices. Granger Causality [17], and Shannon Transfer Entropy [18] have been widely
used in the finance field for causal analysis to quantify the extent of information transmission
between markets and market and news sentiments time series. In the following, we review
some of these works.

In [27], the authors used Shannon Transfer Entropy to quantify information flows between
financial markets. They examined the importance of the credit default swap market relative to
the corporate bond market for credit risk pricing. The work in [28] investigated the relations
between Twitter and financial markets. Granger Causality analysis of the sentiment tweets
with various stock Returns has shown that for many companies, there is a statistically signifi-
cant causality between stock and the sentiments driven by tweets. The study in [29] used news
articles from the Common Crawl News to measure the impact of the news sentiment on stocks
in the S&P 500 index. Using a dataset from 3 January 2018 to 27 February 2020, they computed
the Shannon Transfer Entropy between hourly Sentiment Score differences and hourly price
returns for each company. They found evidence of statistically significant transfer of informa-
tion on the intra-day level over the analysis period. The authors of [30] analysed the intensity
with which negative and positive news affects stock Prices. Using Shannon Transfer Entropy,
they compared the social sentiment movements with individual companies’ daily closing stock
Prices. They confirmed that negative news affects stock Prices more than positive news. In

Table 1. Categories of stock forecasting models.

Category References
Individual Stock Prediction [19-21]
Stock Prediction Incorporating Text Information [22, 23]
Stock Prediction Incorporating News Sentiment [24-26]
Correlated Stock Prediction with Text Information [9, 10]

https://doi.org/10.1371/journal.pone.0302197.t001
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[31], the authors studied information flow between the news sentiment and stock Price,
emphasising the impact of news during the COVID-19 pandemic on the pharmaceutical sec-
tor. They applied Granger Causality, Shannon Transfer Entropy, and Rényi’s Transfer Entropy
[32]. Their results suggest that the non-parametric Shannon and Rényi’s entropy approaches
provide a superior tool for examining nonlinear causality, supplanting the Granger test, which
is constrained to Gaussian time series with linear causation. They demonstrated that the infor-
mation flows more strongly from sentiment to price, indicating that changes in sentiment
have a notable influence on stock Prices.

Transfer entropy analysis has also been used for crypto markets. Keskin and Aste [33]
investigated the effect of changes in social media sentiment on cryptocurrency returns. They
considered Granger causality as well as Shannon Transfer Entropy. For the former, they calcu-
lated linear Transfer Entropy using ordinary least-squares regression, and for the latter, they
used the multidimensional histogram approach for the density estimation [34]. They made use
of the Effective Transfer Entropy (ETE) [35] to detect significant information transfer, with
greater net information transfer from sentiment to price for ripple (XRP) and litecoin (LTC),
and from price to sentiment for bitcoin (BTC) and ethereum (ETH).

In [16], Yao extended the use of ETE by proposing the Dynamic Transfer Entropy to esti-
mate ETE with a sliding window methodology, the ETE at each time point is obtained via for-
ward scrolling. Yao’s Dynamic Transfer Entropy (DTE) has been adopted in [36] to
investigate the strength and direction of information flow among Economic Policy Uncer-
tainty (EPU), investor sentiment, and the stock market. Their findings confirmed that Yao’s
proposed method analysed better the lead-lag effect [37] between sentiment and stock Prices.
Their results indicated that (a) EPU influenced investor sentiment, (b) the impact of sentiment
on returns is non-significant, while the fluctuation in stock Price returns has a significant
impact on investor sentiment, and (c) there is no direct information flow from EPU to the
stock market.

Individual stock prediction

Most individual stock movement prediction models are based on short-term memory units
(LSTM). The authors of [19] compared LSTM and a 1-D CNN model to predict the stock clos-
ing price for 25 companies enlisted at the Bucharest Stock Exchange. The prediction in this
study targeted the close price at time ¢ + 1, taking into account its values from day t-N, where
N is a given number of days back (window length). For their experiments, they set N = 30, the
rolling window equal to 1 day, and the prediction length also to 1 day. The parameters of the
LSTM were chosen manually, 3 LSTM layers, with 50 units in each layer and a dropout of 0.2.
Adpversarial training of an Attentive LSTM model has been proposed in [20]. The Attentive
LSTM [38] introduced a temporal attention mechanism to select relevant encoder hidden
states across all time steps. The authors argued that adversarial training accounts for the sto-
chastic property of the stock market to learn the stock movement prediction model. To imple-
ment the adversarial training, they added perturbations on the last layer of the attentive LSTM,
which is directly projected to the final prediction. The authors of [21] proposed a framework,
denoted as CLSR, for stock movement prediction. CLRS consists of four main components:
Historical Status, Hybrid Encoding Network, Contrastive Learning [39], and Supervised
Learning. The Historical Status uses the Attentive LSTM presented above to capture the trend
features of the stock Price series via the LSTM, and the attention mechanism weights the fea-
tures at different moments. The Hybrid Coding Network has been designed to extract from
the stock data via self-attention mechanism [40] global information and local information via
Temporal Convolutional Networks [41]. For Contrastive Learning, they applied stochastic
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data augmentation to generate different views for intra-day information. They applied the
model on 500 CSI-500 component stocks in the China A-share market from December 1,
2015, to December 1, 2019. The datasets consist of the opening price, high price, low price,
closing price, and volume, which have been normalized. They demonstrated the effectiveness
of the CLRS framework in terms of stock representations and stock movement prediction
compared to the LSTM model of [20].

Stock prediction incorporating text information

Some researchers have incorporated news articles and social media posts in their prediction
models. As an example of this category of methods, we refer to the work of [22], who intro-
duced StockNet, a deep generative model for stock movement prediction. StockNet comprises
three primary components following a bottom-up fashion: (1) a Market Information Encoder
(MIE) consisting of a forward GRU and a backward GRU that encodes tweets embeddings
and stock Prices to temporal inputs; (2) a Variational Movement Decoder (VMD) that infers
latent driven factor and decodes stock movements from the inputs. In their implementation,
VMD adopts an RNN with a GRU cell to extract features and decode stock signals recurrently;
and (3) an Attentive Temporal Auxiliary (ATA) that integrates temporal loss through an atten-
tion mechanism for model training. With the same purpose of exploiting text data, the authors
of [23] proposed the Multi-head Attention Fusion Network (MAFN) for stock Price predic-
tion. MAFN follows an encoder-decoder framework. The MAFN’s encoder consists of three
layers: an Embedding Layer, a Multi-head Attentive Fusion Layer, and a Sequential Encoding
Layer. The Embedding Layer embeds the texts for a given stock on a day. The Multi-head
Attentive Fusion Layer projects the text embeddings into different semantic subspaces, each
associated with a particular latent aspect-level representation. Using the attention mechanism,
it then fuses multiple aspect-level representations for all the texts. Finally, the Sequential
Encoding Layer feeds a sequence of the encoded text representations into an LSTM to obtain
the corresponding hidden states. The MAFN’s decoder consists of three layers: Attentive Read-
ing Layer, Sequential Decoding Layer, and Attentive Prediction Layer. The Attentive Reading
Layer aggregates the hidden states from the encoder using the traditional attention mechanism
for each decoding step. The Sequential Decoding Layer is an LSTM that takes the context vec-
tors and stock price as input to extract features sequentially. Finally, the Attentive Prediction
Layer, which focuses on temporal attention to discriminate the importance of temporal fea-
tures, provides the final prediction of the stock closing price.

Stock prediction incorporating news sentiment

Methods in this category adopt a two-step approach. The first step is dedicated to extracting
sentiment from financial texts or tweets. The second step uses the extracted Sentiment Score
with stock information for stock movement prediction. The work of [24] considered news arti-
cles and the Taiwan PTT forum discussions collected from the Internet by crawler, and daily
transaction information of individual stocks from the Taiwan Stock Exchange Corporation,
which includes opening price, closing price, highest price, lowest price, and transaction vol-
ume. They used a BERT [42] model for sentiment analysis to determine the polarity of an
input sentence. For a given stock and date, they estimate the probability of positive/negative
articles or posts, defined as the ratio of the number of positive articles over the total number of
articles of that date. Then, they combine, from the past 20 days, the four-dimensional data of
sentiments from news articles and forum posts (2x positive and negative probabilities) with
the Min-Max Normalized five stock information. The obtained multivariate time series
(9-dimentional) is used as input for an LSTM prediction model to forecast the stock Prices for
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individual stocks. The authors concluded that the sentiments implicit in news and forums play
an important role in the stock market, affecting the changes in stock Prices. A comparative
study conducted by [25] explored the use of BERT [42] and FIinBERT [43], a specialized lan-
guage model based on BERT for sentiment analysis on financial texts. The authors focused
their study on AMAZON stock for 5 months. For the purpose of stock prediction, they evalu-
ated three models: (1) a single-layer LSTM model using solely historical stock Prices, (2) a sin-
gle-layer LSTM model using multivariate inputs, including Sentiment Scores extracted using
BERT and historical stock Prices, and (3) a single-layer LSTM model using multivariate inputs,
incorporating Sentiment Scores extracted using FinBERT and historical stock Prices. The
authors concluded that Sentiment Scores extracted using FinBERT outperformed those
obtained using BERT for stock prediction. In [26], the authors proposed an LSTM-based
Weighted and Categorized News Stock prediction model (WCN-LSTM), incorporating news
categories with their learned weights to predict stock trends. Their model combines 4 LSTM
models, one for the Stock close price, volume, and technical indicators, one for Market-related
news Sentiment Scores, one for Sector-related news Sentiment Scores, and one for Stock-
related news Sentiment Scores; the outputs of the LSTM are concatenated and passed to a
dense layer with a sigmoid activation to predict stock trends. For the sentiment analysis, they
used sentiment lexicons and compared general sentiment lexicons such as VADER [44] and
Harvard IV (HIV4) (https://inquirer.sites.fas.harvard.edu/homecat.htm), and Loughran-
McDonald financial sentiment dictionary (LMD) [45] to estimate Sentiment Scores.

Correlated stock prediction with text information

The last category of stock prediction methods combines historical stock movements from dif-
ferent countries/companies and text information from news articles. An attention-based
model that exploits the correlations between stocks denoted as the Data-axis Transformer with
Multi-Level contexts (DTML), has been proposed in [9]. DTML consists of three main mod-
ules: (1) An Attentive context generation module that captures the temporal correlations
within the historical prices of each stock via attention LSTM that utilizes multivariate features
of each day. Thus, they extract stock contexts from multivariate features by temporal attention.
(2) A Multi-level context aggregation module to generate multi-level context vectors by com-
bining local contexts generated from individual stocks and a global market context generated
from historical index data. The combination is made using the dot product between local and
global context vectors; as a result, the global movement is incorporated in the individual con-
texts, affecting the inter-stock correlations. (3) A Data-axis self-attention module to learn the
dynamic stock correlations using a transformer encoder to correlate the generated multi-level
contexts by attention scores. The obtained attention maps are incorporated in the final predic-
tions as correlations that change dynamically over time. The authors demonstrated that
DTML achieved state-of-the-art accuracy on six datasets for stock movement prediction.
Considering the causality between stocks combined with financial text, Luo et al. [10] pro-
posed the Causality-guided Multi-memory Interaction Network (CMIN). CMIN consists of
three modules. The first module is the Feature Embedding module, which includes two encod-
ers, one for embedding the textual information and another for embedding the price time
series. Additionally, a global causality matrix has been introduced to capture the asymmetric
correlations to guide the calculation of attention weights in the second module. The causality
matrix is the Transfer Entropy matrix generated for each monitoring window by calculating
the Shannon Transfer Entropy [32] between all stocks using their historical closing prices. The
second module, denoted Multi-Memory Networks, consists of (i) a Text Memory Network
composed of a multi-head attention layer followed by a GRU cell unit that updates the current
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hidden state into the next hidden state and outputs it to the next layer as the new continuous
representation, and (ii) a Stock Correlation Memory Network employed to dynamically iden-
tify stock relationships and update the continuous representation of stock correlations. The
last module, the Multi-Directional Interaction module, allows textual and causality informa-
tion to reinforce each other for better prediction performance. The authors compared CMIN
against 4 state-of-art models for binary classification, namely, the Attentive LSTM model of
[38], the adversarial Attentive LSTM (Adv-LSTM) model of [20], the StockNet of [22], and the
DTML of [9].

Contributions

The above works demonstrated the benefits of using transformers and/or causality matrices to
correlate stocks from different countries and transformers to capture the influence of temporal
stock movements and textual information. In this work, we follow the same research trends
for stock Price and Return forecasting and propose a methodology that combines stocks from
different countries and financial news sentiments. We use Yao’s [16] Dynamic Transfer
Entropy to obtain a set of time series that reveals the transmission path of information among
financial news sentiments and stock Price fluctuations and trace the specific period of causal
changes between financial stocks and sentiments, which are used as covariates for stock pre-
diction using the TFT [12].

We adopted TFT as it considers various input variables and has shown outstanding perfor-
mance on several forecasting tasks. The TFT introduces several novel architectures useful to
our stock forecasting problem: (i) It encodes and selects valuable information from various
heterogeneous covariates for forecasting. It considers a variable selection mechanism for each
type of input. These mechanisms learn to weigh the importance of each input feature, such
that the subsequent LSTM Sequence-to-Sequence layer will take as input the re-weighted sums
of transformed continuous features inputs for each time step. (ii) It captures temporal depen-
dencies at different time scales by combining the LSTM Sequence-to-Sequence to capture the
short-term temporal dependence and a self-attention mechanism to capture the long-term
time correlation in stock time series. Finally, (iii) TFT builds an explicit interpretation ability,
which follows the trend of Explainable Artificial Intelligence (XAI) [46], it preserves interpret-
ability by incorporating global, temporal dependency and events.

3 Stock market forecasting

A five-stage approach, as illustrated in Fig 1, is employed for this study. The initial stage entails
data acquisition, gathering news articles and stock Prices for various countries (section 3.1:
Datasets extraction). The collected financial news then undergoes the sentiment analysis mod-
ule (section 3.2: Sentiment analysis). The subsequent step involves applying non-parametric
Transfer Entropy for causal analysis to quantitatively assess the relationship and trace the
information flow between stock Prices and news sentiment (section 3.3: Casual analysis).
Then, we apply the Dynamic Transfer Entropy based on a sliding window analysis proposed
by Yao [16] to obtain a time series that reveals the transmission path of information among
financial news sentiments and stock Price fluctuations and trace the specific period of causal
changes between financial stocks and sentiments (section 3.3.1: Dynamic transfer entropy).
The obtained time series are considered as co-occurring covariates, which are used along with
the stock Price and Return as inputs to the TFT [12] for stock Price and Return forecasting
(section 3.4: Computational method for stock movement forecasting). In the following, we
detail each of the stages.
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Dataset Extraction

Extraction of News data
through the NYT API

)

Sentiment Analysis

.
i Extraction of Stock data
L from DIJIA international index

Financial News Sentiment
Analysis via CD-FinBERT

|

Sentiment Index

Stock Prediction

Information Flow Analysis

== Temporal Fusion Transformer

Non-Parametric
Transfer Entropy

Dynamic Transfer Entropy

Fig 1. Schematic representation of our methodology. It consists of five stages: 1) Financial and News Dataset Extraction, 2) News Sentiment Analysis,
3) Transfer Entropy-based causal analysis to quantify causal inference between stock price/return and financial news sentiments, 4) Dynamic Transfer
Entropy (DTE) to obtain time series that reveals the transmission path of information among financial news sentiments and stock price/return, and 5)
Stock price/return prediction using as inputs time series of financial price/return and DTE.

https://doi.org/10.1371/journal.pone.0302197.g001

3.1 Datasets extraction

The datasets utilized in our study comprise two main components: (i) financial data from the
Dow Jones Industrial Average (DJIA) international index and (ii) text data sourced from the
New York Times (NYT) financial news articles covering the period from March 02, 2020, to
October 31, 2021, providing us with a comprehensive timeline, of 609 days, for our analysis.
Financial data. The DJIA international index holds significant importance as a financial

index used to assess the economic status of a nation. Our selection encompasses 13 prominent
indexes: Australia, Belgium, Canada, China, Denmark, Germany, Indonesia, Italy, Malaysia,
Norway, Singapore, and South Korea. The choice of these countries is based on two consider-
ations. Firstly, we prioritize nations with substantial financial magnitude, as their influence on
other countries tends to be relatively stronger. Secondly, we exclude countries that have experi-
enced prolonged market closures. By doing so, we ensure that the market opening days align
closely among all selected countries, facilitating a fairer basis for comparison.

Typically, the Historical DJIA index for a specific country, company, or organization con-
sists of seven columns of data: Date, Price, Open, High, Low, Vol, and Change. In this study, we
precisely predict the Price, as it holds utmost importance in market analysis, and the Return.
The closing price for each date forms the financial time series to be forecasted in our study.
Apart from the daily stock Price, we also forecast the Return:

r= 1~ Py 1
T (1)
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Table 2. Maximum/Minimum/Average daily newspapers retrieved for the considered 13 countries. The period cov-
ered from March 02, 2020, to October 31, 2021.

Max Min Avg

Australia 31 0 7.52
Belgium 14 0 2.00
Canada 32 0 8.09
China 74 1 19.30
Denmark 12 0 2.05
Germany 48 0 12.14
Greece 23 0 3.57
Indonesia 16 0 1.45
Italy 51 0 10.55
Malaysia 5 0 0.81
Norway 14 0 1.90
Singapore 21 0 1.66
South Korea 54 0 4.46

https://doi.org/10.1371/journal.pone.0302197.t1002

where r; is the return at the date ¢, p,,; and p; are stock Prices at date ¢ + 1 and ¢. This represen-
tation is used to measure stock movement in stock Exchanges. Both the Price,

P ={pl, - ,p-},andReturn R = {ri, - - 7'} time series of the considered countries, i € [0,
12], are used as endogenous factors within this study.

Financial news data. The daily financial news data is obtained through the New York
Times (NYT) API (https://developer.nytimes.com/apis), which allows for the retrieval of rele-
vant news articles based on specific keywords, such as country name and a designated period.
For a given news article, the NYT API provides the following components: abstract, web_url,
snippet, lead_paragraph, print_section, print_page, source, multimedia, headline, keywords,
pub_date, document_type, news_desk, section_name, byline, and type_of material. We analysed
each of the components and realized that the snippet component contains the same informa-
tion as the abstract component, and similarly, the main and print_headline components within
the headline section share identical content, and the other components do not contain senti-
ment information. Hence, we consider only the abstract, lead_paragraph, and the headline_-
main components for the sentiment analysis as they contain most of the valuable news
information. The lead_paragraph is chosen as it represents the main content of the news arti-
cle. Table 2 summarises the statistics of the analyzed new papers per country, while Fig 2 visu-
ally depicts the daily news related to Australia.

During the text pre-processing step, we observed that news articles are typically well-writ-
ten and do not contain ambiguous words or misspellings. Therefore, our pre-processing
involved only removing web addresses from the text.

3.2 Sentiment analysis

News on the economic state of a nation contains positive or negative sentiments depending on
whether the information provided is favourable or unfavourable to the considered country.
Cultural bias of financial analysts can affect stock analysis or recommendations in news arti-
cles. The cultural bias of financial analysts has been confirmed in a recent study of “Cultural
Biases in Equity Analysis” by Pursiainen [47], who stated, “I find evidence that significant
political events can introduce new cultural biases that are strong enough to affect stock recom-
mendations”. Recognising that sentiment analysis models learn information from text corpora;
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Fig 2. Daily news for Australia. The period covered from March 02, 2020, to October 31, 2021.
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they can pick up on and possibly amplify such biases present in the data. To lower country bias
in sentiment analysis of financial news articles, we applied fine-tuning [48] to the 4 last layers
of the FInBERT model [43] by imposing a fairness constraint [49].

For this purpose, we first build a counterfactual augmentation dataset using the subset “sen-
tences_AllAgree” from the financial phrase-bank dataset [50]. The “sentences_AllAgree” con-
sists of 2264 sentences, from which we selected the sentences that explicitly reference one of
the considered countries. For each of the selected sentences, we created 12 counterfactual sen-
tences by replacing the country name with the other 12 country names, obtaining 923 counter-
factual sentence pairs. Then, we employed the counterfactual sentence pairs for fine-tuning
the 4 last layers of the FInBERT model using the following loss function [49]:

,C(Z) = ‘Cdasstﬁcatian (Z) + LL uirness(z7 2) (2)

with z and z two counterfactual sentences, £ (.) the cross-entropy loss, A a regulariza-

classification

tion parameter, and £, (.) the sentiment regularization fairness loss of [49]:

L

“fairness

’ lg(h(2)lIg(h(2))]

where g(-) is the embedding from the last layer of the FinBert model and || - || is the natural
norm.

For each news article, we use the fine-tuned FinBert model, CD_FinBbert, to generate Senti-
ment Scores in the range [-1, 1] for the abstract, lead_paragraph, and the headline_main, sepa-
rately and then estimate the average as Sentiment Score for that specific news article. For a
particular country, we estimate the average Sentiment Scores of all news articles of that day,
denoted as sc,. In cases where no financial news articles are available for a particular day, we
assume a Sentiment Score of 0, i.e., neutral. We obtain a time series of daily average Sentiment
Scores for each considered country and the analysis period.
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In our study, we also consider the Sentiment Index, si,, defined as:
np, — nn,

si, =
np, + nn,

t (4)
here, np, is the count of positive news articles on day ¢, and nn, is the count of negative news
articles on day t. News articles with a Sentiment Score sc, > 0 are considered positive, and
those with sc, < 0 are counted as negative. If there is no news on that day, we assign the value 0
to the Sentiment Index of that day. Finally, for a given country i, we denote the sentiment time
series as Sc' = {sc|,---,sci.} and S’ = {si',- - -, si’ }, used in the next step of causal analysis as
well as covariates for the stock prediction.

3.3 Causal analysis

Our study adds to the growing literature on causal analysis of news sentiment and financial
stock in several ways. We first summarize the theory behind Transfer Entropy (TE) and the
factors to be considered for its computation. We then investigate the information flow between
the news sentiment and stock Price using TE. TE can identify linear and nonlinear interac-
tions. It is also able to identify the directionality of the interaction. The TE analysis for this
study was performed using a Python package (PyCausality) created by Zac Keskin and main-
tained on Keskin’s public GitHub (https://github.com/ZacKeskin/PyCausality).

Transfer Entropy [18] is based on Shannon’s entropy [51], which measures the amount of
information in random processes. TE estimates the reduction of uncertainty of the observa-
tions of Y (target process), accounted by both the past observations of X (driver process) and
the past observations of Y, compared to the reduction of uncertainty of the observations of Y
accounted only by its past [18].

Two factors are essential for computing TE: defining the time series’ past observations and
estimating the entropy. Selecting past observations is essential; a long past will lead to redun-
dancy and increased computational requirements and a short past could lead to insufficient
information. Considering the time lag k for past information, we can describe the information
transfer from X, 4 to Y, in terms of the following conditional mutual information:

TEg(kly = H(Yt|Yr7k) - H(Yt|Xt—kv Yr—k) (5)

This study adopts the kernel density estimator (KDE) [52] for estimating the probability
density functions using Gaussian kernels.

3.3.1 Dynamic transfer entropy. As described above, TE relies on non-parametric meth-
ods to estimate the probability distribution of the time series; this can introduce estimation
errors, even in large samples. Marschinski & Kantz [35] proposed a measure denoted as Effec-
tive Transfer Entropy, which compares the calculated Transfer Entropy score with the average
of a set of calculations over shuffled time series:

ETE = TE — TE,,, 5, (6)

where TE,,,, ;. is the mean of the shuffled values. In this work, the 2 time series are shuffled

together, and a 50 shuffling is adopted. By calculating the mean and standard deviation of the
shuffled Transfer Entropy scores, one can estimate the significance of a causal result as:
TE — TE
7 = shuffle (7)
Gshufﬂc

with 0, the standard deviation. The Z-score provides a distance, measured in terms of
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standard deviations, of the observed Transfer Entropy with respect to the expected value for
non-causally related variables. Larger Z-scores imply a larger likelihood of causal relation. We
use the Z-score to retain causality links because it is a robust statistical validation that depends
on minimal assumptions. According to [16], assuming the distribution is close to Gaussian, a
result with Z > 3 is roughly in the top 1% of results, comparable to a p-value significance test-
ing with a p-value of 0.01. In this work, TE is used to quantitatively assess the relationship and
trace the information flow between Prices/Return and Sentiment (section 4.1: Information
flow analysis).

Yao [16] extended the use of ETE and Z-score and proposed the Dynamic Transfer Entropy
for estimating ETE/Z-score with a sliding window methodology with TE at each time point
obtained via forward scrolling. In this work, we use DTE (building upon the code kindly pro-
vided by Can-Zhong Yao [16]) to calculate causality time series that reveals the transmission
path of information among financial news sentiments and stock Price fluctuations and trace
the specific period of causal changes between financial stocks and sentiments. Moreover, the
calculated DTE time series are used in this work as covariates for stock prediction (section 4.4:
Price and return forecasting). To the best of our knowledge, this is the first study that uses
Dynamic Transfer Entropy to predict stock Price and Return.

3.4 Computational method for stock movement forecasting

3.4.1 Stock prediction problem definition. Let us assume a set of C aligned univariate

time series denoted as X = {x! ,} ,, where the i"" time series is formally stated as

X, =[x}, -+, x5, with x € R indicating the stock Price or Return value at time , for instance
Price, and f representing discrete time points equally distributed, say days. In addition, let V =
{v .}, be a set of co-occurring or associate time-varying covariates where v € R? denotes a
vector of covariates at time t. Given, past observations of X and V, the objective of stock market
prediction methods is to forecast unknown future univariate time series expressed as

Xiqin = [Xpuys -+, X5, ], where X € R indicates the forecasting value, and n expresses the
discrete distance between the target forecasting and observed time points, thus delineating the
future prediction horizon. Without loss of generalization such an objective can be formally
expressed as follows:

J%Z.T+11T+n = F(X7 V’ ®) (8)

x!,, denotes a point estimate of X%, .., F represents a computational model for forecasting
parameterized by © that denotes a set of learning parameters. One can notice from this equa-
tion that, while our goal is to predict &/ .., in the future forecasting horizon, the co-occur-
ring covariates (i.e., V) are assumed to be known over the entire period, that is also in the
future. Thus, following previous works [53, 54], we define the observation period as a training
stage and assume that during inference in the prediction horizon, these associated covariates
are given. In a real-world application, we can transfer the last observed covariates to the pre-
diction horizon.

A significant aspect to consider in stock market forecasting concerns the co-occurring or
associate covariates. Multiple factors, including the opinions of investors, the emotions of trad-
ers, the views of the public, and the news can influence the stock market [55]. Accordingly,
this work focuses on the study of sentiment analysis and information flow underlying causality
between news, sentiment, and the past stock market. The motivation behind this study is to
leverage the benefits of combining domestic and foreign endogenous and exogenous data to
forecast future domestic stock market trends.

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 12/41


https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

3.4.2 Time series processing. The rolling windows. Time series analysis often uses the
rolling windows approach [56] because it provides a flexible manner to cope with time series
data. This approach divides the time series into smaller, fixed-length windows to be used sepa-
rately. In this manner, one can capture localized dynamics while retaining the temporal con-
text, which helps identify patterns and fluctuations in the data over time at a local level. Hence,
this approach is particularly appealing in forecasting problems.

Let us recall an i univariate time series x/ . = [x/, - - -, x.], defined in Section 3.4.1. To
apply the rolling windows approach, one defines a window size, say w, which determines the
number of consecutive values to be included in each window. Hence, the number of windows,
7, can be calculated as 7= T — w + m, where m denotes the number of incrementing time
points between successive rolling windows. This windowing process is repeated until one
reaches the end of the time series, which leads to a transformed time series that involves multi-
ple consecutive windows. Then, the first rolling window includes the time points from 1
through w; the second rolling window contains the time points from 1 + m through w + m,
and so forth.

In this study, we look at multi-horizon stock forecasting requiring prediction for one week
and then use the actual data from that week to forecast the subsequent week. We follow the
multi-step forecasting with the walk-forward technique proposed in [57]. It operates by train-
ing the computational models with the records in the training dataset and then using the
model to forecast the upcoming week’s records as the test dataset. In a practical scenario, when
a week for which the last forecasting was made is over, its actual records are also included in
the training dataset to forecast the upcoming week. This round of training forecasting is
repeated recursively and so forth. Such a technique fits well for rolling windows as the win-
dows can operate on a weekly basis. Once the model predicts, the window is shifted ahead, by
the number of periods equal to test set to continue training [58]. The one-week-based multi-
horizon prediction has also been found [59] to be the most pragmatic, considering that real-
world applications mainly require forecasts up to one week. As a consequence, our rolling win-
dows operate on a per-week basis.

To carry out stock market forecasting, we adopt the TFT [12] using as covariates the causal
information flow involving financial news Sentiments and Price. We also compared TFT to
different state-of-the-art computational methods for time series forecasting. We have selected
the following computational models considering that they have shown outstanding perfor-
mance on several forecasting tasks and, more importantly, that they vary in terms of architec-
ture and modeling techniques, such that we cover a variety of models for a comprehensive
assessment:

o Long Short-Term Memory (LSTM) [60] often used in the literature for stock Price
prediction.

o Transformer [11] which has demonstrated its effectiveness for time-series forecasting. It cap-
tures contextual information and encode long-term dependencies through its self-attention
mechanism.

o Probabilistic Forecasting with Autoregressive Recurrent Networks (DeepAR) [54] is a semi-
nal work on time series forecasting, leveraging RNNs with a probabilistic approach. It incor-
porates a probabilistic approach by modeling the entire probability distribution of future
predictions to capture uncertainty and generate stochastic forecasts. DeepAR is able to cap-
ture complex and group-dependent relationships by using covariates, and has demonstrated
good performances in different application fields.
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« Deep State Space (DSS) [53] model connects the perspectives of state-space models and
RNNs into a method for multi-horizon forecasting. The DSS architecture consists of an
RNN that processes the sequential input covariates into hidden states subsequently used to
compute the parameters of a linear state-space model. The DSS has proven to achieve prom-
ising results in different application fields, it can also deliver interpretable predictions.

3.4.3 Temporal Fusion Transformers (TFT) [12]. TFT is a model for multi-horizon time
series forecasting. It combines the benefits of RNN and self-attention layers to capture short-
and long-term temporal relationships. The two key components of TFT are its Gating Residual
Network (GRN), allowing the model to adapt its depth and complexity to diverse data and sce-
narios and its Interpretable Attention blocks. Fig 3 illustrates the TFT architecture.

The GRN is a gating mechanism to tailor the model by applying non-linear transformation
only when required according to the nature of the input covariates. The GRN consists of two
stacked intermediate layers followed by gated linear units (GLU) [61] and normalization [62]
layers. For hypothetical inputs, say {, the GRN is formally defined as follows [12]:

I, = ELU(W,( + b,) (9)

L, =W, +b, (10)

0 = Sigmoid((W,1l, + b;) © (W,l, + b)) (11)
o = LayerNorm({ + 0) (12)

where [} and [, are the outputs of the two intermediate layers with W, W, by, and b, their
respective learnable parameters. ELU denotes the Exponential Linear Unit activation function
[63]. The 0 is the output of the GLU layer with learning parameters W3, Wy, bs, and b,. Layer-
Norm is the normalization layer, and 0! is the final outcome of the GRN. For simplicity and
without loss of generalization, in the following we refer to the GRN as GRN(:; 0,,,) and to the
GLU (i.e., Eq 11) as GLU(:; Og,,), with 6,,,, and 6, representing their corresponding set of
learnable parameters. Although the TFT can employ GRN with a context vector to capture
information from the non-temporal inputs, it is worth noticing that we do not use static inputs
in this work.

The Interpretable Multi-Head Attention blocks help to capture long-term dependencies
better. These blocks extend classical multi-head attention [11] with an additive aggregation of
all heads to share their values. It enables each head to learn different patterns while remaining
attentive to relevant features, formally as follows [12]:

InteMultiHeadAttention(Q, K, V) = HVW" (13)
H= iiAttention(QWq KWK s VIw? (14)
H o h> h
1 = . k v
=4 ;Attentzon(QWf,, KWH VW (15)

The temporal processing layers of the TFT first incorporate a data-driven Variable Selection
Network to reduce the influence of irrelevant time-varying covariates. If necessary, the
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Variable Selection Network transforms the input covariates into a d-dimensional embedding
to guarantee that skip connections match in the following layers. To this end, it employs the
entity encoding [64] approach to attain linear layers capable of appropriately dealing with cate-
gorical and continuous covariates. Next, the Variable Selection Network also employs the
GRN to learn the relevance of each input variable and incorporates a SoftMax activation to
output a vector of weights that expresses the importance of corresponding inputs, say x' and z,
as follows [12]:

y; = SoftMax(GRN([x}, vi]; 0,,,,) (16)
1~/§i-j) _ GRNj@(f,ﬁ; ggm) (17)
d+1

yi= S5 (8)
1

where [-] is a concatenation operator, the output ' € R/, with j = d + 1, denotes the vector of
weights to enable variable selection, 7 is a feature map resulting from feeding each j input
variable into an additional GRN; operating per each j™ input, and y/ is the weighted feature
vector with the selected covariates.

TFT utilizes an encoder-decoder architecture for learning short- and long-term temporal
relationships from observed temporal inputs. This encoder-decoder operates over the observa-
tion and forecasting periods to obtain the temporal features that serve as input to the decoder
itself in the prediction horizon by generating forecasting sequentially. The encoder stack time-
distributed Variable Selection Network to embed the most salient input covariates, followed by
LSTM layers and gated skip connections, as follows [12]:

! = GLU(K; 0,,) 20)

where £} is the encoder LSTM hidden state and m! denotes the encoded temporal features.
The resulting temporal features are fed to the decoder of TFT. This decoder uses a GRN-
based enrichment layer followed by the Interpretable Multi-Head Attention blocks with mask-
ing to ensure attention only on preceding temporal features, and it operates over the observa-
tion and forecasting period. Next, it stacks a GLU layer, followed by layer normalization with
skip connections. Finally, the decoder applies additional non-linear transformations by using
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another GRN, followed by GLU normalization layers, formally [12]:

il — GRN(m 0, (22)

ji = InteMultiHeadAttention (!, !, in!) (23)
i = GLU(:0,,) (24)

al = LayerNorm(ji + ') (25)

= GRN(d:0,,) (26)

7= GLU(r;; 0,,) (27)

%, = LayerNorm(7} + 7}) (28)

where %! denotes the forecasting point estimate that can be only generated in the prediction
horizon.

To generate the forecasting estimates during the prediction horizon, TFT employs a linear
layer to transform the decoder output for providing multi-horizon forecasts by yielding pre-
diction intervals on top of forecasting time points to output the 10™, 50", and 90™ percentiles
simultaneously [12]:

X, =W +b, (29)

where W), and b,, are the corresponding linear operators per percentile.

Note that TFT allows three kinds of input types, namely static or time-invariant features, to
provide additional information and context to the model, past-observed time-varying input
and future-known time-varying input, such as calendar and other time-information. In this
work, for a fair comparison with the other forecasting models, we considered only past obser-
vations of X and V as inputs to the TFT.

4 Experimental results

In this section, we discuss our experimental results. We start by analyzing the Information
flow (i.e., the third stage of our methodology) between the Sentiment Index and the stock data.
We then capture via DTE the dynamically evolving causal relationships between the Sentiment
Index and stock data (i.e., the fourth stage of our methodology). For DTE estimation and all
subsequent experiments, we fixed the sliding window size at 10, unless explicitly stated other-
wise. Subsequently, we will discuss our stock market forecasting results using the Temporal
Fusion Transformer (i.e., the fifth stage of our methodology) and compare these results to the
stock market predictions of contemporary computational methods summarized in the previ-
ous section. Finally, we discuss the advantages of using the Temporal Fusion Transformer for
deriving interpretable insights into stock forecasting, which are of utmost importance in real-
world financial applications.

4.1 Information flow analysis

In the following, we report and discuss the TE analysis of the different combinations of the
STock/Sentiment time series (Price&Sent.score, Return&Sent.score, Price&Sent.index, and
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Return&Sent.index). We chose a 1-day (i.e., k = 1) time lag for the four cases because longer
lags showed weaker causal signals over this data.

For each country of the 13 countries analyzed in this work, we use the stock Price/Return
and Sentiment Score/Index to calculate the Transfer Entropy between the time series and gen-
erate a Transfer Entropy Matrix called the Causality Matrix, formally denoted as CM. The
obtained Causality Matrix (i.e, CM € R***°) is illustrated in Fig 4 as Heat Maps.

The matrix CM illustrates the asymmetric flow of information from one stock to another
and from sentiments to stocks. Each column, 0 < j < 12, in the Causality matrix CM, i.e., CM
[, /], quantifies the degree of information flow from other stocks to the stock of country ¢ = j,
as well as the flow from sentiment to it. The columns 13 < j < 25 represent the Transfer
Entropy from the sentiment towards a country ¢ = j — 13 to the stocks of the different countries
and the sentiments towards them. We also calculated the Z-score Matrix using the same rea-
soning for the rows and columns.

For the configuration Price&Sentiment Score, the Causality Matrix and the Significance (Z-
scores) Matrix of Fig 5 do not exhibit a particular pattern indicating specific information flow.

For the configuration, Return&Sentiment Score, Fig 6 shows high information flow among
stock Returns, as indicated on the top left parts of the matrices. This indicates a strong causal-
ity between the stock Returns of the 13 countries. The heat maps also indicate no causal rela-
tionships between Sentiment Scores and stock Return. Finally, Fig 7, illustrates the obtained
heat maps for the configurations Price&Sentiment Index and Return&Sentiment Index.

TE between the Sentiment Index and Domestic Price is large for many country pairs (see
bottom-left panel of Fig 7). It is worth noting that, for Denmark, Singapore, and South Korea,
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Fig 4. Illustration of the Causality Matrix. The top-left block is the information flow from Price to Price. The top-
right block is the information flow from Price to Sentiment. The bottom-left block is the information flow from
Sentiment to Price. The bottom-right block is the information flow from Sentiment to Sentiment.

https://doi.org/10.1371/journal.pone.0302197.9004

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 18/41


https://doi.org/10.1371/journal.pone.0302197.g004
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE Causality driven multivariate stock movement forecasting

—~
QO
~
—~
O
~

0

40

30

-

-10

= -10

B O -20

24 22 20 18 16 14 12 10 8 6 4 2

-30

24 22 20 18 16 14 12 10 8 6 4 2 O

OrNMITNONOIAIOANMIELNONONO
e A A A A A AN

Fig 5. Price&Sent.score—Causality Matrix and Significance (Z-score) Matrix. No particular pattern indicating specific information flow. (a) TE (Return&Sent.score)
(b) Significance (Return&Sent.score).

https://doi.org/10.1371/journal.pone.0302197.9005

the stock Prices are influenced not only by the news concerning them but also by news related
to other countries (see bottom-left panel of Fig 7). The stock Prices of other countries, like Bel-
gium, Indonesia, and Norway, are not influenced by the news concerning them or related to
other countries.
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Fig 6. Return&Sent.score—Causality Matrix and Significance (Z-score) Matrix. High information flow among stock Returns. (a)
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Fig 7. Transfer Entropy between countries. Between Price and Return (top panels) and between Sentiment Index and Price or Return (bottom panels).

https://doi.org/10.1371/journal.pone.0302197.9g007

From the above analysis, we have found that the combinations Price&Sent.index and
Return&Sent.index reveal the most useful information flow. We hypothesize that the informa-
tion on the TE or Foreign Sentiment Index is expected to be more useful for predicting future
domestic Prices than the information on the domestic Sentiment Index or foreign Price. Fur-
thermore, because Domestic Return is not affected by Foreign Sentiment, a different behaviour
is expected for Domestic Return than for Domestic Price forecasting.
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Fig 8. The Dynamic Transfer Entropy identifies the true lag value k = 1 for the case of South Korea. The left y-axis represents TE, and the right
y-axis the Significance (Z-score).

https://doi.org/10.1371/journal.pone.0302197.9008

4.2 Dynamic transfer entropy analysis

As introduced in section 2: Related works, Yao [16] extended the use of the Effective Transfer
Entropy and Z-score by proposing the Dynamic Transfer Entropy based on a sliding window,
and via forward scrolling, the ETE at each time point can be obtained. Yao [16] argued that the
lag order found using Transfer Entropy is global and unique and thus unsuitable for capturing
the accurate order between two non-stationary series for which the data structure changes,
and hence the causal relationships also evolve dynamically.

We first verified the above claim and performed the information-theoretic analysis to detect
the Effective Transfer Entropy at time lags from k = 1 up to k = 30, and sliding window
size = 10. We illustrate in Fig 8 the obtained results for the case of South Korea. The lag k = 1
leads to the highest Transfer Entropy value with a Z-score above a significant level (3). As can
be seen, the information flows from the Sentiment Index to the stock Price fluctuate consider-
ably (the red and the blue lines), and that flows from the stock Price to the Sentiment Index
fluctuate smoothly (the red and the green lines).

The Dynamic Transfer Entropy seeks to extract a collection of time series that reveals the
pathway of information transmission between financial news sentiments and stock price fluc-
tuations. This analysis allows us to pinpoint the precise periods when causal changes occur
between these two factors. Choosing an appropriate sliding window for estimating DTE is cru-
cial in identifying these specific causal shifts between financial stocks and sentiments. When
the window length is large, the two terms in Eq (5) will closely align, resulting in a minimal dif-
ference between them as illustrated by the black and green curves of Fig 9. In contrast, when
the window is small, we observe distinct differences between the two terms in Eq (5),
highlighting shifts in causality between financial stocks and sentiments.

After analyzing several sliding window sizes, we selected a sliding window size of 10 for our
experiments and compared it with a sliding window size of 7. In Fig 10, we illustrate the
obtained time series for Australia.
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https://doi.org/10.1371/journal.pone.0302197.9009

As shown from Fig 10, the Dynamic Transfer Entropy provides a dynamic order in the cor-
relation between stock Price and news sentiment. The obtained time series reveals the infor-
mation transmission path among financial news sentiments and stock Price fluctuations and
traces the specific period of causal changes between financial stocks and sentiments, highlight-
ing marginal events such as spikes or sudden jumps, which are crucial in financial time series.
As can be seen during specific periods, the stock Price Transfer Entropy to news sentiment is
significantly higher than the impact of news sentiment on stock Price and vice-versa for other
periods. Additionally, our analysis revealed interesting patterns regarding the Sentiment
Indexes, stock Prices, and Transfer Entropy values. Despite the presence of exaggerated nega-
tive sentiment in the Sentiment Indexes, we observed different trends between the values of
the Sentiment Indexes and the Transfer Entropy (or Z-score) values. Specifically, during peri-
ods characterised by exaggerated negative sentiment (such as December 2020, March 2021,
June and July 2021), the Transfer Entropy and Z-score values were relatively low.

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024

22/41


https://doi.org/10.1371/journal.pone.0302197.g009
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

M_"_:NW

— 7 — T 7
oo | Vosibioall e maal] 1
0 W ! '
. | TR i |
| [ i |
! Y [ i i
| | T i
| | | | l

111 2021-01 2021-03 21-05__ 2021-07 _2021-09 _ 2021-11

T
i

i
I
1

| |
! !
! !
}
1 1
! '
; | |
2020-03 2020-05 2020-07 020-09
H |
! !
! !
! |
| !
| !
: :

— 7 dow=10 | |
[

— significance(Price->Sent.Index)-window=10 | |
|

|

1
10 !
<l| 1 i i I i G ﬂ ﬂ]
| | I 1 | | I
] I | | | i
I n ) N T

2020-03 202005  2020-07  2020-09  2020-11  2021-01 2021-03  2021-05 2021-07  2021-09  2021-11

H
i
A i h i i
[ H i H
L o i H
¢ o i H
o o i H
g1 [ ! ! Sent.Index
H I I H HE
02003 _ 20200 02007 _ 2020-09 202011 _ 202101 202103 _ 2021-05 _ 2021-07 _ 2021-09 _ 2021-11
e e e R— T R
109 — TE(sent.Index->Price)-window=7 o o ! [
— TE(Price->Sent.Index)-window=7 £ o i i
5 i i i i i i 1 1 ] ] | i i
Lk o3 8 4 F i o | M
Tl 4 1 et | H
° l ‘ll ' A A ' | Y it i A A TEIVW ’Ag‘_‘
02003 202005 _ 2020-07 _ 2020-09 _ 2020-11 _ 2021-01 2021-03 202105 _ 2021-07 _ 202109 _ 2021-11
e et o e e v PR T I—
e .Ind d 7 1 1 1 1 ] 't 1 1
5 ¢ 1 1 1 1 i | | 1
— significance(Price->Sent.ndex)-window=7 | | 1 i i [t -
1
i i i 1 a4 by A it M
. i | i oo e Ty N O R Y 1)
H fh H . 2 . oo .4, R0 48 L o SR AL A R L L
02003 202005 _ 2020-07 _ 2020-09 _ 2020-11 _ 2021-01 2021-03 202105 _ 2021-07 _ 202109 _ 2021-11
I e T R s B R Ty o e
4 ol o o ohoE o ! I | — TE(sentindex->Price)-window=10
[ T T T T T A i | |— TE(Price->SentIndex)-window=10
2 x4+ o4 3 1 & o4 i i I [
e b e B b i i T .~
W | S5 R i | i Lo i
o : M_w%w
1
i
]
i
i
i
i
i
i

1
1
1
1
1
1
|
i
020-03 202005 2020-07 _ 2020-09 _ 2020-11 _ 2021-01 2021-03 202
v T T 0 T o T T i
i 1
1
1
|
1
|
|

o

Fig 10. Australia—DTE between stock Price and news sentiment, for the period March 1, 2020, to October 31,
2021. Sliding window size of 7 and 10, with a 1-day step size.

https://doi.org/10.1371/journal.pone.0302197.g010

4.3 Stock market forecasting implementation and training details

To validate our proposal, we employed the publicly available implementation [65, 66] of the
above-described computational methods. We used the Adam optimizer for 20 epochs with a
learning rate of 1e — 3 and weight decay equal to 1e — 8 to train the five considered computa-
tional methods. Our objective is a multi-horizon country stock Price or Return, ', i € [0, 12],
forecasting. The collected data from DJIA and NYT financial news articles (see section 3.1:
Datasets extraction) cover the period from March 02, 2020, to October 31, 2021. We split it
into training and testing on August 01, 2021, as illustrated in Fig 11. For the rolling windows
employed during training, we used a windows size (i.e., w) of 7 and increment (i.e., m) of 1
with a multi-horizon prediction length of 7 days. During testing, we directly forecast the
upcoming week corresponding to each observed week.

354

30 A

25 A

20 A

Train series

—— End of train series W

— Test series

Apr

Jul Oct Jan Apr Jul Oct
2021

Fig 11. Univariate time series representing the Price for a randomly selected country. The vertical red line illustrates the cutoff time point of the
used data for training and testing.

https://doi.org/10.1371/journal.pone.0302197.9011
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For each of the considered computational methods, we trained 13 models, one for each
country. In both training and forecasting, we considered different scenarios to include the co-
occurring or associated time-varying covariates (i.e., V). Unless otherwise specified, for every
scenario involving TE as a time-varying covariate, it corresponds to the Dynamic Transfer
Entropy estimation employing a window size of 10 days (see section 4.2: Dynamic transfer
entropy analysis). The different scenarios are summarised hereafter:

A: No covariates, only the domestic (country) stock (Price or Return), x, of the country i

B: The domestic stock (Price or Return), ', of the country i, and the country Sent.Index
time series as a covariate;

C: The domestic stock (Price or Return), ¥, of the country i, and the Dynamic Transfer
Entropy TEsent Index— stock time series as a covariate;

D: The domestic stock (Price or Return), x', of the country i, and the Dynamic Transfer
Entropy TEsock— sent.Index time series as a covariate;

E: The domestic stock (Price or Return), x', of the country i, and the Dynamic Transfer
Entropy TEseus index—stock 30d TEstock— Sent. Index tiMe series as covariates;

F: The domestic stock (Price or Return), x', of the country i, along with the other stock data,
i.e. Open Price, Low, High, and the country Senti.Index, the Dynamic Transfer Entropy
TESent.IndeXHStock and TEStockHSent‘Index time series as covariates;

G: The domestic stock (Price or Return), ', of the country i, and as covariates the country
Sent.Index & Foreign (other countries) Price and their Sent.Index time series;

H: The domestic stock (Price or Return), x', of the country i, and as covariates the country
Sent.Index & Foreign Sent.Index time series;

I: The domestic stock (Price or Return), x’, of the country i, and as covariates, the foreign
(other countries) stocks (Price or Return) time series.

4.4 Price and return forecasting

To analyse the performance of TFT and the state-of-the-art computational methods evaluated
in this work, we computed the errors between stock predictions yielded by these methods and
actual stock values employing three different error measures. Specifically, the error measures
used are the root-mean-square error (RMSE), the mean absolute error (MAE), and the sym-
metric mean absolute percentage error (SMAPE). The formal equations to compute these
error measures are as follows [67]:

n i i\2

RMSE = D (X —x) (30)
n
1SN i i
MAE:;Z|xtfxt| (31)
=1

200 i — «
SMAPE = — ij % (32)

n t=1 (xt + xt)

where X! and x| represent the predicted and actual stock value for the country i at time point ¢,
and n denotes the length of the multi-horizon stock forecasting.
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Figs 12-17 show the performance of the five computational methods for stock forecasting.
Figs 12 and 13 summarize the performance of the methods for Price and Return forecasting,
respectively, measured in terms of RMSE. Figs 14 and 15 illustrate Price and Return forecast-
ing performance measured using MAE. Figs 16 and 17 present the methods’ performance cor-
responding to Price and Return forecasting measured with sMAPE.

From Figs 12 to 17 each panel shows the forecasting errors for a different country except
for the bottom left panel, which shows the average across all countries. The y-axis is log-scaled
and inverted for better visualization. Therefore, the highest-performing models are above the
lowest-performing models. To account for the performance variability across countries of each
model, shaded areas are added to the model averages (bottom left panel), indicating the aver-
age error plus one standard deviation. The x-axis of each panel denotes the different variants
of covariates used to train the models (see the details in section 4.3: Stock market forecasting
implementation and training details). In general, from Figs 12 to 17, one can notice that the
highest-performing computational method is the TFT. These results confirm the effectiveness
of TFT in delivering promising outcomes for stock forecasting. The success of TFT stems from
the integration of Variable Selection and Gated Residual Networks in conjunction with the
Interpretable Attention blocks, which lead to a combination of attention, feature selection, and
interpretation mechanisms, resulting in a robust computational method suitable for stock
movement forecasting. In the following, we analyse the behaviour of TFT for different variants
of input covariates. Finally, we discuss its benefits in providing actionable insights into the
importance of the time-varying covariates for interpretable stock forecasting.

4.5 Effect of covariates on TFT model

To illustrate the potential utility of Dynamic Transfer Entropy analysis on model design, Fig
18 shows the Price forecasting performance in three countries, in Denmark, Singapore and
South Korea, with the largest effect of foreign Sentiment Index on domestic Price. For the
three countries, the variants of time-varying covariates (see section 4.3: Stock market forecast-
ing implementation and training details), including the domestic Price, the Dynamic Transfer
Entropy information (C, D and E) or foreign Sentiment Index (F, G and H) have lower errors
than the variants including only domestic Sentiment Index (B) or only foreign Price (I). This
confirms the Transfer Entropy analysis of the Causality Matrix in Fig 7, which illustrates that
foreign Sentiment Index, not foreign Price, predicts future domestic Price (top and bottom
right panels).

Figs 19-21 show the TFT model performances for Price and Return forecasting using dif-
ferent variants of input covariate relative to variant A, which uses only domestic Price or
Return, respectively. The boxplots show the median and interquartile range (Q3-Q1) of the
RMSE for each variant divided by the RMSE of variant A across countries.

Fig 19 illustrates the effect of adding Dynamic Transfer Entropy parameters (variants C, D,
and E) compared with the Sentiment Index (variant B) (see section 4.3: Stock market forecast-
ing implementation and training details) For Price forecasting, adding the Sentiment Analysis
parameters alone as covariate impairs performance while the Transfer Entropy information
improves the prediction (see B distribution on the left panel). The opposite trend is observed
for the Return forecasting when the model trained using the Sentiment Index performs best.
This behaviour is in agreement with the Dynamic Transfer Entropy analysis shown in Fig 7,
which shows that the Sentiment Index of other countries affects the domestic Price (bottom
left panel) but not the Return (bottom right panel).

Fig 20 shows the effect of foreign Price or Return on the prediction of Price and Return,
respectively. For Price forecasting, the median of the error distribution for variant H (see
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Fig 12. Results corresponding to our Price forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12], Long
Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks (Deep
AR) [54] and Deep State Space (DSS) [53]. The y-axes are in log scale and inverted for better visualization. Each panel shows the Root Mean
Squared Error (RMSE) achieved using different variants of covariate inputs from domestic and foreign markets for different countries. The
bottom right panel shows the average RMSE across countries with a shaded area denoting average RMSE plus one standard deviation. The
different variants of covariates inputs shown on the x-axes are as defined before in section 4.3: Stock market forecasting implementation and
training details.

https://doi.org/10.1371/journal.pone.0302197.9012
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Fig 13. Results corresponding to our Return forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12],
Long Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks
(Deep AR) [54] and Deep State Space (DSS) [53]. The y-axes are inverted for better visualization. Each panel shows the Root Mean Squared
Error (RMSE) achieved using different variants of covariate inputs from domestic and foreign markets for different countries. The bottom right
panel shows the average RMSE across countries with a shaded area denoting average RMSE plus one standard deviation. The different variants of
covariates inputs shown on the x-axes are as defined earlier in section 4.3: Stock market forecasting implementation and training details.

https://doi.org/10.1371/journal.pone.0302197.9013
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Fig 14. Results corresponding to our Price forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12], Long
Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks (Deep
AR) [54] and Deep State Space (DSS) [53]. The y-axes are in log scale and inverted for better visualization. Each panel shows the Mean Absolute
Error (MAE) achieved using different variants of covariate inputs from domestic and foreign markets for different countries. The bottom right
panel shows the average MAE across countries with a shaded area denoting average MAE plus one standard deviation. The different variants of
covariates inputs shown on the x-axes are as defined before in section 4.3: Stock market forecasting implementation and training details.

https://doi.org/10.1371/journal.pone.0302197.9014
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Fig 15. Results corresponding to our Return forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12],
Long Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks
(Deep AR) [54] and Deep State Space (DSS) [53]. The y-axes are inverted for better visualization. Each panel shows the Mean Absolute Error
(MAE) achieved using different variants of covariate inputs from domestic and foreign markets for different countries. The bottom right panel
shows the average MAE across countries with a shaded area denoting average MAE plus one standard deviation. The different variants of
covariates inputs shown on the x-axes are as defined earlier in section 4.3: Stock market forecasting implementation and training details.

https:/doi.org/10.1371/journal.pone.0302197.9015
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Fig 16. Results corresponding to our Price forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12], Long
Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks (Deep
AR) [54] and Deep State Space (DSS) [53]. The y-axes are in log scale and inverted for better visualization. Each panel shows the Symmetric
Mean Absolute Percentage Error (sMAPE) achieved using different variants of covariate inputs from domestic and foreign markets for different
countries. The bottom right panel shows the average sSMAPE across countries with a shaded area denoting average sMAPE plus one standard
deviation. The different variants of covariates inputs shown on the x-axes are as defined before in section 4.3: Stock market forecasting

implementation and training details.

https://doi.org/10.1371/journal.pone.0302197.9016
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Fig 17. Results corresponding to our Return forecasting using five computational methods: Temporal Fusion Transformers (TFT) [12],
Long Short-Term Memory Networks (LSTM) [60], Transformer [11], Probabilistic Forecasting with Autoregressive Recurrent Networks
(Deep AR) [54] and Deep State Space (DSS) [53]. The y-axes are inverted for better visualization. Each panel shows the Symmetric Mean
Absolute Percentage Error (sSMAPE) achieved using different variants of covariate inputs from domestic and foreign markets for different
countries. The bottom right panel shows the average sSMAPE across countries with a shaded area denoting average sMAPE plus one standard

deviation. The different variants of covariates inputs shown on the x-axes are as defined earlier in section 4.3: Stock market forecasting
implementation and training details.

https://doi.org/10.1371/journal.pone.0302197.9017
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Fig 18. Price forecasting error in Denmark, Singapore, and South Korea for the highest-performing computational
method, TFT. These three countries present the largest Dynamic Transfer Entropy from Sentiment to Price. It can be observed
that the variants of covariates (see section 4.3: Stock market forecasting implementation and training details.), including only
Dynamic Transfer Entropy terms (C, D, and E) or foreign Sentiment terms (F, G, and H), have lower errors than the variants
including only domestic Sentiment (B) or only domestic Price (I) in addition to domestic Price.
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Fig 19. Left: Summary of Price forecasting error distributions relative to the variant of covariates A (only domestic Price) for the highest-
performing computational method, TFT, and for the variants of covariates B, C, D, and E. All the variants, including Transfer Entropy information,
obtained a median error smaller than the variant using only the Sentiment Index in addition to domestic Price, and the variants D and E obtained lower
errors than using only domestic Price. Right: Summary of Return forecasting error distributions relative to variant of covariates A. Contrary to
Price forecasting, Dynamic Transfer Entropy terms did not improve over Sentiment Index.

https://doi.org/10.1371/journal.pone.0302197.9019
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Fig 20. Left: Summary of Price forecasting error distributions relative to A variant of covariates (only domestic Price) for the variants that
include foreign Sentiment Index (G and H) or only Foreign Price (I), in addition to domestic Price. The variants, including the foreign Sentiment
Index, obtained a median error smaller than the reference (A: domestic Price) and than the variant using only foreign Price in addition to domestic
Price. Right: Summary of Return forecasting error distributions relative to variant A of covariates. Variant H (Sentiment Index and foreign
Sentiment Index) did not improve over variant A, domestic Price.

https://doi.org/10.1371/journal.pone.0302197.9020

section 4.3: Stock market forecasting implementation and training details), which includes the
foreign Sentiment Index, is higher than for variant I, which includes only foreign Price. Again,
this behaviour agrees with the Transfer Entropy analysis shown in Fig 7. The bottom left panel
of Fig 7 illustrates that the Sentiment Index of other countries helps in domestic Price forecast-
ing while the foreign Price (top left panel) does not.
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Fig 21. Left: Summary of Price forecasting error distributions relative to the variant of covariates A (only domestic Price) for the highest-
performing computational method, TFT, and for the variants of covariates B, C, D and E. For all the variants in this illustration, the Dynamic
Transfer Entropy was estimated using a window size equal to 7 days. All variants obtained a median error smaller than the variant using only the
Sentiment Index in addition to domestic Price, and variants D and E obtained lower errors than using only domestic Price. Right: Summary of Return
forecasting error distributions relative to variant of covariates A. Similarly to Price forecasting, Dynamic Transfer Entropy terms also improve over
Sentiment Index as all variants obtained a median error smaller than the variant using only the Sentiment Index.

https://doi.org/10.1371/journal.pone.0302197.g021
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Fig 21 portrays the effect of adding Dynamic Transfer Entropy time-varying covariate but
estimated using a window size of 7 days (see section 4.2: Dynamic transfer entropy analysis).
Similarly to Fig 19, the scenarios using Dynamic Transfer Entropy (variants C, D, and E) are
compared with those using Sentiment Index (variant B) (see section 4.3: Stock market forecast-
ing implementation and training details) for Price forecasting. Employing Dynamic Transfer
Entropy information computed with a window size of 7 days brings more benefits to enhanc-
ing the model’s performance than using only the Sentiment Index. These outcomes suggest
that operating with a uniform window size for Dynamic Transfer Entropy estimation and
stock market prediction enables capturing the dynamic information flow between time-vary-
ing covariates more effectively.

4.6 TFT interpretability

To confirm the benefits of the Dynamic Transfer Entropy in stock forecasting, we analyzed the
variable importance scores for the different inputs used for forecasting. To conduct this analy-
sis, we built upon the TFT open source implementation available at https://pytorch-
forecasting.readthedocs.io/en/latest/index.html. As mentioned above, in this study, we consid-
ered only covariates for which past values are known at prediction time, hence we analysed
only the variables’ importance at the TFT encoder. To confirm the results shown in Fig 18, we
examined the importance of the variables considered in variant F, namely, the country Open
Price, Low, High, and country Senti.Index, the Dynamic Transfer Entropy TEse,s 1ndex— stocks
and TEgck— sent Index- Our analysis confirmed the importance of Open Price, TEs. s rndex— stock
and TEgyck—, sent.Index i the prediction of stock Price, summing almost 80% of the weighted
importance for all the considered countries. Also, we noticed that for most of the countries,
the information flows from Stock to Sent.Index, i.e TEg;pck . sent.index> Das higher importance
(20%), compared to TEs,,r.1ndex— stock> @S illustrated in the left panel of Fig 22 for Singapore.
Only for Italy and South Korea TEs,,; 1nidex— stock had higher importance, as depicted in the
right panel of Fig 22 for South Korea.

Fig 23 represents the attention weight patterns for one-step-ahead stock Price forecasts, for
Denmark and Singapore. The attention weights can be used to understand the most important
past-time steps that the TFT model focuses on. The horizontal axis is the relative time index
compared to the target time 0. The result suggests that the time step gets a higher weight when
the relative time index is further to 0. This means that the model relies mainly on a relatively
larger window of days, i.e., approximately the previous 4 to 7 days, for prediction.

In the case of stock Return forecasting, Open Price, and TEg,,; 1ndex— stock Plays an impor-
tant role in the prediction, summing almost 70% of the weighted importance for all of the con-
sidered countries, as illustrated in the left panel of Fig 24. The right panel depicts the attention
weights pattern, and as it can be seen the model relies on the previous 6 days for prediction.

5 Conclusion

In this study, we proposed using the Temporal Fusion Transformer (TFT) [12] for stock move-
ment prediction, which efficiently correlates multiple factors affecting stock markets. Dynamic
Transfer Entropy [16] has been adopted to model causality interactions between stock and
news sentiments, which made significant contributions to stock movement prediction, leading
to improved prediction accuracy. Five models were compared for stock market prediction,
TFT was superior for predicting stock Price/Return with the lowest errors among all models.
We showed that TFT is a powerful architecture for stock movement forecasting. Most notably,
its self-attention makes it aware of all variables and their dependencies throughout every time
step, to pay more attention to certain variables. Moreover, in contrast to other forecasting
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Fig 22. Importance of encoder variables for country stock Price forecasting. The Variable Selection Network of
TFT generally selects TEg;ock—. sent.Index @ the second most important variable. (a) Singapore (b) South Korea.
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models, TFT has proven to be effective for multi-horizon forecasting, which makes it useful
for stock movement forecasting due to its ability to use time-varying future inputs. Further-
more, by using interpretable attention, TFT can show the importance of the variables that are
used to make forecasts.

Our results successfully validated the rationale behind utilizing sentiment as a predictive
factor for stock Prices/Returns of specific countries. The proposed methodology demonstrated
the existence of meaningful relationships and highlighted the potential utility of sentiment
analysis and Dynamic Transfer Entropy in predicting stock market behaviour. The Dynamic
Transfer Entropy allowed for obtaining time series that reveals the information transmission
path among financial news sentiments and stock Price/Return fluctuations and traces the spe-
cific period of causal changes between financial stocks and sentiments. To the best of our
knowledge, this is the first study that uses Dynamic Transfer Entropy as exogenous data to pre-
dict stock Price/Return. The other contribution of this work is a country-de-biased FinBERT
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Fig 23. Average attention learned by TFT. The attention weight patterns varies across countries. (a) Denmark (b)
Singapore.

https://doi.org/10.1371/journal.pone.0302197.g023

model for sentiment analysis of financial newspapers. For this, we applied fine-tuning to the
last layers of the FinBERT model by imposing a fairness constraint.

We used the Transfer Entropy to analyse the correlation between countries’ stock Prices,
which showed causality between foreign stocks. However, we only used the foreign stocks as
covariates for a fair comparison between the different forecasting models, which in our case
did not improve the prediction. In future work, we planned to include the Causality Matrix of
the Transfer Entropy between stock Price time series as input to the TFT, making use of all
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types of inputs allowed by the model, i.e., static, past-observed time-varying input and future-
known time-varying input. Moreover, our study considered only stock Price/Return and senti-
ments in news articles, in the future we planned to follow the new Adaptive Market Hypothesis
(AMH) theory [68] by incorporating, on top of stock Price/Return and Sentiment, technical
indicators, such as the moving average convergence divergence (MACD) and the relative
strength index (RSI) [69], that summarize many aspects of the historical Price and are often
used by investors to analyse market states.

Acknowledgments

We thank Can-Zhong Yao [16] for providing the code for estimating the Dynamic Transfer
Entropy.

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 37/41


https://doi.org/10.1371/journal.pone.0302197.g024
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

Author Contributions

Conceptualization: Abel Diaz Berenguer, Yifei Da, Hichem Sahli.

Data curation: Yifei Da.

Formal analysis: Abel Diaz Berenguer, Yifei Da, Matias Nicolas Bossa, Hichem Sahli.
Investigation: Abel Diaz Berenguer, Yifei Da, Hichem Sahli.

Methodology: Abel Diaz Berenguer, Hichem Sahli.

Supervision: Abel Diaz Berenguer, Meshia Cédric Oveneke, Hichem Sahli.
Validation: Yifei Da.

Visualization: Abel Diaz Berenguer, Matias Nicolds Bossa, Hichem Sahli.

Writing - original draft: Abel Diaz Berenguer, Yifei Da, Matias Nicolas Bossa, Meshia Cédric
Oveneke, Hichem Sahli.

Writing - review & editing: Abel Diaz Berenguer, Meshia Cédric Oveneke, Hichem Sahli.

References

1. Mullainathan S, Thaler RH. Behavioral economics; 2000. Available from: https://www.nber.org/system/
files/working_papers/w7948/w7948.pdf.

Mankiw NG. Principles of macroeconomics. Cengage learning; 2020.

3. Rounaghi MM, Abbaszadeh MR, Arashi M. Stock price forecasting for companies listed on Tehran
stock exchange using multivariate adaptive regression splines model and semi-parametric splines tech-
nique. Physica A: Statistical Mechanics and its Applications. 2015; 438:625-633. https://doi.org/10.
1016/j.physa.2015.07.021

4. Rounaghi MM, Zadeh FN. Investigation of market efficiency and financial stability between S&P 500
and London stock exchange: monthly and yearly forecasting of time series stock returns using ARMA
model. Physica A: Statistical Mechanics and its Applications. 2016; 456:10-21. https://doi.org/10.1016/
j.physa.2016.03.006

5. Arashi M, Rounaghi MM. Analysis of market efficiency and fractal feature of NASDAQ stock exchange:
Time series modeling and forecasting of stock index using ARMA-GARCH model. Future Business
Journal. 2022; 8(1):1-12. https://doi.org/10.1186/s43093-022-00125-9

6. ZahediJ, Rounaghi MM. Application of artificial neural network models and principal component analy-
sis method in predicting stock prices on Tehran Stock Exchange. Physica A: Statistical Mechanics and
its Applications. 2015; 438:178-187. https://doi.org/10.1016/j.physa.2015.06.033

7. Li AW, Bastos GS. Stock Market Forecasting Using Deep Learning and Technical Analysis: A System-
atic Review. IEEE Access. 2020; 8:185232—-185242. https://doi.org/10.1109/ACCESS.2020.3030226

8. Dahal KR, Pokhrel NR, Gaire S, Mahatara S, Joshi RP, Gupta A, et al. A comparative study on effect of
news sentiment on stock price prediction with deep learning architecture. PLOS ONE. 2023; 18(4):1—
19. https://doi.org/10.1371/journal.pone.0284695 PMID: 37098089

9. YooJ, SounY, Park Yc, Kang U. Accurate Multivariate Stock Movement Prediction via Data-Axis
Transformer with Multi-Level Contexts. In: Proceedings of the 27th ACM SIGKDD Conference on
Knowledge Discovery & Data Mining. Association for Computing Machinery; 2021. p. 2037—2045. Avail-
able from: https://doi.org/10.1145/3447548.3467297.

10. LuoD, Liao W, Li S, Cheng X, Yan R. Causality-Guided Multi-Memory Interaction Network for Multivari-
ate Stock Price Movement Prediction. In: Rogers A, Boyd-Graber J, Okazaki N, editors. Proc. of the
61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers); 2023.
p. 12164-12176. Available from: https://aclanthology.org/2023.acl-long.679.

11. Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is all you need.
Advances in neural information processing systems. 2017;30.

12. Lim B, Arik SO, Loeff N, Pfister T. Temporal fusion transformers for interpretable multi-horizon time
series forecasting. International Journal of Forecasting. 2021; 37(4):1748—1764. https://doi.org/10.
1016/j.ifforecast.2021.03.012

13. Hu X. Stock Price Prediction Based on Temporal Fusion Transformer. In: 2021 3rd International Confer-
ence on Machine Learning, Big Data and Business Intelligence (MLBDBI); 2021. p. 60-66.

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 38/41


https://www.nber.org/system/files/working_papers/w7948/w7948.pdf
https://www.nber.org/system/files/working_papers/w7948/w7948.pdf
https://doi.org/10.1016/j.physa.2015.07.021
https://doi.org/10.1016/j.physa.2015.07.021
https://doi.org/10.1016/j.physa.2016.03.006
https://doi.org/10.1016/j.physa.2016.03.006
https://doi.org/10.1186/s43093-022-00125-9
https://doi.org/10.1016/j.physa.2015.06.033
https://doi.org/10.1109/ACCESS.2020.3030226
https://doi.org/10.1371/journal.pone.0284695
http://www.ncbi.nlm.nih.gov/pubmed/37098089
https://doi.org/10.1145/3447548.3467297
https://aclanthology.org/2023.acl-long.679
https://doi.org/10.1016/j.ijforecast.2021.03.012
https://doi.org/10.1016/j.ijforecast.2021.03.012
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

HanY, TianY, YuL, Gao Y. Economic system forecasting based on temporal fusion transformers:
Multi-dimensional evaluation and cross-model comparative analysis. Neurocomputing. 2023;
552:126500. https://doi.org/10.1016/j.neucom.2023.126500

Laborda J, Ruano S, Zamanillo I. Multi-Country and Multi-Horizon GDP Forecasting Using Temporal
Fusion Transformers. Mathematics. 2023; 11(12). https://doi.org/10.3390/math11122625

Yao CZ. Information flow analysis between EPU and other financial time series. Entropy. 2020; 22
(6):683. https://doi.org/10.3390/e22060683 PMID: 33286453

Granger CWJ. Investigating Causal Relationship by Econometric Model and Cross-spectral Methods.
Econometrica. 1969; 37:424—438. https://doi.org/10.2307/1912791

Schreiber T. Measuring information transfer. Physical review letters. 2000; 85(2):461. https://doi.org/
10.1103/PhysRevLett.85.461 PMID: 10991308

Stoean C, Paja W, Stoean R, Sandita A. Deep architectures for long-term stock price prediction with a
heuristic-based strategy for trading simulations. PLOS ONE. 2019; 14(10):1-19. https://doi.org/10.
1371/journal.pone.0223593 PMID: 31600306

Feng F, Chen H, He X, Ding J, Sun M, Chua TS. Enhancing stock movement prediction with adversarial
training. In: Proc. Of 28th Int. Joint Conf. on Atrtificial Intelligence, IJCAI-19; 2019. p. 5843-5849.

Feng W, Ma X, Li X, Zhang C. A representation learning framework for stock movement prediction.
Applied Soft Computing. 2023; 144:110409. https://doi.org/10.1016/j.as0c.2023.110409

Xu'Y, Cohen SB. Stock Movement Prediction from Tweets and Historical Prices. In: Gurevych |, Miyao
Y, editors. Proc. of the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers). Association for Computational Linguistics; 2018. p. 1970-1979. Available from: https:/
aclanthology.org/P18-1183.

Tang N, Shen 'Y, Yao J. Learning to Fuse Multiple Semantic Aspects from Rich Texts for Stock Price
Prediction. In: Cheng R, Mamoulis N, Sun Y, Huang X, editors. Web Information Systems Engineering
—WISE 2019; 2019. p. 65-81.

Ko C, Chang H. LSTM-based sentiment analysis for stock price forecast. Peerd Computer Science.
2021; 7:e408. https://doi.org/10.7717/peerj-cs.408 PMID: 33817050

Sidogi T, Mbuvha R, Marwala T. Stock price prediction using sentiment analysis. In: 2021 IEEE Interna-
tional Conference on Systems, Man, and Cybernetics (SMC). IEEE; 2021. p. 46-51.

Usmani S, Shamsi JA. LSTM based stock prediction using weighted and categorized financial news.
PLOS ONE. 2023; 18(3):1-27. https://doi.org/10.1371/journal.pone.0282234 PMID: 36881605

Dimpfl T, Julia PF. Using transfer entropy to measure information flows between financial markets.
Studies in Nonlinear Dynamics and Econometrics. 2013; 17(1):85-102.

Ranco G, Aleksovski D, Caldarelli G, Gréar M, Mozeti¢ |. The Effects of Twitter Sentiment on Stock
Price Returns. PLOS ONE. 2015; 10(9):1-21. https://doi.org/10.1371/journal.pone.0138441 PMID:
26390434

Jazbec M, Pasztor B, Faltings F, Antulov-Fantulin N, K PN. On the impact of publicly available news
and information transfer to financial markets. R Soc open sci. 2021; 8(7). https://doi.org/10.1098/rsos.
202321 PMID: 34350010

Mendoza-Urdiales RA, Nufiez-Mora JA, Santillan-Salgado RJ, Valencia-Herrera H. Twitter Sentiment
Analysis and Influence on Stock Performance Using Transfer Entropy and EGARCH Methods. Entropy.
2022; 24(7):874. https://doi.org/10.3390/e24070874 PMID: 35885097

Varghese RR, Mohan BR. Study on the sentimental influence on Indian stock price. Heliyon. 2023; 9
(12):622788. https://doi.org/10.1016/j.heliyon.2023.622788 PMID: 38107317

Behrendt S, Dimpfl T, Peter FJ, Zimmermann DJ. RTransferEntropy—Quantifying information flow
between different time series using effective transfer entropy. SoftwareX. 2019; 10:100265. https://doi.
org/10.1016/j.s0ftx.2019.100265

Keskin Z, Aste T. Information-theoretic measures for nonlinear causality detection: application to social
media sentiment and cryptocurrency prices. R Soc Open Sci. 2020;(9):729-757. https://doi.org/10.
1098/rs0s.200863 PMID: 33047046

Boba P, Bollmann D, Schoepe D, Wester N, Wiesel J, Hamacher K. Efficient computation and statistical
assessment of transfer entropy. Frontiers in Physics. 2015; 3. https://doi.org/10.3389/fphy.2015.00010

Marschinski R, Kantz H. Analysing the information flow between financial time series: An improved esti-
mator for transfer entropy. The European Physical Journal B-Condensed Matter and Complex Systems.
2002; 30:275-281. https://doi.org/10.1140/epjb/e2002-00379-2

Yao CZ, Li HY. Effective transfer entropy approach to information flow among epu, investor sentiment
and stock market. Frontiers in Physics. 2020; 8:206. https://doi.org/10.3389/fphy.2020.00206

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 39/41


https://doi.org/10.1016/j.neucom.2023.126500
https://doi.org/10.3390/math11122625
https://doi.org/10.3390/e22060683
http://www.ncbi.nlm.nih.gov/pubmed/33286453
https://doi.org/10.2307/1912791
https://doi.org/10.1103/PhysRevLett.85.461
https://doi.org/10.1103/PhysRevLett.85.461
http://www.ncbi.nlm.nih.gov/pubmed/10991308
https://doi.org/10.1371/journal.pone.0223593
https://doi.org/10.1371/journal.pone.0223593
http://www.ncbi.nlm.nih.gov/pubmed/31600306
https://doi.org/10.1016/j.asoc.2023.110409
https://aclanthology.org/P18-1183
https://aclanthology.org/P18-1183
https://doi.org/10.7717/peerj-cs.408
http://www.ncbi.nlm.nih.gov/pubmed/33817050
https://doi.org/10.1371/journal.pone.0282234
http://www.ncbi.nlm.nih.gov/pubmed/36881605
https://doi.org/10.1371/journal.pone.0138441
http://www.ncbi.nlm.nih.gov/pubmed/26390434
https://doi.org/10.1098/rsos.202321
https://doi.org/10.1098/rsos.202321
http://www.ncbi.nlm.nih.gov/pubmed/34350010
https://doi.org/10.3390/e24070874
http://www.ncbi.nlm.nih.gov/pubmed/35885097
https://doi.org/10.1016/j.heliyon.2023.e22788
http://www.ncbi.nlm.nih.gov/pubmed/38107317
https://doi.org/10.1016/j.softx.2019.100265
https://doi.org/10.1016/j.softx.2019.100265
https://doi.org/10.1098/rsos.200863
https://doi.org/10.1098/rsos.200863
http://www.ncbi.nlm.nih.gov/pubmed/33047046
https://doi.org/10.3389/fphy.2015.00010
https://doi.org/10.1140/epjb/e2002-00379-2
https://doi.org/10.3389/fphy.2020.00206
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

37.

38.

39.

40.

M.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.
53.

54.

55.

56.
57.
58.

59.

60.

61.

Hou K. Industry information diffusion and the lead-lag effect in stock returns. The review of financial
studies. 2007; 20(4):1113-1138. https://doi.org/10.1093/revfin/hhm003

Qin'Y, Song D, Cheng H, Cheng W, Jiang G, Cottrell GW. A Dual-Stage Attention-Based Recurrent
Neural Network for Time Series Prediction. In: Proc. of the 26th International Joint Conference on Artifi-
cial Intelligence. AAAI Press; 2017. p. 2627-2633.

Chen T, Kornblith S, Norouzi M, Hinton G. A simple framework for contrastive learning of visual repre-
sentations. In: International conference on machine learning. PMLR; 2020. p. 1597-1607.

Zhou H, Zhang S, Peng J, Zhang S, Li J, Xiong H, et al. Informer: Beyond Efficient Transformer for Long
Sequence Time-Series Forecasting. In: Thirty-Fifth AAAI Conference on Artificial Intelligence (AAAI-
21); 2021. p. 11106—11115. Available from: https://api.semanticscholar.org/Corpus|D:229156802.

Lea C, Vidal R, Reiter A, Hager GD. Temporal Convolutional Networks: A Unified Approach to Action
Segmentation. In: Hua G, Jégou H, editors. Computer Vision—ECCV 2016 Workshops. Springer Inter-
national Publishing; 2016. p. 47-54.

Devlin J, Chang MW, Lee K, Toutanova K. Bert: Pre-training of deep bidirectional transformers for lan-
guage understanding. arXiv preprint arXiv:181004805. 2018;.

Araci D. Finbert: Financial sentiment analysis with pre-trained language models. arXiv preprint
arXiv:190810063. 2019;.

Hutto C, Gilbert E. Vader: A parsimonious rule-based model for sentiment analysis of social media text.
In: Proceedings of the international AAAI conference on web and social media. vol. 8; 2014. p. 216—
225.

Loughran T, McDonald B. When Is a Liability Not a Liability? Textual Analysis, Dictionaries, and 10-Ks.
The Journal of Finance. 2011; 66(1):35-65. https://doi.org/10.1111/j.1540-6261.2010.01625.x

Angelov PP, Soares EA, Jiang R, Arnold NI, Atkinson PM. Explainable artificial intelligence: an analyti-
cal review. WIREs Data Mining and Knowledge Discovery. 2021; 11(5):e1424. https://doi.org/10.1002/
widm.1424

Pursiainen V. Cultural Biases in Equity Analysis. The Journal of Finance. 2022; 77(1):163-211. https://
doi.org/10.1111/jofi. 13095

Kirichenko P, Izmailov P, Wilson AG. Last Layer Re-Training is Sufficient for Robustness to Spurious
Correlations. arXiv preprint arXiv:220402937. 2023;.

Huang PS, Zhang H, Jiang R, Stanforth R, Welbl J, Rae J, et al. Reducing sentiment bias in language
models via counterfactual evaluation. arXiv preprint arXiv:191103064. 2019;.

Malo P, Sinha A, Korhonen P, Wallenius J, Takala P. Good debt or bad debt: Detecting semantic orien-
tations in economic texts. Journal of the Association for Information Science and Technology. 2014; 65
(4):782—796. https://doi.org/10.1002/asi.23062

Shannon CE. A mathematical theory of communication. The Bell system technical journal. 1948; 27
(3):379-423. https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

Sheather SJ. Density estimation. Statistical science. 2004; p. 588-597.

Rangapuram SS, Seeger MW, Gasthaus J, Stella L, Wang Y, Januschowski T. Deep state space mod-
els for time series forecasting. Advances in neural information processing systems. 2018;31.

Salinas D, Flunkert V, Gasthaus J, Januschowski T. DeepAR: Probabilistic forecasting with autoregres-
sive recurrent networks. International Journal of Forecasting. 2020; 36(3):1181—-1191. https://doi.org/
10.1016/j.ijforecast.2019.07.001

Das N, Sadhukhan B, Chatterjee T, Chakrabarti S. Effect of public sentiment on stock market move-
ment prediction during the COVID-19 outbreak. Social network analysis and mining. 2022; 12(1):92.
https://doi.org/10.1007/s13278-022-00919-3 PMID: 35911484

Zivot E, Wang J. Modeling financial time series with S-PLUS. Springer; 2006.

Brownlee J. Introduction to time series forecasting with python: how to prepare data and develop mod-
els to predict the future. Machine Learning Mastery; 2017.

Qiao R, Chen W, Qiao Y. Prediction of stock return by LSTM neural network. Applied Artificial Intelli-
gence. 2022; 36(1):2151159. https://doi.org/10.1080/08839514.2022.2151159

Mehtab S, Sen J, Dutta A. Stock price prediction using machine learning and LSTM-based deep learn-
ing models. In: Machine Learning and Metaheuristics Algorithms, and Applications: Second Sympo-
sium, SOMMA 2020, Chennai, India, October 14—17, 2020, Revised Selected Papers 2. Springer; 2021.
p. 88—106.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural computation. 1997; 9(8):1735-1780.
https://doi.org/10.1162/neco.1997.9.8.1735 PMID: 9377276

Dauphin YN, Fan A, Auli M, Grangier D. Language modeling with gated convolutional networks. In:
International conference on machine learning. PMLR; 2017. p. 933-941.

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 40/ 41


https://doi.org/10.1093/revfin/hhm003
https://api.semanticscholar.org/CorpusID:229156802
https://doi.org/10.1111/j.1540-6261.2010.01625.x
https://doi.org/10.1002/widm.1424
https://doi.org/10.1002/widm.1424
https://doi.org/10.1111/jofi.13095
https://doi.org/10.1111/jofi.13095
https://doi.org/10.1002/asi.23062
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1016/j.ijforecast.2019.07.001
https://doi.org/10.1016/j.ijforecast.2019.07.001
https://doi.org/10.1007/s13278-022-00919-3
http://www.ncbi.nlm.nih.gov/pubmed/35911484
https://doi.org/10.1080/08839514.2022.2151159
https://doi.org/10.1162/neco.1997.9.8.1735
http://www.ncbi.nlm.nih.gov/pubmed/9377276
https://doi.org/10.1371/journal.pone.0302197

PLOS ONE

Causality driven multivariate stock movement forecasting

62.
63.

64.

65.

66.

67.

68.

69.

Ba JL, Kiros JR, Hinton GE. Layer normalization. arXiv preprint arXiv:160706450. 2016;.

Clevert DA, Unterthiner T, Hochreiter S. Fast and accurate deep network learning by exponential linear
units (elus). arXiv preprint arXiv:151107289. 2015;.

Gal Y, Ghahramani Z. A theoretically grounded application of dropout in recurrent neural networks.
Advances in neural information processing systems. 2016;29.

Alexandrov A, Benidis K, Bohlke-Schneider M, Flunkert V, Gasthaus J, Januschowski T, et al. GluonTS:
Probabilistic Time Series Modeling in Python. arXiv preprint arXiv:190605264. 2019;.

Alexandrov A, Benidis K, Bohlke-Schneider M, Flunkert V, Gasthaus J, Januschowski T, et al. GluonTS:
Probabilistic and Neural Time Series Modeling in Python. Journal of Machine Learning Research. 2020;
21(116):1-6.

Hyndman RJ, Koehler AB. Another look at measures of forecast accuracy. International journal of fore-
casting. 2006; 22(4):679-688. https://doi.org/10.1016/j.ijforecast.2006.03.001

Lo A. Reconciling efficient markets with behavioral finance: The adaptive markets hypothesis. Journal
of Investment Consulting. 2005; 7:21-44.

Peng Y, Albuquerque PHM, Kimura H, Saavedra CAPB. Feature selection and deep neural networks
for stock price direction forecasting using technical analysis indicators. Machine Learning with Applica-
tions. 2021; 5:100060. https://doi.org/10.1016/j.mlwa.2021.100060

PLOS ONE | https://doi.org/10.1371/journal.pone.0302197  April 25, 2024 41/41


https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.mlwa.2021.100060
https://doi.org/10.1371/journal.pone.0302197

