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Stock price prediction has grown in importance due to its role in determining
the future worth of business shares. There are several approaches for stock
price prediction that can be classified into machine learning, deep learning,
and ensemble learning methods. To predict stock prices, we proposed
collecting a dataset for different well-known stocks, e.g., Microsoft. The
utilized datasets consist of two parts; the first part contains a set of tweets for
the stocks under investigation in this study which were collected from the X
social media platform and the other part contains the stock prices.
Sentimental features of the tweets were extracted and merged with the stock
price changes. Then, we framed the problem as a regression task. we aim to
analyze the performance gap between ensemble learning and other machine
learning (ML) and deep learning (DL) models for predicting stock prices
based on tweets. In this context, different ensemble learning models were
proposed to predict the price change of each stock. Besides, several machine

learning and deep learning models were used for comparison purposes.
Several evaluation metrics were utilized to evaluate the performance of the
proposed models. The experimental results proved that the stacking
regressor model outperformed the other models.
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1. INTRODUCTION

The internet serves as an online learning platform for communication and exchanging ideas.
Through common social media platforms, people can contribute feedback and suggestions for a wide range
of services and offerings. Twitter, Facebook, and Google+ are well-known examples of social media
platforms that are utilized for idea posting. Twitter is an online social network where millions of tweets are
posted every day. The prediction method may be carried out using Twitter data. Live Twitter data may be
collected via the Twitter APl and analyzed using the classifier. The stock market is an important part of the
economy and affects commerce changes and industrial growth. Several data mining approaches are employed
to handle variations in the stock market, and financial news articles are assumed to influence stock prices [1],
(2], 3]

In [4], a unique sentiment indicator based on weighted textual contents and financial aberrations to
forecast stock changes is performed. First, the authors suggested a unique weighting approach for each stock
movement. Then, they produced an actual adjusted sentiment measure that was more accurate by accounting
for the day of the week and vacation. Using support vector machine (SVM) [5], [6], decision tree (DT),
gradient boosting decision tree (GBDT), random forest (RF) [7] naive Bayes (NB), K-nearest neighbor
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(KNN) [8], and logistic regression (LR) algorithms. They observed that the modified sentiment measure can
effectively improve stock market movement prediction.

In study [9], a unique teaching and learning based optimization (TLBO) model using long short-
term memory (LSTM) [10], based on sentiment analysis (SA) for stock price prediction using data collected
from Twitter is conducted. The authors predicted stock prices using four main steps: pre-processing,
classification, learning rate schedule, and output unit optimization. Furthermore, an LSTM model was used to
categorize tweets into positive and negative sentiments on stock values. Using several methods, experimental
results of the TLBO-LSTM maodel outperform the latest techniques with a maximum accuracy of 95.33%, a
recall of 85.28%, and an F1-score of 90%.

Forecasting the trend of stock prices is a critical mission that assists investors in making sound
financial decisions in the stock market. Thus, the goal of the current work is to considerably minimize the
risk of trend prediction using the ensemble learning technique. The efficiency of the suggested approach for
predicting stock price is proved by testing on 22 corporations such as TSLA, Amazon, META, and Microsoft
using Twitter data. Each dataset is divided into training and testing sets for the experiment. In the proposed
work, a pre-processing of the Tweets data is conducted to convert unstructured data into meaningful text.
Then, the polarity of the tweets was extracted using two different approaches. In the first approach, the
VADER model, implemented in study [11], was used to extract the polarity of each tweet and obtain the
sentimental score (in the range of -1 to 1). In the second approach, we chose the maximum value of positive,
negative, and neutral percentages as the polarity score. The daily closing price’s percentage change is
computed based on the percentage between two consecutive days’ closing prices and based on this
percentage we could compute the polarity of the tweets. Then, we matched the daily closing price changes to
the two extracted polarities to find out which approach was more effective. The highest number of matches
with the financial closing price changes was the sentimental score to extract polarity, the first approach.

The training set contains 80% of the dataset, and the test set is made up of the remaining 20% of the
dataset. The ensemble models are mainly classified into stacking, blending, bagging, and boosting. This
study compares five ensemble learning models which are CatBoostClassifier, CatBoostRegressor,
BaggingRegressor, GradientBoostingRegressor, and StackingRegressor. Each predictive model is
evaluated by five metrics which are mean-absolute-error (MAE), mean absolute percentage error (MAPE),
mean squared error (MSE), root mean squared error (RMSE), and R squared (R2). Moreover, several
machine learning models such as KNN, support vector machine (SVM), and linear regression (LR) are used
for comparison purposes to find out the best accuracy. The MAPE metric of the Stacking Regressor model
was the lowest of the tested models, indicating that the Stacking Regressor model outperformed the other
models. The ensemble models effectively forecast stock closing prices, as they achieved low values in most
metrics. The main contributions of this work are as follows:

— Extracting tweets’ sentimental features in two different methods. Then, the extracted features are to be
used for generating an efficient dataset from the original one.

— Using ensemble learning models to predict the stock price and comparing their results with different
machine learning (ML) and deep learning (DL) models.

— 22 different stocks with several evaluation metrics were utilized to thoroughly evaluate the performance
of the proposed predictive models against one of the existing research works.

The remaining parts of the paper are as follows. Section 2 discusses some papers that used ML and
DL in predicting stock price based on sentiment analysis. The proposed methodology is explained in
section 3. Section 4 summarizes the results of our study and constructs it in tables and bar charts. Finally, the
paper is concluded in section 5.

2. RELATED WORK
2.1. ML-based stock price prediction models

Vijh et al. [12] proposed a model to predict the next closing price for five different firms from
various fields using an artificial neural network (ANN) model [13] and RF model. They collected the dataset
over 10 years from 4/5/2009 to 4/5/2019 for Nike, Goldman Sachs, Johnson, Johnson, Pfizer, and JP Morgan
Chase and Co. Based on the RMSE, MAPE, and MAE metrics, the comparison study showed that the ANN
model outperforms RF in stock price prediction. However, they should use more techniques in the
comparison to ensure the accuracy of ANN in the prediction process.

Christanto et al. [14] suggested employing financial stock data as input parameters to several
machine learning models such as SVM [15]. They obtained a dataset of 16 first such as NASDAQ, Nikkei
225, Hang Seng index, FTSE100, DAX, and ASX. The prices dataset is collected for the period from the 4%
of January 2000 to the 25th of October 2012. They used the multiple additive regression trees (MART)
model (a decision tree-based boosting algorithm) and compared it against an SVM model. They found out
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that the volume of the training data is important for the SVM model because if its size is insufficient, the
hyperplane might be unable to effectively divide the data. They used the RMSE metric [16] to evaluate the
performance of their model. They applied linear regression, generalized linear model (GLM), and SVM to
forecast the daily NASDAQ price movement. The results showed that the proposed SVM model outperforms
the other models, as it achieved the lowest RMSE.

Sadorsky [17] utilized a random forests model to forecast the stock price direction of clean energy
exchange-traded funds (EFTs). The authors used random forests and decision tree bagging models in the
prediction task and compared their results with an ANN model [18] and SVMs. They used data on the stock
value of five well-known firms, in the US-listed, and extensively traded clean energy ETFs. The daily data
set begins on 1 January 2009 and finishes on 30 September 2020. The information was obtained from Yahoo
Finance. The forecast accuracy of each ETF is evaluated across a period ranging from one day to twenty
days. For predicting ranges of 10 days or longer, the forecasting accuracy of RF and tree bagging models
exceeds 80%. They found that RF model [19] and decision tree bagging are simpler to predict than other ML
models such as ANNs and SVMs. However, they should have used more metrics to ensure the performance
of their techniques.

2.2. DL-based stock price prediction models

Mehta et al. [20] proposed to predict the Indian stock market during the period from the 1% of
October 2014 to the 31% of December 2018 using sentiment analysis. They applied machine learning and deep
learning techniques namely, SVM, linear regression, naive Bayes, and LSTM. They analyzed the relationship
between media data and market price rates over a constrained time and applied a range of factors from finalized
data sets to enhance prediction accuracy. The findings proved that by employing online platforms and financial
news data, LSTM [21] was able to achieve the highest accuracy of about 92.45%. Linear SVC classifier
achieved the second-highest precision classifier. The naive Bayes, linear regression, and maximum entropy
methodology remained around 86.72%, 86.75%, and 88.93%, respectively.

In study [22], the proposed model included a reliable forecasting technique for the probability of
stock market changes. Firstly, the most important financial market indicators are been chosen that might be
utilized to forecast the stock market. Some statistical machine learning approaches have been applied as well
as two new algorithms that produce better results in other scientific domains which are deep neural networks
and extreme gradient boosting (XGBoost) [23]. The performance metrics suited for unbalanced datasets are
been applied for testing the models. Their empirical findings showed that deep learning [24] produced better
prediction accuracy.

Abdullah and Salah [25] implemented the CNN-LSTM model, a hybrid model that merges an
LSTM model [26] and convolution neural network (CNN) architecture [27], [28]. The proposed hybrid
model makes use of the convolution layer attributes for retrieving relevant features contained in time series
data, in addition to the LSTM design’s ability to learn long-term associations. The datasets used in the tests
were gathered from Yahoo Finance for three years from the 1% of December 2016 to the 1% of December
2020 via a daily time interval. The analyses were performed on three unique dataset forms: stock market,
foreign exchange tools, and cryptocurrency. Using two evaluation metrics namely, MSE and MAE. The
proposed models outperformed the state-of-the-art approaches, machine learning techniques, and statistical
techniques. The findings show that the suggested CNN-LSTM model outperforms the LSTM model and the
other models on the majority of the datasets tested.

3. THE PROPOSED METHOD

In Figure 1, we utilized a dataset from the Kaggle website about stock tweets, as can be found
in  https://www.kaggle.com/datasets/equinxx/stock — tweets — for — sentiment — analysis —
and — prediction? select = stock_tweets. csv. Next, we conducted a preprocessing step to eliminate non-
essential content. To ensure polarity, we extracted features from the tweets using two distinct methods.
Subsequently, we utilized various ensemble, machine learning, and deep learning models to build the
predictive models. Finally, we applied evaluation metrics to assess the performance of these prediction
models.

In the overview subsection, we clearly discussed the steps of our model. In the dataset subsection,
we detailed the process of generating the final dataset. The feature extraction subsection explained the two
different methods used for feature extraction. In the predictive model’s subsection, we described all the
trained models. The implementation details subsection showcased the implementation of these models.
Finally, in the evaluation metrics subsection, we illustrated the various metrics used to evaluate the trained
models.
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Figure 1. The steps of the proposed method

3.1. Overview

To perform modeling for the stock market prediction, we collected stock-related tweets from the X
social media platform for different stocks from the Kaggle website. The extracted tweets contain unnecessary
data like special characters, URLs, emojis, hashtags (#), and @. Thus, we have preprocessed these tweets to
obtain only the plain sentences. Then, we extracted the features from the tweets in two different ways to
ensure the polarity. Next, we compared the polarity of the tweets with the trend of the financial data to
choose only the matched tweets and ignore the other tweets. The dataset size is reduced from 80,793 to
15,430. We divided the reduced dataset into 22 datasets based on the stock name. Thus, we obtained 22
datasets for 22 stocks.

To predict the price of each stock, we framed the problem of price prediction as a regression
problem where the outcome variable is the predicted future stock price daily. Different ensemble learning
models were utilized. Five ensemble learning models, namely CatBoostClassifier, CatBoostRegressor,
BaggingRegressor, GradientBoostingRegressor, and StackingRegressor were used. Each predictive
model is evaluated on five metrics which are MAE, MAPE, MSE, RMSE, and R2. Each dataset is divided
into training and testing sets for evaluation. The training set contains 80% of the dataset, and the test set is
made up of the remaining 20% of the dataset. We utilized several machine learning algorithms which are
KNN, SVM, and linear regression. Besides, we utilized a deep learning model, i.e., an LSTM model [25], to
ensure the accuracy of ensemble learning models.

3.2. Dataset

We have collected the dataset of different stocks from the Kaggle website on the following
link (https://www.kaggle.com/datasets/equinxx [stock — tweets — for — sentiment — analysis —
and — prediction? select = stock_tweets. csv, last accessed on 23 March 2024). The dataset consists of
two parts. The first part contains the tweets with a size of 80,793 and four features which are date, tweet,
stock name, and company name. The other part of the dataset contains the stock price data with a size of
6,300 and eight features which are date, open price, highest price, lowest price, closing price, adjusted
closing price, volume, and stock name. Of note, the extracted tweets contained unnecessary data like special
characters, URLs, emojis, hashtags (#), and @. Thus, we have preprocessed these tweets to obtain only the
cleaned sentences. Then, we extracted the features in two ways to ensure the polarity. After That, we chose
the tweets whose polarity was matched with the trend of the financial data and ignored the others. Thus, we
reduced the dataset size from 80,793 to 15,430. We divided the whole dataset into small datasets based on the
stock name. We obtained 22 datasets for 22 stock names.
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3.3. Features extraction

For the sake of feature extraction, we utilized two different methods to ensure the correctness of the
polarity score. We used the valence aware dictionary for sentiment reasoning (VADER) model [29]. The
VADER model is a sentiment analysis tool that can distinguish between polarity (positive or negative) and
intensity of feelings. It is included in the natural language toolkit (NLTK) package [30] and can be used
effectively on plain text data. The sentimental score is in the range of -1 to 1 following the condition denoted
in (1).

Positive, if x =05
Polarity = { Neutral, if 0.5>x=>-0.5 ®
Negative, otherwise

where x is the sentimental score value. We called the first method polarity 1. In the second method, we chose
the maximum value of positive, negative, and neutral percentages and considered it the polarity score; we
called this method polarity 2. Then, we computed the percentage change of the closing price as the
percentage between two consecutive days of the closing prices and made the same condition as denoted in (1)
to determine its polarity score. When we compared polarity 1 and polarity 2 with the polarity of the daily
closing price change, we noticed that polarity 1 was matched with 15,430 rows of the daily closing price
change while polarity 2 was matched with 8,854 rows of the daily closing price change. Thus, we utilized the
polarity of the sentimental score, i.e., polarity 1 in the proposed model.

We merged all the columns of the two datasets (tweets dataset and closing price changes dataset)
based on the date and stock name to get one dataset merging the tweets’ polarity and the stock price
information. Thus, the final dataset contains the following features: date, stock name, adjusted close,
sentiment score, and polarity. We divided each dataset in a ratio of 80% : 20% for training and testing sets.

3.4. The predictive models

For the predictive model, we framed the problem of stock price prediction as a regression problem.
We proposed using different ensemble learning models [31] to predict the stock prices. Ensemble learning is
a machine learning approach that involves training several learners to solve the same issue. The ensemble
models are broadly categorized into stacking, blending, bagging, and boosting. Stacking is an advanced
ensemble learning strategy in which individual model predictions are layered and utilized as input to train the
meta-model. This meta-model is then applied to the test set to make predictions. The training data set is
divided into n parts. The basic model is trained for each n—1 part. Blending is a method similar to stacking in
those predictions are made using a validation set from the training set. The training data set is divided into
training and validation sets. Bagging is an approach that combines the findings of individual models to
provide a more generalized outcome. Individual models, however, are not given the same dataset. Instead, the
bootstrapping approach is used to build replacement subsets of the original dataset. In the boosting approach,
each consecutive model attempts to fix the errors in the prior model. As a result, subsequent models rely on
the prior model. Boosting creates a subset from the entire dataset. A basic model is trained using this subset.
This model makes predictions throughout the whole dataset. Incorrect forecasts have been noticed. Then,
another base model is trained to fix the prior model’s mistakes.

3.5. Implementation details

We utilized the CatBoostClassifier class with a loss function of “MultiClass” value and 200
iterations. We use the implementation of the CatBoost and ipywidgets packages. The pool is an internal data
structure of CatBoost that wraps the utilized data and target values. The pool can make the training process
faster. Then, we fed the model with the training dataset to fit the model. Then, the evaluation function
received the true values. We utilized the BaggingRegressor and GradientBoostingRegressor classes
with default parameter values and fitted the model with X containing the list of values of the sentiment score
and Y containing the list of values of the adjusted closing prices. Stacked generalization consists of piling the
result of the single estimators and using a measure to calculate the final prediction. Through stacking, the
effectiveness of each predictor can be utilized by feeding its output into the last predictor. Thus, we utilized
the StackingRegressor with the esti mators’ parameters which are DecisionTreeRegressor,
LinearRegression, and LinearSVR. Then we fitted the model with X train and Y train parameters. We
tuned the RandomForestRegressor and DecisionTreeRegressor classes with 25 for the random state’s
parameter. We utilized the KNeighborsRegressor class with 3 neighbors. Finally, we utilized the linear
support vector regression (LinearSVR) and linear regression with the default parameters.

Predicting stock prices using ensemble learning techniques (Salma Elsayed)



1788 O ISSN: 2088-8708

3.6. Evaluation metrics

To evaluate the performance of the prediction models, we used the evaluation metrics as in [32]
which are: The MAE measure [33] evaluates the absolute difference between actual and forecasted results
which is denoted in (2). It measures how far the forecasts differed from the actual outcome.

MAE = =%, [y — 7] @

where y is the actual value, y' is the predicted value and n represents the size of the test set.
The MSE metric is computed by averaging the square of the difference between the actual and
forecasted values, as denoted in (3).

MSE =13 (v-7)° ©

The RMSE metric [34] is the square root of the average of the squared variance of the real and forecasted
results which id denoted in (4).

RMSE = [,y - 9)? )

The MAPE metric [35] evaluates a prediction model’s accuracy. It computes how accurate the anticipated
value was to the actual value by averaging the absolute percentage errors of all entries in the dataset, as
denoted in (5).

n \2
_l y-y
MAPE = E ~ (—y ) +100 (5)

n i=1

where R? is denoted in (6). It compares the residual sum of squares (SS,.s), (7), to the total sum of squares
(SS:00), (8). The total sum of squares is computed by accumulating the squares of the perpendicular intervals
between data points and the average line.

R? =1 - [Zr=] 6)
where

SSres = Sum(y — y)? (7

SStor = Lz (v — 9)? (®)

4. RESULTS AND DISCUSSION
4.1. Setup

The experiments were conducted on a PC with a 64-bit Windows 11 OS with an Intel 7-core processor
running at 3.20 GHz and 16 GB RAM. Scikit learns libraries were used to implement the ensemble learning
and machine learning models. The utilized source code and dataset is publicly available [36].

4.2. Results

In this section, we evaluated the performance of all models using various metrics, namely, MAPE,
MAE, MSE, RMSE, and R2. The comparison between the proposed ensemble learning models, ML models,
and an existing work utilizing a hybrid CNN-LSTM model [25] revealed that the ensemble learning models,
e.g., StackingRegressor, CatBoostClassifer, and BaggingRegressor perform better for most of the
different stocks. Considering the MAPE metric to determine the most effective algorithm, the listed MAPE
values in Table 1 show that the TSLA dataset is reduced from 0.22 for the CNN-LSTM model [25] to 0.15
for the CatBoostRegressor model. A detailed results of the MAPE, MAE, and R2 metrics for the ensemble
learning models and the hybrid CNN-LSTM model [25] for the TSLA, MSFT, AMZN, GOOG, AMD, and
NFLX datasets are shown in Table 1.

Using TSLA, MSFT, AMZN, GOOG, and AMD datasets as examples, the bar charts in Figures 2
and 3 show the comparison between the StackingRegressor, CatBoostClassifier, CatBoostRegressor,
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BaggingRegressor, GradientRegressor, and hybrid CNN-LSTM [25] models’ performance based on the
RMSE metric and MSE metric. The results proved that the proposed models perform better than the other
techniques with most of the datasets. The visual representation through bar charts enables clear comparison
of performance differences across all tested models and datasets.

Table 1. A comparison between different models based on MAPE, MAE, and R2 metrics for many stocks

Stock Name/metrices ~ StackingRegessor ~ CatBoostClassifier ~ CatBoostRegressor ~ BaggingRegressor  GradientBoosting ~ CNN-LSTM [23]
MAPE 0.169 0.214 0.155 0.183 0.170 0.222
TSLA MAE 49.132 74.311 55.050 64.482 60.305 61.881
R2 -0.646 -2.260 -0.645 -1.470 -1.149 -1.230
MAPE 0.053 0.134 0.105 0.132 0.115 0.227
MSFT MAE 16.511 43.007 34.366 42.600 73.245 58.670
R2 -0.070 -6.426 -3.778 -6.172 -4.504 -10.997
MAPE 0.187 0.164 0.184 0.174 0.178 0.293
AMZN MAE 32.210 28.195 31.774 30.038 30.693 38.803
R2 -29.877 -33.713 -29.301 -31.666 -30.223 -45.217
MAPE 0.042 0.150 0.119 0.135 0.137 0.208
GOOG MAE 6.206 21.825 17.309 19.631 19.919 42.846
R2 -1.376 -25.792 -13.178 -18.217 -19.265 -27.258
MAPE 0.147 0.230 0.180 0.209 0.199 0.265
AMD MAE 21.215 31.261 25.734 28.997 27.699 27.278
R2 -0.962 -3.177 -1.680 -2.452 -2.141 -1.895
MAPE 0.213 0.616 0.439 0.459 0.492 2.814
NFLX MAE 135.822 391.766 297.447 292.522 313.670 468.603
R2 -61.593 -524.44 -270.874 -342.468 -368.860 -728.341
Mean Squared Error(MSE) matric For Evaluating Various
10000
o 8000
=]
T 6000 N
S \=
Wi 4000 §
g N
= 000 § % N
o NS ~HHENE [ EENSH s mEENSH
TSLA MSFT AMEZN GOOG AMD
Stock Name
B stackingRegressor % CatBoostClassifier B CatBoostRegressor
S Bagging Regressor = GradientBoostingR EEE CNN-LSTM [23]
Figure 2. The MSE values for various models
Root Mean Squared Error(RMSE) matric For Evaluating Various Models
100
v 80
3
s 80 %
a4 o
b o
e b

TSLA

Stock Name

I StackingRegressor > CatBoostClassifier # CatBoostRegressor

M Bagging Regressor # GradientBoostingRegressor #CNN-LSTM [23]

Figure 3. The RMSE values for various models

Predicting stock prices using ensemble learning techniques (Salma Elsayed)


file:///C:/Users/ASUS/Dropbox/DATA%20FAIZAH/ORI/35054%20IJECE%2022%25.docx%23_bookmark34

1790 O ISSN: 2088-8708

In Figure 2, the stacking regressor generally outperforms in accuracy, as indicated by lower MAPE
values for a majority of the stocks. This suggests its robustness in handling financial data’s complexities. The
high MAPE for NFLX under the hybrid CNN-LSTM [25] model signals potential overfitting or model
incompatibility with highly volatile stock data. In Figure 3, again, the stacking regressor consistently shows
lower RMSE across all stocks, indicating higher prediction accuracy. In contrast, the CatBoost classifier
tends to exhibit higher RMSE, particularly for TSLA, which could suggest less predictive reliability for that
stock.

The detailed comparison across different stocks suggests specific models excel in certain areas; for
instance, Stacking Regressor generally outperforms in accuracy, as indicated by lower MAPE values for a
majority of the stocks. This suggests its robustness in handling financial data’s complexities. The strikingly
high MAPE for NFLX under the hybrid CNN-LSTM model [25] signals potential overfitting or model
incompatibility with highly volatile stock data. The negative R2 values across models and stocks underscore
the challenge of modeling stock behavior accurately, highlighting the financial market’s unpredictability and
the necessity for sophisticated modeling techniques that can adapt to its volatile nature.

5. CONCLUSION

In this work, we utilized ensemble learning models to predict the prices of 22 stocks based on the
collected tweets from the X social media platform. We proposed merging the tweets with the stock closing price
changes in one dataset to be able to predict the stock price change based on the tweets. First, we preprocessed
the obtained tweets to eliminate the unstructured data. Then, we extracted the tweets’ polarity with two different
methods to ensure the correctness of the polarity. Next, we divided the dataset based on the stock name
into 22 datasets. Then, we utilized several ensemble learning models for the predictive task. The proposed
ensemble learning models were evaluated against several machine learning and deep learning models. Five
different evaluation metrics were utilized, namely, MAPE, MAE, MSE, RMSE, and R?. The experimental
results outlined that the proposed ensemble learning models perform better than the state-of-the-art model
and the machine learning models on average for most stocks. Furthermore, the findings of evaluation metrics
showed that the stacking regressor model outperformed the other models, as it achieved the lowest MAPE
value. Future research will consider merging financial sentiment analysis approaches with the proposed
model.
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