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Abstract

Social media is one of the key channels for real-time data that captures investor views, expectations and perceptions.
This study was to see if social media sentiment could enhance the way we predict stock market returns and make
investment decisions. This involved a quantitative longitudinal study with 726 observations made from January 2022
to December 2024. Hang Seng Technology returns, market returns, sentiment indicators, overnight sentiment, social
media attention measures, exchange rate changes and interbank rate changes were analysed. Descriptive statistics
and correlation analysis were carried out, and later machine learning models were created using linear regression,
Random Forest and Gradient Boosting. Performance of models was evaluated based on mean absolute error, root
mean squared error, coefficient of determination and the directional accuracy. The contemporaneous sentiment was
moderately positively related to Hang Seng Technology returns while the overnight sentiment was weakly, but not
significantly, related. There was no consistent improvement in performance when using sentiment-enhanced models
over market-only models. Linear regression had the best directional accuracy, and Random Forest had a marginal
decrease in prediction error once sentiment variables were introduced. However, feature-importance analysis
revealed sentiment measures brought valuable information in addition to the overall market factors. Overall, the
social media sentiment seemed more useful as a secondary market indicator, rather than as a standalone forecasting
signal. It therefore has most value in combination with traditional financial data in a wider framework of investment
decision support systems.
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Introduction

In the era of digital communication, the dynamics of financial information generation, dissemination and
interpretation have quickly changed for market players. Today, social media gives vast amounts of real-time data
about the investors' opinions, expectations, uncertainty and reactions to financial events. This type of information
may serve as a supplement to traditional financial metrics as market valuations are not only determined by
fundamental and technical factors, but also by investors' perceptions and actions. Sentiment analysis of social media
has thus become a valuable tool for mining information about the market from online conversations and aiding
investment decisions (Hasselgren et al, 2022). Meanwhile, the use of artificial intelligence (AI) in the financial
markets is growing, enhancing the prediction, portfolio evaluation, and investment decision-making processes
(Colombo et al., 2023).

Investor sentiment is especially relevant because the process of investing can be far more than rational use and
understanding of economic data. But trading behaviour can be influenced by behavioral biases, emotional reactions,
and shifts in market expectations, which can lead to fluctuations in stock prices and returns. Investors' sentiment and
behavioural biases have been shown to affect investment decisions in emerging financial markets, especially in
uncertain times (Parveen et al., 2023). Xia & Madni (2024) suggest that behavioural factors are not insignificant in
influencing investors' decision-making process from similar evidence from the Chinese stock market. The effects of
these could be exacerbated in the case of social media, where opinion and market narratives can be spread quickly to
large groups of investors. Thus, relation between information from social media and investment behaviour is gaining
more significance (Sathya & Prabhavathi, 2024).

The development of natural language processing, machine learning and computational finance has opened the door to
using unstructured information on the internet as quantifiable sentiment metrics. Al techniques can be used to detect
positive, negative, and neutral financial opinions in social-media content and then translate them into quantitative
signals that can be used in forecasting systems (Qian et al.,, 2022). Machine learning methods have also come to the
forefront in stock market prediction due to their ability to capture complex and possibly nonlinear relationships
between the elements of the financial world (Jain & Vanzara, 2023). There is also systematic evidence of the on-going
use of Al in various stock prediction tasks, but with variations in model structure, input features and assessment
methods impacting on predictive power (Lin & Marques, 2024).

Sentiment data with traditional market indicators could give more complete predictive data than just the historic
prices. Machine-learning classifiers that use a social media and financial news combination have shown the potential
of textual information for stock-market prediction (Khan et al.,, 2022). Likewise, social sentiment models combined
with machine-learning approaches have been devised to forecast stock-market dynamics and pinpoint potential
valuable links between social sentiment and financial shifts (Zaman et al., 2023). Moreover, Al-powered big data
analytics can help in financial decision making by consolidating information from various sources and providing
analytical insights from the complex data of the financial markets (Pillai, 2023). Analysis of social media data for
forecasting price movements has been tried in various contexts, such as cryptocurrency markets, which shows the
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general relevance of social media for financial intelligence systems (Yasir et al., 2023). Furthermore, supervised
machine-learning methods have shown promise in the potential to assist financial decisions in stock-market
scenarios (Sharma et al,, 2023).

Although these developments are important, it remains to be seen whether sentiment in the social media can offer
valuable extra information on stock returns and whether such predictions can be used to support investment
decisions. Existing studies mainly aim at predicting the accuracy of forecasts, or sentiment classification, or investor
behaviour. Combining sentiment indicators, market variables, predictive modelling and directional decision signals
can offer a better picture of the usefulness of social-media information practically. Hence, in the present study, we
focus on the predictive power of social-media sentiment with respect to stock-market returns and how it can help in
data-driven investment decision making.

Research Objectives:

®  To examine the relationship between social-media sentiment indicators and stock-market returns.

® To develop and evaluate machine-learning models for predicting stock-market returns using sentiment and
financial-market variables.

® To assess whether sentiment-enhanced return predictions can support market-direction assessment and
investment decision making.

2. Materials and Methods

2.1 Research Design

The research employed a quantitative type of longitudinal design to assess the potential of using social media
sentiment to enhance the predictability of stock market returns and to aid in data-oriented investment decision
making. The financial and sentiment observations were analysed daily in chronological order. The analytical model
used included descriptive analysis, correlation analysis, and machine learning forecasting with the aim of keeping the
temporal consistency of the predictors and the return under analysis.

2.2 Data Source and Study Variables

The data spanned the time from January 2022 to December 2024 and included 726 trading-day observations with 13
variables (Xu, 2026). The main market variables are the Hang Seng Index (HSI), the Hang Seng Technology Index
(HST), the Hang Seng Index return (RHSI) and the Hang Seng Technology Index return (RHST). Other financial factors
were RMB, RRMB, SHIBOR, and RSHIBOR. The sentiment index (STI), which was used to represent social media
information, was calculated as an average of overnight sentiment (STI_on), attention volume (AV), and number of
overnight posts (n_posts_on). RHST was considered as the outcome variable of choice.

2.3 Data Preprocessing and Feature Engineering

The date variable was put into chronological form and observations ranked by trading date. All numeric variables
were checked for missing and invalid data. Lagged versions of selected market and sentiment variables were created
to only use information that was available prior to the return to be predicted. Sentiment measured the previous day
(RHST, RHSI, RRMB, RSHIBOR, STI) were used as predictive features, and sentiment measured on the same day
(STI_on) was used separately as sentiment taken before the market opens.

2.4 Descriptive and Correlation Analysis

Descriptive statistics for principal financial and sentiment variables were obtained, such as mean, standard deviation,
minimum and maximum values. Temporal patterns were evaluated by plotting the stock return and sentiment
indicators during the time periods examined. A correlation analysis was conducted, to assess the strength and
direction of relationship between sentiment measures, stock returns and financial variables. The correlation of
overnight sentiment and market returns was considered.

2.5 Machine Learning Model Development

This was accomplished using three predictive approaches. Linear regression was used as the baseline model, and
Random Forest and gradient boosting/XGBoost were used to model nonlinear relationships and interactions between
predictors. Two modelling specifications were tested: first a baseline model with conventional financial variables; and
second a sentiment-enhanced model with STI, STI_on, AV and n_posts_on. This comparison was applied to evaluate
the added value in predicting using social media information.
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2.6 Model Training, Validation, and Performance Evaluation

Due to the time-series nature of the data, the observations were not randomly shuffled but were split into a training
and testing phase. The first observations were used for model development, and later observations were kept out of
sample for out of sample evaluation. Mean absolute error, root mean squared error, coefficient of determination, and
directional accuracy were used to evaluate the model performance. A lower MAE and RMSE value and a higher R2 and
directional accuracy showed better prediction performance.

2.7 Feature Importance and Investment Decision Support

The differentiability of sentiment and financial predictors was investigated by analyzing feature importance from
tree-based models. STI, STI_on, AV, and n_posts_on were looked at. Predicted returns were also transformed to
directional signals with positive predicted returns implying expected upward movement and negative predicted
returns implying expected downward movement. These signals were compared to the actual return directions to see
how useful they can be for investment decision support.

2.8 Statistical Analysis and Software

In the cases where inferential analysis was performed, a p value of less than 0.05 was considered statistically
significant. The analysis was designed to be implemented in Python, with standard libraries for data processing,
statistical analysis, machine learning and visualization. Descriptive statistics, correlation estimates, model-
performance measures, feature-importance results, and graphical comparisons of observed and predicted returns
were employed to report results.

3. Results

3.1 Descriptive Characteristics of Sentiment and Market Variables

A total of 726 trading observations were analysed. The returns of the Hang Seng Technology Index (RHST) averaged
-0.00037 per day and had a standard deviation of 0.02579 per day, which was quite significant. The mean value of the
sentiment index (STI) was 0.3293 while overnight sentiment (STI_on) was on the other hand comparatively higher
with 0.4683. Social-media activity also differed significantly with an average of 392.82 (attention volume) and an
average of 197.25 overnight posts. Table 1 shows descriptive data for the key variables in the study.

Table 1. Descriptive statistics of sentiment and financial-market variables

Variable N Mean SD Minimum Median Maximum
RHST 726 -0.00037 0.02579 -0.11685 -0.00097 0.20051
RHSI 726 -0.00023 0.01631 -0.06567 -0.00034 0.08693
STI 726 0.32931 0.10615 -0.20746 0.33458 0.71876
STI_on 725 0.46825 0.15027 -0.19802 0.48849 0.78882
AV 726 392.82 162.93 68.00 359.50 1876.00
n_posts_on 725 197.25 177.92 33.00 155.00 3299.00
RRMB 726 0.00111 0.01773 -0.10080 -0.00010 0.06810
RSHIBOR 726 -0.00112 0.01173 -0.08000 0.00000 0.10700

The temporal pattern of RHST demonstrated frequent positive and negative movements throughout the study period,
including several episodes of relatively pronounced volatility (Figure 1). Overnight sentiment also fluctuated
substantially over time, although its variation was generally smoother than that of daily market returns (Figure 2).

International Journal of Elite Research and Innovation

57




Volume 01 Issue 03, September2026

20

154

10 4

Daily return (%)

IL8 I‘\ “\‘ JIL‘I.JJ”lﬂ“Il‘I /NI I‘ ‘ lLll M0 iu‘.tl,
IW’HIH””I”"H ”uui [T Il ,urr i ww I“[I '””"” /! i

-10 |

T T T T T T T T T T
2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 2025-01
Date

Figure 1. Temporal pattern of Hang Seng Technology Index daily returns

Daily RHST values demonstrate substantial short-term volatility throughout the observation period, with both
positive and negative return episodes and several relatively large market movements.
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Figure 2. Temporal variation in overnight social-media sentiment

Overnight sentiment remained predominantly positive but varied across the study period, indicating changing social-

media perceptions and providing a time-varying sentiment measure that could be incorporated into return-prediction
models.

3.2 Association Between Social-Media Sentiment and Stock Returns

The correlation analysis found that RHST was highly positively correlated with the return of the broad market index
(Hang Seng Index return (RHSI); r = 0.938, p < 0.001). There was a moderate positive relationship between STI
(contemporaneous sentiment index) and RHST (r = 0.319, p < 0.001). Overnight sentiment was only weakly and not
significantly associated with RHST (r = 0.039, p = 0.290), however. There was a weak negative correlation between
attention volume and RHST (r = -0.107, p = 0.004) as well as between RRMB and RHST (r = -0.147, p < 0.001). The
results were complete and are displayed in Table 2 and the overall correlation structure is depicted in Figure 3.
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Table 2. Correlations of sentiment and financial variables with RHST

Variable N Pearsonr p-value Interpretation
RHSI 726 0.938 <0.001 Strong positive
STI 726 0.319 <0.001 Moderate positive
STLon 725 0.039 0.290 Very weak, NS

AV 726 -0.107 0.004 Weak negative
n_posts_on 725 -0.019 0.613 Very weak, NS
RRMB 726 -0.147 <0.001 Weak negative
RSHIBOR 726 -0.018 0.634 Very weak, NS

NS = not statistically significant.
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Figure 3. Correlation matrix of sentiment and financial-market variables

The matrix shows the strongest relationship between RHST and RHSI, while contemporaneous sentiment
demonstrates a moderate positive association with RHST. Overnight sentiment and overnight post volume show
comparatively weak direct associations with returns.

3.3 Machine-Learning Prediction Performance

A total of 725 observations were obtained, after building lagged predictors and discarding observations that were not
available to forecast. The first 580 observations were used for model development with the remaining 145
observations being used for chronological out-of-sample testing. The market-only and sentiment-enhanced
specifications' performance is shown in Table 3. For the market only models, the lowest test RMSE was 0.02002 for
linear regression and the highest value for the directional accuracy was 56.55% for linear regression. Sentiments
related predictors did not lead to consistent improvement across models. For sentiment-enhanced linear regression,
the RMSE value was 0.02007, R2 value was -0.056 and the directional accuracy was 54.48%. The sentiment enhanced
Random Forest had an RMSE value of 0.02010 while Gradient Boosting had an RMSE value of 0.02034. The R? values
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of all models were negative which means that the models accounted for little to none of the variation in the out-of-
sample daily returns.

Table 3. Out-of-sample predictive performance of machine-learning models

Predictor specification | Model MAE RMSE R? Directional accuracy
Market-only Linear Regression 0.01461 0.02002 -0.051 56.55%
Market-only Random Forest 0.01486 0.02029 -0.079 52.41%
Market-only Gradient Boosting 0.01476 0.02015 -0.065 53.79%
Sentiment-enhanced Linear Regression 0.01472 0.02007 -0.056 54.48%
Sentiment-enhanced Random Forest 0.01479 0.02010 -0.059 52.41%
Sentiment-enhanced Gradient Boosting 0.01487 0.02034 -0.084 51.72%

3.4 Incremental Contribution of Social-Media Sentiment

There were differences in the incremental contribution of sentiment across the models (Table 4). Although sentiment
variables were added, there was a small improvement from Random Forest with a decrease of 0.50% for MAE and
0.93% for RMSE. It's R? changed by +0.020, but there was no change in its directional accuracy. On the other hand,
sentiment inclusion slightly degraded the results of MAE and RMSE for linear regression and Gradient Boosting. The
accuracy of direction decreased by about 2.07% for both models.

Table 4. Change in predictive performance after addition of sentiment variables

Change in directional
Model MAE improvement RMSE improvement Change in R* | accuracy
Linear
Regression -0.74% -0.25% -0.005 -2.07 pp
Random Forest | +0.50% +0.93% +0.020 0.00 pp
Gradient
Boosting -0.71% -0.93% -0.020 -2.07 pp

Positive improvement values indicate lower prediction error after adding sentiment; pp = percentage points.

These findings indicate that although sentiment was associated with returns at the contemporaneous level, its
incremental value for prospective out-of-sample forecasting was small and model-dependent.

3.5 Feature Importance of Sentiment-Enhanced Models

The forecasting ability of the overall models was modest, but sentiment variables were meaningful in the internal
structure of the tree-based models. Lagged RHSI was the most important feature (0.219), lagged STI was the second
most important feature (0.194) and overnight sentiment was the third most important feature (0.149) in Random
Forest. Lagged STI (0.225), RRMB (0.173) and RHSI (0.161) were the most important predictors in Gradient Boosting.
Table 5 shows the summary of the feature importance for the Random Forest specification and Figure 4 shows the
visualization of the feature importance.

Table 5. Feature importance in the sentiment-enhanced Random Forest model

Predictor Importance
Lagged RHSI 0.219
Lagged STI 0.194
STLon 0.149
Lagged RRMB 0.113
Lagged RHST 0.090
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Lagged RSHIBOR 0.089
n_posts_on 0.079
Lagged AV 0.067

Broader market returns were the strongest predictor but lagged social-media sentiment and overnight sentiment also
occupied prominent positions, suggesting that sentiment contained information used by the model even though its
addition produced only limited improvement in out-of-sample performance.
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Figure 4. Feature importance in the sentiment-enhanced Random Forest model
3.6 Investment Decision-Support Performance

The sentiment enhanced linear regression model achieved a classification accuracy of 54.48% in the direction. The
accuracy, recall and F1 score for the positive-return days were 53.41%, 65.28% and 58.75%, respectively. The model
was found to correctly classify 47 positive-return days, 32 negative-return days and directionally misclassify 66 test
observations of 145 total observations. These findings indicate that the model delivered only partial market-direction
signals and thus could be regarded as a market-direction analytical decision-support signal, but not as a trading rule.

Overall, results indicate strong contemporaneous links between social-media sentiment and stock-market returns,
but weaker support for the view that sentiment significantly enhances stock-market returns forecasts for the
following periods, especially for STI. The results thus differentiate association and predictive usefulness, the latter of
which is still restricted with the machine-learning specifications tested.

4. Discussion

The study investigated the possibility of using social media sentiment to predict stock market returns and aid in data-
driven investment decisions. The results indicated that social media sentiment today had moderate and positive
relationship with Hang Seng Technology returns, while sentiment yesterday was only weakly and insignificantly
associated with returns today. That's relevant because it means that sentiment could be stronger than predictive of
future market moves. Past studies have also shown that sentiment-based data can aid in predicting stock movements,
especially when advanced sentiment processing methods are employed (Abdelfattah et al., 2024). Financial decision-
making research also suggests that investor decisions can be impacted by the sentiment of social media, but the
predictive value may differ, depending on the market and analytical context (Yoon & Oh, 2022).

The predictive modelling results revealed that sentiment-enhanced models did not always outperform the market-
only models. Linear regression yielded the greatest directional accuracy of the methods examined, while there was
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little reduction in prediction error with the addition of sentiment variables for Random Forest. However, these results
suggest that sentiment information might provide some incremental value, but it probably will be small when
compared to more commonly used market factors. Some research papers that have explored both technical and
sentiment indicators have reported better forecasting results, indicating that sentiment might be strongly dependent
on feature construction and model architecture (Agrawal et al.,, 2025). Awad et al. (2023) have also shown that more
sophisticated methods, including deep reinforcement learning, can learn nonlinear models that provide good
performance in complex financial scenarios, but not necessarily in every market environment.

The negative prospective effect of overnight sentiment in the current analysis contrasts with studies on other
financial areas in which sentiment has been found to have a greater predictive effect. For instance, Al sentiment
models have been effectively used in cryptocurrency to predict volatility and trends, as online discourse about
cryptocurrencies is prolific (Srivastava et al., 2023). Likewise, tweet-based and explainable hybrid models have shown
that the content of social media can impact stock price forecasting under certain conditions (Gandhudi et al,, 2024).
Twitter investor sentiment has also been successfully applied in the context of renewable-energy stock forecasting,
contributing to the general concept that investor-provided information in the online sphere can include market
signals (Herrera et al,, 2022). Social-network sentiment has also been proven to help boost the accuracy of stock
prediction in deep-learning models under certain contexts (Huang et al., 2023).

The results are further explained by the feature-importance results. Lagged broader market returns continued to be
one of the most influential predictors, while other factors such as lagged sentiment and overnight sentiment were also
relatively influential in the tree-based models. This agrees with previous findings that the technical indicators could
be complemented by sentiment indicators, enhancing the informativeness of predictive systems (Lee et al., 2024).
Similarly, explainable deep-learning technologies have highlighted the need to comprehend what variables impact
predictions rather than simply focusing on overall accuracy (Muhammad et al., 2024). Other studies on applications of
neural networks have also revealed that market context, input selection, and the validation strategy play significant
roles in the predictive outcome of the model (Oyewole et al., 2024). In addition, LSTM models enhanced with social
media have also shown the usefulness of sequential information when sentiment is temporally aligned with market
outcomes (Peivandizadeh et al., 2024).

In terms of investment decisions, the models were shown to have only limited ability to differentiate between good
days and bad days given the observed level of directionality (around 54%). This aligns with findings suggesting
sentiment can serve as a better indicator of overall volatility or trends rather than for making precise daily return
predictions (Liu et al,, 2023). However, sentiment analysis along with other analysis methods have been suggested to
be useful for investors as a decision support tool if used with caution (Shashidhar et al., 2023). Other studies have also
pointed out the importance of sentiment analysis for investment decision support in highly dynamic markets, such as
hybrid CNN-LSTM sentiment analysis (Roumeliotis et al., 2024) and multimodal sentiment analysis like blending
technical indicators with social sentiment (Wang et al.,, 2023).

There are several caveats to be noted. The analysis was limited to a particular market situation and a rather short
period of observation per day, and the investment decision was based on the direction of predicted returns, not on
actual observable investor behaviour. Future research needs to include longer timeframes, other ways of building
sentences, more frequent data and more sophisticated sequential or ensemble models. Further testing in other
markets would also shed light on the generalizability of the relatively small incremental value of sentiment identified
in this study.

5. Conclusion

In this study, the researchers have used the daily financial and sentiment-related information to assess the usefulness
of social media sentiment in predicting stock market returns and investment decision making. Results demonstrated
that the contemporaneous social media sentiment was positively correlated with Hang Seng Technology returns,
suggesting that social media sentiment captures current market sentiment, to a certain degree. But overnight
sentiment did not show strong association with lagged returns, indicating that sentiment was more of a
contemporaneous indicator than a good stand-alone predictor. The machine-learning analysis also revealed that
sentiment variables did not necessarily lead to better out-of-sample predictive power. Linear regression performed
best in terms of directional accuracy of the models tested, and the forecasting error of Random Forest was marginally
decreased after sentiment variables were added. However, feature-importance analysis showed that besides the
general market and financial features lagged sentiment and overnight sentiment provided additional valuable
information. The results indicate that social media sentiment can supplement traditional market metrics, while
offering limited incremental predictive value, which is model specific. In an investment context, the models gave only
limited assistance in the determination of the direction of the market, but not in making consistently accurate daily
forecasts. As such, sentiment indicators should be used not as standalone trading signals, but as supplemental tools to
help make decisions. Future research needs to consider longer time periods, more frequent observations, other
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sentiment indicators, more sophisticated sequential models, and validation across markets to enhance robustness
and applicability.
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