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As a new type of information source, social media data can reflect the micro-level characteristics of economic activities, providing a new perspective
and rich materials for macroeconomic analysis. Traditional macroeconomic forecasting methods rely on officially released statistics, which usually
have a long release cycle and time lag, making it difficult to capture the impact of market sentiment fluctuations and unexpected events on the economic
environment. This study evaluates and validates the feasibility of social media data in macroeconomic forecasting and constructs a macroeconomic
forecasting model based on social media data. The experimental results show that social media data can provide a valuable flow of information
that helps to capture the economic pulse that cannot be reflected in time by traditional statistics, and enhances the insight into the macroeconomic
situation. At the same time, social media data can also improve the accuracy and sensitivity of macroeconomic forecasts, providing policy makers,
corporate decision makers and market participants with a more forward-looking basis for decision making.
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1. INTRODUCTION

timeliness, which makes it difficult to capture the impact

In today’s information-based society, social media have
become part of the daily life of billions of users around
the world, and they are both channels for information
dissemination and important platforms for the expression
of public opinions and emotions [1]. From real-time news
sharing on Twitter and interactive discussions on Facebook
to hotspot tracking on Weibo and displaying consumption
trends on Jitterbug, social media data can reveal the micro-
level characteristics of economic activities due to its mas-
sive, instantaneous and multi-dimensional nature, providing
a new perspective and rich materials for macroeconomic
analysis.Traditional macroeconomic forecasts rely mainly on
official statistics, such as GDP growth rate, unemployment
rate, consumer confidence index, etc. [2, 3]. Although
these data are authoritative and representative, they are
generally characterized by a long release cycle and lagging
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of market sentiment fluctuations and unexpected events on
the economic environment. Particularly against the backdrop
of an increasingly complex and uncertain global economy,
this lag may lead to a delayed response by policymakers
and investors in dealing with the rapidly changing economic
situation [4].

In recent years, the rise of big data technology and break-
throughs in natural language processing, machine learning
and other related fields have made it possible to deeply
mine and effectively utilize social media data. A large
number of empirical studies have shown that user behavior
and the speech content on social media are closely linked
to macroeconomic activities. For example, by analyzing
emotional tendencies on social media, the state of Consumer
Confidence and broader social sentiment can be indirectly
reflected. By tracking and quantitatively analyzing hot topics
on Social Media, the future development trend of certain
industries or products can be predicted, and even the early
warning signals of an economic crisis can be perceived in
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Figure 1 Economic forecasting models in the traditional model and in the big data era.

advance. Hence, exploring the feasibility of social media
data in macroeconomic forecasting has important theoretical
value and practical significance [5].

This study aims to determine whether social media data
can be used as a new type of information source to com-
pensate for the shortcomings of traditional macroeconomic
forecasting methods in terms of real-time performance,
dynamics and micro-level insights, so as to improve the
accuracy and sensitivity of forecasting models. By mining
and analyzing user behavior and the speech content on these
platforms, it is expected to enhance forecasts of Economic
Status, offer more precise Analysis, and support Investment
and Decision-Making.

Traditional macroeconomic forecasting mainly relies on
structured indicators released by Governments, such as
GDP Growth Rate, Unemployment Rate, and Consumer
Confidence. In contrast, forecasting in the big data era
integrates massive real-time Information from social media,
enabling more dynamic monitoring of public sentiment
and industrial trends. These conceptual differences are
illustrated in Figure 1, where the relationships among social
media data, information processing, analytical models, and
macroeconomic forecasting outcomes are summarized.

The rapid development of big data technology and machine
learning algorithms provides technical support for the effec-
tive utilization of social media data. It has been shown that
there is a certain correlation between social media sentiment,
topic ‘hotness’ and other factors, and macroeconomic indica-
tors. However, the deep integration of social media data into
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macroeconomic forecasting models is still in its infancy, and
the related theoretical construction, empirical tests and their
practical effects still need to be explored in depth. The main
objective of this paper is to assess and verify the feasibility
of social media data in macroeconomic forecasting, and
to construct a macroeconomic forecasting model based on
social media data. Firstly, the relevant literature is examined
to determine and summarize the current research status of
social media data applied to macroeconomic forecasting.
Secondly, the theoretical foundation and model construction
strategy are elaborated, and include an explanation of how
effective macroeconomic signals can be extracted from social
media. Further, through the empirical analysis of real
data, the study demonstrates the performance of social
media data in forecasting key macroeconomic indicators
such as GDP, consumer confidence index, employment rate,
and so on. Finally, improvement measures and future
research directions are proposed to address the challenges
and problems encountered in the research process. In this
way, it provides theoretical support and empirical reference
for the practical application of social media data in the field
of macroeconomic forecasting.

The study explores the potential of social media data as
a resource complementing the traditional macroeconomic
forecasting methodologies. Its focus is on assessing the
feasibility of using these novel data sources to enhance
real-time insights, dynamics, and micro-level understand-
ing in terms of economic predictions. Structurally, the
study commences with a comprehensive literature review,
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highlighting the perceived economic value of social media
data and prior attempts at capturing macroeconomic signals
through this medium. Following the review, the paper delves
into the theoretical underpinnings and outlines a strategy for
extracting meaningful macroeconomic indicators from the
vast landscape of social media. This includes detailing the
methods used to harness user behaviors and discourse content
for forecasting purposes. Then an empirical analysis is con-
ducted to test the efficacy of social media data is tested. Real-
world datasets are utilized to gauge the performance of social
media-driven forecasts on pivotal economic indicators—
GDP, consumer confidence, and employment rates, among
others. Lastly, the study addresses challenges encountered,
suggesting refinements and pointing to new avenues for
research. By doing so, it aims to contribute theoretically
and empirically to the integration of social media within
macroeconomic forecasting frameworks, ultimately offering
policymakers, businesses, and investors a set of enhanced
tools for navigating economic landscapes in an increasingly
data-driven world.

2. LITERATURE REVIEW

In the current research field, the application of social media
data as a new type of information source for macroeconomic
forecasting has received increasing attention. This study
examines in depth the domestic and international research
results in the related fields.

2.1 Perceived Economic Value of Social
Media Data and Macroeconomic
Signal Capture

In earlier research, the pioneering work of Chakraborty et
al. [6] laid the groundwork for the use of social media data
in economic forecasting. In their study, “Social Perception
of Twitter Sentiment Time Series” [7] they constructed a
sentiment index based on Twitter sentiment analysis and
found a significant correlation between the index and the
Dow Jones Industrial Average (DJIA), and discovered a
significant correlation between the index and the Dow Jones
Industrial Average (DJIA), thus verifying that the sentiment
of social media users can be used as an important reference
indicator for financial market dynamics. For example,
Chaudhary et al. [8] noted in their study that public sentiment
on Twitter can be used as an effective tool for real-time
forecasting of Japan’s Gross Domestic Product (GDP) growth
rate. Similarly, Chen et al. [9] used data from Google Trends
to reveal a strong link between the volume of web searches
and actual consumer spending, illustrating the importance
of online behavioral data for understanding macroeconomic
phenomena. In addition, Court et al. [10] explored the prior
relationship between social media sentiment and Chinese
stock market volatility using data from the Chinese social me-
dia platform Weibo. And by constructing a global sentiment
index, Dendramis et al. [11] not only confirmed its linkage
effect with major global stock markets, but also explored the
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possibility of social media data to predict financial risks on a
global scale. In summary, a series of empirical studies have
demonstrated that social media data can provide a valuable
flow of information, help capture in a timely manner the
economic pulse that traditional statistics cannot reflect, and
enhance insight into the macroeconomic situation. However,
research in this area is still deepening and improving, and
how to accurately quantify the causal relationship between
social media data and economic variables, as well as how to
improve the robustness and accuracy of forecasting models,
remain important directions for future research.

While the aforementioned studies suggest a largely pos-
itive correlation between social media sentiment and eco-
nomic indicators, there is a need to acknowledge the
complexity and potential biases inherent in social media
data. Future research could benefit from exploring potential
discrepancies in these correlations in various cultural and
economic contexts, ensuring a more nuanced understanding
of the relationship.

2.2 Application of Social Media Data
in Forecasting Macroeconomic
Indicators

With the rapid development of big data technologies, text
mining, and machine learning algorithms, an increasing num-
ber of researchers have begun to actively explore the potential
of social media data in directly predicting macroeconomic
indicators. These studies have not only focused on traditional
search trend data, but also delved into the user-generated
content widely available on various social media platforms.
Dubois et al. [12] revealed strong connections between
online behavior and economic activity. By analyzing Google
search trend data, they found that changes in the number of
searches for specific keywords can be used as an effective
indicator of future changes in the unemployment rate, thus
providing a new way to monitor and predict labor market dy-
namics in real time. The research results published by Fan et
al. [13] showed that there is a significant negative correlation
between the change in the number of online job postings and
the future trend of the unemployment rate; that is, an increase
in the number of job advertisements tends to signal a decrease
in the unemployment rate and vice versa. Feuerriegel et
al. [14] further broadened the field of social media data
applied to macroeconomic forecasting. Their study shows
that by utilizing the massive textual information on Twitter, it
is possible to construct a model with some predictive power
for GDP growth. Likewise, other scholars have contributed
important research results in this direction. Frennesson et al.
[15] successfully predicted some macroeconomic variables
using Chinese social media data, proving the importance of
microblog sentiment index in reflecting economic confidence
and predicting economic growth. Guo et al. [16] applied
sentiment analysis methods to examine Twitter data, with the
results showing that the sentiment expression on social media
has a high degree of predictive ability and alignment with the
officially-released consumer confidence index. In summary,
social media data, as an emerging source of information, has
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been widely proven to have the ability to effectively predict
macroeconomic indicators.

While the predictive power of social media data is encour-
aging, it is imperative to address methodological inconsis-
tencies across studies. Comparative analyses, standardizing
data processing techniques and validation across multiple
economies, would strengthen the generalizability of findings.
Furthermore, exploring the limits of predictability, especially
during periods of economic shocks or crises, could enhance
our understanding of the robustness of these models.

23 Correlation Study between Social
Media Topics and Macroeconomic
Events

Against the backdrop of increasingly digitized and networked
economic activities, scholars have begun to delve deeper into
topic discussions in social media and their relevance to real-
world macroeconomic events. These studies have revealed
non-linear information dissemination mechanisms between
public online behavior and market dynamics. For example,
Hargittai [17] found that discussion trends on social media
can reflect stock market volatility in advance. They point
out that in some cases, opinion trends on social media can
serve as effective signals for predicting changes in the stock
market, which provides financial market stakeholders with
new perspectives to capture changes in market sentiment and
expectations [18].

By means of a time-series analysis of search volume,
Huang et al. [19] found a significant correlation between
consumer spending and the volume of Internet searches for
related goods or services. Their study suggests that consumer
search behavior on the Web can serve as an important proxy
for actual consumption behavior and help predict trends in
macroeconomic variables such as consumer spending. In
addition, a study published by Juergens and Meyer-Hess [20]
confirmed the value of social media data in offering insights
into macroeconomic conditions. Using publicly available
information on Twitter, they mined early warning signals
prior to an increase in unemployment and successfully com-
pared them with official statistics, demonstrating the potential
of social media data to monitor labor market dynamics.
Koukaras et al. [21] developed a model based on Twitter
sentiment analysis that effectively predicts movements in the
Dow Jones Industrial Average. This work suggests that the
collective emotional state of social media users can reflect
market confidence and future economic trends to some extent
[22].

In summary, several empirical studies have not only val-
idated the intrinsic connection between social media topics
and macroeconomic events, but also demonstrated the unique
advantages of social media big data as a macroeconomic
forecasting tool. With advances in data science and the
availability of more high-quality datasets, this field will
continue to expand and strengthen our understanding of
socioeconomic phenomena [23].

The correlation studies, while compelling, often focus
on linear relationships. Investigating non-linear and poten-
tially asynchronous effects of social media discussions on
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macroeconomic outcomes would offer a more dynamic view
of these interactions. Moreover, it is crucial that future
research examine the disseminating of misinformation and
disinformation via social media, and its impact on economic
perceptions, which could be distorted as result.

24 Challenges and Coping Strategies

Despite the strong potential of utilizing social media data for
macroeconomic forecasting, there are still many challenges
in its practical application. First, the noise problem of
social media data should not be ignored, as the messages
posted by users usually contain a lot of irrelevant information,
erroneous views and emotional expressions, which may give
false or misleading perceptions of economic phenomena.
Second, the dissemination of information on social media
platforms tends to lead to emotional polarization, and
extreme views of users may over-amplify or minimize actual
market reactions and social sentiments. Privacy protection
is also an important issue, and with the introduction of
regulations such as GDPR [24], how to rationally use social
media data and safeguard user privacy has become a major
challenge for researchers. In addition, regarding technical
implementation, how to extract valuable macroeconomic
signals from massive amounts of unstructured text data
and transform them into effective prediction models is a
daunting task. To overcome the above challenges, academics
have proposed a series of coping strategies. On the one
hand, advanced natural language processing techniques and
machine learning algorithms are used to filter out noise and
extract useful information, such as accurately identifying
users’ emotional states through sentiment analysis and deeply
understanding the topic structure of user discussions through
topic modeling. On the other hand, complex network models
have been constructed to reveal opinion diffusion paths
and centers of influence, which helps to accurately assess
the degree of influence of specific issues on the economic
environment. In addition, some scholars have developed
hybrid forecasting models by combining traditional statistical
indicators with social media data to improve the accuracy
of macroeconomic forecasting. For example, Preis et al.
successfully improved the efficacy of unemployment rate
prediction by combining Google search trend data with
traditional economic indicators in their study. To summarize,
previous studies have initially confirmed the feasibility of
social media data in macroeconomic forecasting. However,
how to extract and integrate these unstructured massive data
more effectively to improve the forecasting accuracy and
stability of models is still an important topic to be thoroughly
researched and tested for feasibility [25, 26].

Addressing the challenges, it is crucial to emphasize the
ethical considerations in handling personal data from social
media platforms. Balancing the utility of big data with pri-
vacy rights demands innovative solutions such as differential
privacy techniques. Furthermore, the integration of feedback
loops in predictive models, allowing for continuous refine-
ment based on real-world outcomes, can improve model
adaptability and accuracy over time. Amidst the quest for
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Figure 2 Theoretical framework of the article.

more sophisticated analytical tools, the scientific community
must also invest in transparency and reproducibility, ensuring
that the advancements in this field are grounded in rigorous
and verifiable methodologies.

3. MODELING

3.1 Rationale

The theoretical framework of this study relies on the
three major fields of information economics, behavioral
economics, and big data analysis, which complement each
other and together provide a solid theoretical basis for the
use of social media data for macroeconomic forecasting, the
theoretical framework of this paper is specifically shown in
Figure 2.

First, in regard to information economics, information
asymmetry of market participants is considered a key factor
affecting economic efficiency and decision-making quality
[27]. Traditionally, this information asymmetry has led to
problems such as the misallocation of resources and lagging
market response. However, with the development of Internet
technology and the emergence of social media platforms,
real-time and extensive user-generated content has become
a new source of information. Second, behavioral economics
emphasizes the role of irrational factors such as emotions and
cognitive biases in individual and group economic decision-
making [28]. Emotional feedback from users on social
media platforms often reflects timely changes in the public’s
perceptions and expectations of economic events, as pointed
out in a study by [29], market sentiment can be used as
an effective indicator of macroeconomic confidence, and
the emotional expression of social media users provides an
important window for observing the dynamics of macroeco-
nomic sentiment.
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Finally, by combining the current advanced technologies
and methods of big data analysis, especially natural language
processing (NLP) and machine learning (ML) technologies,
it is possible to mine information with predictive value
from massive unstructured social media texts [30]. By
various means such as text mining, sentiment analysis,
topic modeling, etc., any signals that are closely related to
macroeconomic activities can be identified, such as consump-
tion trends, employment status, investment intentions, etc.,
from seemingly cluttered data, and accurate macroeconomic
prediction models can be constructed based on these signals.

3.2 Model Building Strategy
and Implementation Methodology
3.2.1 Data Acquisition

In this study, we adopted a systematic and scientific modeling
strategy to extract from social media data any signals with
macroeconomic forecasting value. Firstly, we focused on
major social media platforms such as Twitter and Facebook,
and targeted the public posts, comments and shares that are
closely related to macroeconomics through API interfaces or
Web crawler technology, while strictly complying with the
data use policies and privacy protection requirements of each
platform [31].

The next core preprocessing stage covers multi-step fine
processing, which is shown in Figure 3.

(1) For data cleansing, we eliminated non-substantive con-
tent such as irrelevant characters, special symbols,
hyperlinks and advertising information, effectively re-
ducing the impact of noise on subsequent analysis.

(2) In order to ensure the purity of the dataset, hash
algorithms and similarity-based calculations were used
to identify and remove duplicate content entries.
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(3) For standardization, the collected text was converted
into a uniform code, and lexical normalization tech-
niques, such as stemming and morphological reduction,
were applied to eliminate ambiguities due to changes
in lexical morphology and to make the data more
consistent and comparable.

(4) For the sentiment color of each text, we quantified its
sentiment polarity score using LSTM, thus providing
a key sentiment dimension information for subsequent
feature engineering, which helps to reveal the potential
correlation between changes in public sentiment and
macroeconomic indicators.

3.2.2 Feature Engineering

In this stage, we designed and extracted feature variables that
reflect multiple dimensions such as users’ emotional state,
public attention focus, topic hotness and social influence,
including sentiment indicators, keyword frequency statistics,
and network influence measurement.

Sentiment indicators: the results of sentiment analysis
are used as continuous features, such as positive sentiment
scores, negative sentiment scores, and overall sentiment
tendencies. Sentiment analysis is a natural language pro-
cessing task that is conducted to identify and quantify the
emotional attitudes expressed in a text, such as happiness,
anger, sadness, and joy. There are several approaches for
sentiment analysis: lexicon-based, rule-based, and machine-
learning-based. Of these, machine-learning-based methods
are the most commonly used as they can utilize models such
as deep neural networks to extract features from text and
perform classification or regression. For example, we can
use a sentiment analysis model based on a long short-term
memory network (LSTM), whose input is a text sequence
and output is a sentiment score. LSTM is a type of recurrent
neural network (RNN) that can deal with variable-length
sequential data and can memorize long term dependencies.
The formulas for LSTM are shown in Equations (1)—(6) [32].

fi=oWexi +Ushi—1 +by) (H
ir = o (Wix; + Uihy—1 + b;) 2
0r = 0 (Wox: + Uphs—1 + by) 3)
¢, = tanh(Wex; + Uchy—1 + bc) 4)
a=fiOc1+i1Oc¢ (5)
h; = oy © tanh(cy) 6)

Where x; is the input of the z-th time step, h; is the
hidden state of the tth time step, ¢; is the memory cell of
the ¢-th time step f;, i;, oy is the forgetting gate, the input
gate and the output gate of the tth time step, respectively,
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and o is the sigmoid function, © is the element-by-element
multiplication, and W, U, b is the parameter of the model.

With LSTM, we can obtain the last hidden state of the
text sequence hr, which contains the global information of
the text. Then, we can input ht into a Fully Connected
Layer (FC) to obtain a sentiment score s that indicates the
sentiment tendency of the text, such as positive or negative.
The formula for FC is s = Wshr + by where Wy, by is the
parameter of FC [33, 34].

With this model, we can analyze the sentiment of texts of
arbitrary length and obtain a continuous sentiment score as a
feature of the sentiment indicator.

Keyword Frequency Statistics: Using methods such as
TF-IDF (Term Frequency-Inverse Document Frequency), the
frequency of occurrence of specific macroeconomic-related
keywords or subject tags is counted, so as to identify the
hotspots of public opinion and their changes in different
time periods. Keyword frequency statistics is a text mining
method that is used to discover the keywords in the text
that best represent its theme or content, and quantify their
importance. Its process is shown in Figure 4. The formula
for TF-IDF is: TF-IDF(w, d) = TF(w, d) * IDF(w). Where
TF-IDF(w, d) is the TF-IDF value of word w in document
d, TF(w, d) is the word frequency of word w in document
d, and IDF(w) is the inverse document frequency of word
w. Its formula is: IDF(w) = log% where N is the
total number of documents, and DF(w) is the number of
documents containing word w [35].

With TF-IDF, we can score each word in each document
and select some words with the highest scores as keywords to
characterize the keyword frequency. We can also group the
documents according to different time periods and calculate
the keyword frequency in each grouping, so as to portray the
hotspots of public opinion and their changes at different times
[36].

Network Influence Measurement: With the help of com-
plex network analysis tools, such as the PageRank algorithm,
key opinion leaders (kols) and the diffusion path of public
opinion are mined to identify the important nodes and
structural features of information dissemination. Network
Influence Measurement is a social network analysis method,
which is applied to analyze the relationships between users
and information in social media, and the role of these
relationships in information dissemination and influence.
There are many methods of network influence measurement,
such as PageRank, HITS, Katz and so on. Among them,
PageRank is the most commonly used and it is a method
based on link analysis which considers the importance of a
node to be directly proportional to its in-degree as well as
to the importance of its out-degree node. The formula for

PageRank is as follows: PR(u) = % + dZveBu %
[37].
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Where, PR(u) is the PageRank value of node u, d is the
damping coefficient, which is generally taken as 0.85, N is
the total number of nodes, Bu is the set of nodes pointing to
node u, and L(v) is the out-degree of node v. With PageRank,
we can rank the users in social media and select some of
the highest ranked users as Key Opinion Leaders (kols) to
characterize the network influence. We can also track the
information in social media and analyze its diffusion path
and scope, so as to portray the important nodes and structural
features of information dissemination.

3.23 Model Selection and Training

Given the time-series nature of macroeconomic data, we
chose a hybrid model (LSTM +- traditional statistical model)
that combines machine learning for predictive analysis.
Before constructing the model, we extracted several signals
related to macroeconomics from social media data, such as
sentiment tendency, topic hotness, and user behavior. Then,
we matched these signals with actual macroeconomic indi-
cators (e.g., GDP, unemployment rate, consumer confidence
index, etc.) To form multivariate time series data. Next, we
utilized causal inference to capture the potential correlation
structure between social media signals and macroeconomic
variables and build a prediction model. Specifically, we can
express it with the following formula:

Let X, = (x1;, %2, ....,xn)T be a vector of n
macroeconomic indicators at the moment ¢+ and Y; =
1t Y2ty -+ ymt)T be a vector of m social media signals
at the moment 7. We assume that there exists a matrix
B of n x m such that X;, = BY; + &, where ¢ is a n
dimensional white noise vector denoting the model’s random
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errors. To achieve this goal, we use a deep neural network
model based on LSTM that takes Y; as input and X, as
output, and trains the model by minimizing the sum of
squares of the prediction errors to obtain an estimate of the 8
matrix. With this approach, we can use social media signals
to predict the future trend of macroeconomic indicators,
and also analyze the causal effect of different signals on
different indicators, thus providing a new framework for
macroeconomic forecasting.

In summary, the modeling strategy adopted in this study
integrates a rigorous and comprehensive approach to harness
social media data for macroeconomic forecasting. Beginning
with the careful acquisition and preprocessing of data from
platforms like Twitter and Facebook, the methodology en-
sures adherence to ethical standards and data quality. Prepro-
cessing steps meticulously clean, deduplicate, standardize,
and sentiment-score the data, preparing it for insightful
analysis. Feature engineering then extracts multidimensional
indicators, leveraging sentiment analysis through LSTM
networks to quantify emotional tones, TF-IDF for keyword
frequency analysis to capture public attention shifts, and
network influence metrics like PageRank to identify influ-
ential users and track information diffusion. These features
collectively encapsulate the richness and complexity of social
media discourse as it relates to economic sentiment and
behavior. The choice of a hybrid LSTM +- traditional statisti-
cal model acknowledges the temporal dynamics of macroe-
conomic indicators and the value of machine learning in
extracting predictive patterns from high-dimensional, time-
varying social media signals. By aligning these signals with
actual macroeconomic data, the model establishes a causal
inference framework that reveals the complex relationships
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Table 1 Causal impact matrix of social media signals and macroeconomic indicators.

Macroeconomic indicators

Heat of the moment

Emotional disposition ~ User behavior

GDP 0.12 0.08 0.15

Unemployment rate —0.09 —0.11 —0.07
Consumer confidence index (CCI) 0.18 0.21 0.16
Retail sales 0.14 0.13 0.19
Consumer price index CPI —0.07 —0.06 —0.08

between online sentiment, topical trends, and real-world
economic outcomes. Ultimately, this methodology not only
offers a sophisticated means of forecasting macroeconomic
indicators, but also contributes to a deeper understanding of
the mechanisms through which social media sentiment and
behaviors shape and reflect economic realities. The effec-
tiveness of this approach is due to its ability to synthesize
insights from information economics, behavioral economics,
and big data analytics, thereby enhancing the accuracy and
timeliness of macroeconomic predictions in an era defined
by digital interconnectedness and an abundance of data.

4. FEASIBILITY STUDY

In order to assess the feasibility and validity of our analytical
model for utilizing social media data in macroeconomic
forecasting, we designed a series of experiments to validate
the causality and predictive power between social media
signals and macroeconomic variables from different per-
spectives. We used two real-world large-scale datasets, the
share-purchase behavior dataset and the group-buying dataset
provided in [38], as well as macroeconomic indicator data
from the National Bureau of Statistics. We selected data
for the period from 2019 to 2023 as the time horizon of the
experiment. We used the data from 2019 to 2022 to train the
model, and the data from 2023 was used in the model.

4.1 Experimental Results

Causality analysis: we used an LSTM-based deep neural net-
work model to estimate the causal influence matrix, or beta
matrix, between social media signals and macroeconomic
indicators. We compared different combinations of signals
and indicators and analyzed the causal strength and direction
between them, as well as different time lag effects. Also, for
comparative analysis, we used causal inference methods such
as Granger causality tests and propensity score matching as
benchmarks for our model.

Prediction performance assessment: we use our deep
neural network model to predict the future movements of
macroeconomic indicators based on historical data from
social media signals. We used metrics such as Mean Square
Error (MSE), Mean Absolute Error (MAE), and Correlation
Coefficient (CORR) to evaluate the predictive performance
of our model.

Sensitivity Analysis: We analyzed the sensitivity of our
model to different parameters and hyperparameters, such as
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the number of hidden layer units of LSTM, the learning
rate, the batch size, and the length of the time window. We
explored the effect of different parameter settings on the
causal estimation and prediction ability of the model, as well
as its stability and robustness.

Application Case Analysis: We selected several repre-
sentative and practical application cases to demonstrate the
value of our model in the application of social media data
in macroeconomic forecasting. For example, we examined
how popular topics and sentiment tendencies on social media
affect consumer confidence index and retail sales, and how
group-buying behaviors of social e-commerce companies
affect GDP and the consumer price index.

As can be seen in Table 1, there are different causal
relationships between social media signals and macroeco-
nomic indicators: some positive, some negative, some strong
and some weak. For example, the causal effect of topic
hotness on consumer confidence index is the strongest at
0.18, indicating that an increase in topic hotness leads to an
increase in consumer confidence index. And the causal effect
of group purchasing behavior on the consumer price index is
the weakest, at —0.08, indicating that an increase in group
purchasing behavior leads to a decrease in the consumer
price index, although the effect is not significant. These
causal relationships demonstrate the impact of social media
signaling on macroeconomics and provide a theoretical basis
for our prediction model.

As can be seen in Figure 5, our model outperforms the
other models in all assessment metrics, indicating that our
model has higher prediction accuracy and relevance. For
example, the MSE of our model is 0.019, which is 40.6%
lower than the MSE of the ARIMA model, indicating that
our model has a smaller prediction error. The CORR of our
model is 0.731, which is 11.1% higher than the CORR of the
VAR model, indicating that the predicted values obtained by
our model have a stronger linear relationship with the actual
values. These results demonstrate that our model is able to
utilize social media signals to effectively predict the future
trends of macroeconomic indicators.

Table 2 shows the sensitivity analysis of our model to
different parameters and hyperparameters, examining the
effects of parameters such as the number of hidden layer
units, the learning rate, the batch size and the length of the
time window of the LSTM on the model, respectively. From
the table, it can be seen that our model reacts differently to
different parameter settings, with some parameters having
a greater impact on the model and others having a lesser
impact. For example, the number of hidden layer units of
LSTM has a large impact on the model, and the model has
optimal performance when the number of hidden layer units
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Figure 5 Comparison of prediction performance of different models.
Table 2 Sensitivity analysis of the model under different parameter settings.
Parameters Set up MSE MAE CORR
Number of LSTM hidden layer cells 32 0.021 0.111 0.712
64 (default) 0.019 0.105 0.731
128 0.020 0.108 0.725
Learning rate 0.01 0.022 0.114 0.705
0.001 (default) 0.019 0.105 0.731
0.0001 0.023 0.117  0.698
Batch size 16 0.020 0.109 0.721
32 (default) 0.019 0.105 0.731
64 0.021 0.112 0.714
Length of time window 3 0.023 0.116  0.701
6 (default) 0.019 0.105 0.731
9 0.022 0.113  0.708

is 64. However, the performance of the model decreases
when the number of hidden layer units is 32 or 128. While
the batch size has less effect on the model, the performance
of the model does not change much when the batch size is
16, 32 or 64. These analyses help us find the most suitable
parameter settings for our model and also demonstrate the
model’s stability and robustness.

Table 3 shows the analysis results of applying our model
in several representative and practical cases, demonstrating
the causal impact and forecasting ability between differ-
ent social media signals and macroeconomic indicators,
respectively. As can be seen from the table, our model
is able to reveal some interesting and useful application
cases that demonstrate the value of using social media
data for macroeconomic forecasting. The experimental
results show that our model is able to accurately estimate
the causal relationship between social media signals and
macroeconomic indicators, and can use social media signals
to predict the future trend of macroeconomic indicators.
Our model outperforms traditional time series models in
terms of forecasting performance, and has better stability
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and robustness. Our model is also able to reveal several
representative and practical application cases, demonstrating
the value of social media data in macroeconomic forecasting.

This section provided an in-depth analysis of the experi-
mental results, explore the significance of the observed causal
relationships, predictive efficacy, model sensitivity, and
applied case studies, and critically reflect on the limitations
of the study in order to recommend future research directions.

4.2 Discussion

4.2.1 Causal Mechanisms of Social Media Signals and
Macroeconomic Indicators

The causal impact matrix shown in Table 1 reveals the
complex and varied links between social media signals and
macroeconomic indicators. Of particular note is the strong
positive causality between the hotness of trending topics
and the consumer confidence index, which suggests that
trending topics on social media can be an effective leading
indicator of changes in consumer behavior. Conversely,
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Table 3 Results of analysis of selected application cases.

Application Cases Social Media Macroeconomic Causal influence Predictive capacity
Signals indicators
Hot Topic and Consumer Heat of the Consumer Forward Your (honorific)
Confidence Index moment confidence
index (CCI)
Emotional disposition and Emotional Retail sales Forward Center
retail sales disposition
Group Buying Behavior Group buying GDP Forward Your (honorific)
and GDP behavior
Group Buying Behavior Group buying Consumer price Negative direction  Center
and the Consumer Price Index  behavior index CPI

the weak negative effect of group purchasing behavior on
the consumer price index, although not significant, suggests
that we should be cautious when interpreting the direct
impact of social media behavior on certain macroeconomic
variables. These findings not only enhance our understanding
of how social psychology affects macroeconomics through
digital platforms, but also provide policymakers with new
monitoring tools and early warning signals.

4.2.2 Strengths and Challenges of Model
Forecasting Performance

The comparative analysis presented in Figure 5 highlights the
significant superiority of the proposed model in forecasting
macroeconomic indicators, especially in reducing forecasting
errors and strengthening the correlation between predicted
and actual values. However, this superiority also leads
to avenues for future research: how to further optimize
the model structure, such as by integrating learning or
introducing more advanced deep learning architectures, in
order to continuously improve the prediction accuracy and
the model’s generalization ability, especially in terms of
stability in the face of extreme situations such as fluctuations
in the economic cycle and sudden changes in the market.

4.2.3 Parameter Sensitivity and Model Robustness

Through the sensitivity analysis presented in Table 2, we
confirm that the model is highly sensitive to specific param-
eters (e.g., the number of LSTM hidden layer units), while
it exhibits better robustness in terms of other parameters
(e.g., batch size). This finding emphasizes the importance
of carefully tuning the model hyperparameters, and raises
the question of whether there exists an adaptive mechanism
that can automatically optimize the model parameters to
adapt to different economic environments or changes in data
characteristics, thus reducing the burden of manual parameter
tuning.

424 Practical Implications and Limitations
of Application Scenarios

The application case studies shown in Table 3 highlight the
practical value of applying social media data to macroeco-
nomic forecasting, especially in predicting retail sales by
determining consumers’ emotional tendencies, and analyzing
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the impact of group-buying behavior on GDP. However, these
cases also expose the potential limitations of the model, such
as its ignoring of the geographical, cultural and linguistic
differences in social media data, and not fully considering
the possible impact of non-linear dynamics and external
shocks (e.g., policy changes, international events) in the
macroeconomic system on the predictive power of the model.

4.2.5 Outlook and Future Directions

In summary, through empirical analyses, this study confirms
the potential of utilizing social media signals for macroeco-
nomic forecasting, and also points out that there is still room
for model improvement and application expansion. Future
research could consider incorporating more dimensions of
data (e.g., geo-location tags, multilingual content), adopting
more sophisticated model fusion strategies, and developing
adaptable algorithms that can effectively handle unstructured
big data, in order to further explore the economic value of
social media data and to enhance the model’s explanatory
power and forecasting accuracy. Meanwhile, interdisci-
plinary collaboration, combining economic theory with the
latest advances in Al technology, will be key to driving in-
depth research in this area.

S. CONCLUSION

Our study delves into the untapped potential of social
media data within the realm of macroeconomic forecasting,
accomplishing a comprehensive exploration through theoret-
ical grounding, model development, and rigorous feasibility
assessments. The key findings and contributions of this work
are as follows:

We have gathered insights from information economics,
behavioral economics, and big data analytics, constructing
a robust theoretical scaffold that underpins the utilization
of social media data for macroeconomic predictions. This
interdisciplinary synthesis paves the way for innovative
applications in economic forecasting.

This study was the first to apply a hybrid machine learning
model to interpret macroeconomic signals embedded in a
large amount of social media data. Based on the signals
extracted by this model, the prediction of macroeconomic in-
dicators is achieved, which improves the speed and accuracy
of economic forecasting.
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Through carefully designed experiments, we have sys-
tematically validated the causal links and predictive po-
tency of social media indicators vis-4-vis macroeconomic
variables. These multi-faceted validations underscore the
immense value and untapped possibilities that social media
data holds for macroeconomic forecasting, highlighting its
transformative potential.

Apart from academic contributions, our research has
practical implications by augmenting the analytical toolkit
for policymakers, corporate strategists, and market play-
ers. It offers them a novel instrument for deciphering
macroeconomic landscapes more astutely, thereby facilitat-
ing proactive decision-making and enhancing responsiveness
to economic shifts.

Looking ahead, avenues for future research include:
the integration of more diverse data dimensions, refining
algorithms to cope with complex economic dynamics and
external shocks, and advancing adaptive mechanisms that
autonomously calibrate models to evolving economic con-
texts. Such advancements promise to further reduce the
gap between digital social behaviors and macroeconomic
realities, reinforcing the predictive prowess of our models
and their applicability in guiding strategic policies and
market maneuvers. Ultimately, this work underscores the
critical importance of harnessing social media’s digital power
to illuminate the intricate pathways of economic forecasting.
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