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Abstract—Accurate stock price prediction and analysis are 

now essential for businesses and investors in today's market. It 

has been shown that the traditional methods for predicting and 

visualizing stock information are not accurate enough for 

capturing complex stock market trends and future data. This 

work proposes a novel hybrid approach that utilizes machine 

learning (ML) and deep learning (DL) techniques for intelligent 

stock price prediction and analysis. The main purpose of this 

study is to create a prediction model that can effectively 

investigate the historical stock data and accurately predict 

stock. The proposed model uses the Historical Stock Market 

Dataset having 9,909 records and 7 attributes, and data 

preprocessing, normalization, balancing using SMOTE class, 

along with suitable data splitting techniques are adopted to 

boost the reliability of prediction results. The Hybrid model 

presented in the paper is a combination of XGBoost+LSTM 

which extracts the nonlinear characteristics of both feature 

learning and temporal sequence in the stock market. The 

experimental results show that the proposed model has high 

predictive performance with an accuracy (ACC) of 93.9%, 

precision (PRE) of 93.7%, recall (REC) of 93.8%, and F1 score 

(F1) of 93.6%. The results demonstrate the feasibility of the 

proposed hybrid model in capturing complex relationships and 

sequential patterns in historical stock data, which has the 

potential to generate accurate predictions of stock prices and 

facilitate informed investment decisions. 

Keywords—Deep Learning, Temporal Data Analysis, Stock 

Market, Price Prediction, Artificial Intelligence, Hybrid Models, 

Financial Data. 

I. INTRODUCTION 

Financial forecasting is broadly utilized in the financial 
services sector, such as banking, cryptocurrency, investment, 
insurance, trading, portfolio management, and risk 
assessment, where precise predictions of stock prices 
enable[1] well-informed financial choices and economic 
planning [2][3]. The stock market is an instrument that 
allocates capital, allows firms to borrow money, and enables 
wealth creation to be of benefit to investors, financial 
institutions, and policymakers, thus, forecasting ACC is 
essential. Stock prices are volatile, dynamic, and nonlinear, 
and influenced by several factors, such as price history, 
macroeconomic factors, company performance, geopolitical 

events, and investor sentiment. Such properties make the 
forecasting of future stock prices a difficult problem [4][5]. 

Historical price patterns and statistical techniques are the 
main traditional methods used in stock forecasting and 
determining future market behaviours [6]. Market trends are 
often detected using technical indicators like opening price, 
closing price, high price, low price, moving averages, trading 
volume, and momentum. Using only one type of financial 
data, however, can miss some of the important relationships 
that can affect stock prices. The complexity and volatility of 
the markets have increased further with the rise of computer-
based trading, algorithmic trading and high-frequency trading. 
Under varying market conditions, it is important to take into 
account several financial characteristics and the nonlinear 
relationships in forecasting models in order to ensure that they 
provide reliable predictions [7][8][9]. 

The increasing availability of structured financial data has 
created new opportunities for developing intelligent stock 
forecasting systems. Financial data may include past prices, 
volume, technical indicators, and fundamental factors that 
help reveal trends that can be linked to future changes in 
prices[10] [11][12]. Furthermore, the incorporation of various 
financial data can enhance market dynamics representation 
and minimize the limitations of traditional forecasting 
methods. Accurate stock price forecasting, as well as the 
ability to make educated investing and risk management 
decisions, depends on a framework that can understand 
complicated correlations from market-related and historical 
information [13][14][15]. 

Stock price forecasting has recently seen the rise of ML 
and DL as potent methods due to their capacity to represent 
intricate nonlinear linkages and temporal interdependence 
[16]. While DL approaches are great at learning sequential 
patterns and temporal dependencies from past stock-price 
data, ML methods are great at identifying complicated 
patterns and correlations among technical and financial 
aspects. However, using either approach independently may 
limit the ability to simultaneously exploit nonlinear feature 
relationships and sequential market patterns [17][18][19][20]. 
Hence, in this study, an ML-DL hybrid framework for 
accurate stock price forecasting is proposed to ensure 
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maximum ACC and strength of the stock price forecasting 
technique by incorporating the complementary advantages of 
both ML and DL [21]. 

A. Motivation and Contribution 

This study is initiated by the high volatility, nonlinear 
behaviour and dynamism of the stock markets which make 
forecasting stock prices a difficult task. The relationships 
among financial data, and the temporal patterns, are often 
complex, and traditional forecasting methods are unable to 
capture them. As more market data becomes available, 
opportunities arise to use ML and DL techniques better to 
predict the market. Therefore, this study develops a hybrid 
ML-DL framework that combines nonlinear feature learning 
with sequential pattern analysis to improve the ACC and 
reliability of stock price forecasting. This research offers 
several key contributions as listed below: 

• Utilized the Historical Stock Market Dataset 
containing 9,909 records and 7 attributes for stock 
price prediction. 

• Used preprocessing methods such as label encoding, 
noise reduction, duplication removal, missing-value 
handling, and StandardAero normalization. 

• Applied SMOTE to achieve racial and economic parity 
and strengthen underrepresented groups' visibility. 

• Developed a Hybrid XGBoost+LSTM model that 
combines nonlinear feature learning with temporal 
sequence modelling. 

• Evaluated the proposed model using ACC, PRE, REC, 
and F1. 

• Compared the proposed model with LR, DNN, 
BiLSTM, and MLP, showing superior overall 
predictive performance. 

The justification for this study is based on the limitations 
of conventional forecasting methods in capturing the complex, 
nonlinear, and temporal characteristics of stock-market data. 
The approach proposed combines ML and DL methods, 
leveraging their complementary predictive power. The 
novelty of its design is the integration of nonlinear feature 
extraction and sequential pattern learning in a single Hybrid 
XGBoost+LSTM framework. To enhance data quality and 
learning effectiveness, the model is also subjected to 
systematic preprocessing and normalization techniques, as 
well as SMOTE class balancing. This integrated framework 
provides a robust and accurate approach for stock-price 
forecasting compared with individual ML or DL models. 

B. Structure of the Proposed Study 

The rest of this paper is organized as follows: Section I 
presents the introduction and literature review, Section II 
describes the research methodology, Section III discusses 
experimental results and comparative analysis, Section IV 
presents the conclusion and future study, followed by the 
references.  

II. LITERATURE REVIEW  

This study involved a detailed review and critical analysis 
of recently published studies that focused on accurate stock 
price forecasting to determine key methodologies, findings, 
and research gaps. Table I summarizes these studies by 
highlighting the proposed approaches, datasets employed, 
significant findings, and key limitations. 

Kouakan Adanin and Balungu (2025) aim to compare 
ARIMA and SARIMAX with advanced ML models, 
specifically multivariate LSTM and LightGBM, for predicting 
U.S. wheat stock prices from 2021 to February 21, 2025. The 
dataset includes historical prices and statistical measures from 
lagged values over 1, 7, and 30 days. Results show that 
multivariate LSTM achieved the best performance, with MSE 
of 0.0015 and RMSE of 0.0389, outperforming LightGBM 
and tuned SARIMAX. Its superior performance is attributed 
to its ability to capture complex temporal dependencies and 
nonlinear patterns in financial time series data [22]. 

Anand and Yadav (2025) propose a real-time stock market 
prediction framework using LSTM networks and prominent 
technical indicators. Yahoo Finance API data are enhanced 
with RSI, SMA, EMA, MACD, and Bollinger Bands. The 
LSTM model is compared with LR, SVM, and RF using MSE, 
MAE, and R². Results show that LSTM achieved superior 
ACC, with MSE of 0.004 and R² of 0.95, demonstrating its 
effectiveness in capturing temporal dependencies and 
nonlinear patterns in financial data [23]. 

Jakhar, Sharma and Ahmed (2024) proposed using 15 
years of historical time-series data from 2009 to 2023, with 12 
years for training and 3 years for testing. Day-wise high prices 
were predicted using open, low, and close prices. The study 
evaluated MLR, SVM with Linear, Polynomial, and RBF 
kernels, MLP (2,2), and XGBoost using MAE and RMSE. 
MLR achieved the best performance, with the lowest MAE of 
11.57 and RMSE of 14.69 [24]. 

Kihtir and Oztoprak (2024) a comparison of hybrid KNN-
SVM and KNN-LSTM models for stock price prediction 
using historical data from AAPL, GOOGL, and MSFT from 
2020 to 2023. Results show varied performance across stocks, 
with KNN-SVM achieving the best results for GOOGL 
(RMSE: 2.11, R²: 0.968), while recording RMSE values of 
13.56 for AAPL and 25.39 for MSFT. The findings indicate 
that hybrid model effectiveness varies with stock 
characteristics and market conditions [25]. 

Lavanya and Gnanasskaran (2023) aim to identify patterns 
from historical data to predict future stock values. Using two 
years of Yahoo Stock Market data, the study employs feature 
engineering and ML to forecast stock price trends based on 
open, high, low, and close prices. The closing prices for the 
following five days are predicted using an LR model. With a 
92% ACC rate, the suggested LR model outperformed all 
previous models. [26]. 

Baihaqi et al. (2023) proposed to compare DL models, 
including LSTM, Bi-LSTM, and GRU, for stock-price 
forecasting using historical stock market data. The study 
evaluates model ACC and the effect of training epochs using 
RMSE, MSE, and MAE. Results show that Bi-LSTM 
outperforms the other models, achieving RMSE, MSE, and 
MAE values of 0.00029, 0.00029, and 0.01, respectively [27]. 

Reddy and Magesh Kumar (2022) used GBM A stock 
values instead of the NB Algorithm, and wanted to assess the 
ACC of stock price predictions. To estimate the ACC of stock 
prices, use the NBs Algorithm iteratively using a sample size 
of 20 for the GBM Algorithm. The overall forecast error is 
mitigated by the Novel Loss Function of the GBM Algorithm, 
which is grounded on historical stock prices. The ACC of the 
GBM approach is 92.3%, which is much higher than the 
87.7% ACC of the NBs algorithm [28]. 

https://doi.org/xxxxxxxxxxxxx
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TABLE I.  SUMMARYY SUMMERY OF THE STUDY ON ACCURATE STOCK PRICE FORECASTING WITH HYBRID ML AND DL 

Author Proposed Work Dataset  Key Findings Limitations & Future Work 

Kouakan Adanin 

and Balungu 

(2025) 

ARIMA, SARIMAX, 

multivariate LSTM, and 

LightGBM 

U.S. wheat stock 

data, 2021–2025 

LSTM achieved the best performance 

with MSE = 0.0015 and RMSE = 0.0389; 

no accuracy percentage was reported. 

Hybrid ML-DL integration was not 

explored. Future work can combine 

boosting and LSTM models. 

Anand and 
Yadav (2025) 

LSTM with RSI, SMA, 
EMA, MACD, and 

Bollinger Bands 

Yahoo Finance 
historical stock 

data 

R² = 0.95 = 95%, with MSE = 0.004. Focuses mainly on LSTM; hybrid 
ML-DL architecture can be 

explored. 

Jakhar, Sharma 
and Ahmed 

(2024) 

MLR, SVM, MLP, and 
XGBoost 

Stock data from 
2009–2023 

No percentage accuracy was reported; 
MLR obtained MAE = 11.57 and RMSE 

= 14.69. 

Does not combine boosting with 
recurrent DL models. 

Kihtir and 

Oztoprak (2024) 

KNN-SVM and KNN-

LSTM hybrid models 

AAPL, GOOGL, 

MSFT, 2020–2023 

GOOGL: R² = 0.968 = 96.8% with KNN-

SVM; RMSE = 2.11. 

Performance varies across stocks; 

more robust hybrid models are 
needed. 

Lavanya and 

Gnanasskaran 
(2023) 

Linear Regression with 

feature engineering 

Yahoo Stock 

Market data 

92% accuracy using Linear Regression. Uses a relatively simple model and 

limited historical period. 

Baihaqi et al. 

(2023) 

LSTM, Bi-LSTM, and 

GRU 

Historical stock-

market data 

Bi-LSTM achieved the best performance: 

RMSE = 0.00029, MSE = 0.00029, MAE 

= 0.01; no accuracy percentage reported. 

Does not combine DL with 

boosting-based ML. 

Reddy and 

Magesh Kumar 

(2022) 

GBM vs Naive Bayes Stock-price data GBM = 92.3% accuracy, while Naive 

Bayes = 87.7%. 

Limited reported sample size and no 

DL component. 

Research Gaps: The methodology proposed is to use 
Kaggle's Historical Stock Market Dataset, which has 9,909 
records and 7 attributes, followed by data pre-processing, 
normalization, balancing using SMOTE, and splitting the 
data. The Hybrid XGBoost+LSTM model combines nonlinear 

feature learning with temporal sequence modelling to achieve 
accurate stock-market price prediction. Finally, the 
performance of the model is evaluated using REC, ACC, PRE, 
F1, confusion matrix, and ROC analysis. 

 

Fig. 1. Proposed Flowchart for Accurate Stock Market Price Prediction 

III. RESEARCH METHODOLOGY  

The methodology proposed is to use Kaggle's Historical 
Stock Market Dataset which has 9,909 records and 7 
attributes, followed by data pre-processing, normalization, 
balancing using SMOTE, and splitting the data. The Hybrid 
XGBoost+LSTM model combines nonlinear feature learning 
with temporal sequence modelling to achieve accurate stock-
market price prediction. Finally, the performance of the model 
is evaluated using REC, ACC, PRE, F1, confusion matrix, and 
ROC analysis. Fig. 1 illustrates the proposed flowchart for 
Accurate Stock Price Forecasting. 

The following section presents a detailed explanation of 
each step involved in the proposed methodology: 

A. Data Gathering and Analysis 

The Historical Stock Market Dataset was obtained from 
Kaggle and comprises 9,909 records with 7 attributes, 
containing key historical market information such as date, 
opening, closing, highest, lowest, adjusted price, and trading 
volume. The distributions and correlations of the set of data 

variables were analyzed using data visualization techniques 
such as bar plots and heat maps: 

 

Fig. 2. Bar Graph of Class Distribution  

The results of the three classes of sentiment are presented 
in Fig. 2, and the Positive sentiment class is the largest at 
55.2%. The neutral sentiment represents 31.1%, with the 

Historical Stock Market Dataset 

 

Data pre-processing 

Handling Missing 
Values 

Duplicate and 
Inconsistent Data 

Removal 

Noise and Outlier 
Removal 

Label Encoding 

StandardAero Normalization 
Data Balancing Using 

SMOTE 

Data Splitting 

Training   

Testing  

Implement Hybrid 

XGBoost+LSTM 

Model 

Model Evaluation 

Accuracy, Precision, 

Recall, F1 Score And 
ROC  

 

Results  

Validation  
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lowest sentiment being negative at 13.7%. Overall, the 
distribution indicates a clear positive sentiment class with a 
less frequent negative sentiment class and neutral sentiment 
class. 

 

Fig. 3. Correlation Matrix Heatmap  

The correlation heatmap (Fig. 3) illustrates the 
relationships between the features of the dataset, with Favs 
and RTs having the highest positive correlation (0.87). The 
other variables have relatively low to moderate correlations, 
and sentiment label has low correlations with the remaining 
variables. The heatmap reveals that there is minimal 
multicollinearity between the majority of the features, 
suggesting they are appropriate for subsequent analysis and 
predictive modelling. 

B. Data Pre-Processing  

Data preparation included concatenation of data from the 
CICIDS 2017 dataset, cleansing and feature engineering. The 
pre-processing steps include missing value handling, 
duplication elimination, noise and redundant value 
elimination, and data labelling and normalization. The main 
pre-processing actions are briefly summarized below: 

• Handling Missing Values:  Records of the stock 
exchange are identified as missing or incomplete data, 
and then interpolated or imputed with the mean values. 
This allows for a full picture and prevents loss of 
observation from influencing model training.  

• Duplicate and Inconsistent Data Removal: 
Duplicate data and inconsistent values are detected and 
eliminated to ensure data quality and reliability. This 
ensures that each observation is unique and suitable for 
accurate stock-price forecasting. 

• Noise and Outlier Removal: Appropriate filtering 
techniques are used to detect and remove noise and 
abnormal fluctuations in historical stock prices. The 
method used here is called Variational Mode 
Decomposition (VMD) which extracts meaningful 
price patterns from unwanted noise.  

• Label Encoding: Label Encoding transforms 
categorical values into discrete labels, enabling ML 
models to handle categorical data efficiently. This 
transformation does not add any further dimensions to 
the data and maintains the identity of the categories. 

C. Standardscaler Normalization  

The dataset was transformed using the StandardScaler 
function to normalize the data, resulting in a distribution with 

a mean of zero and a standard deviation of one. This was done 
to account for the varying scales of each descriptor. Achieving 
this transformation is as simple as taking the standard 
deviation from each observation and dividing it by the mean, 
as seen in Equation (1): 

 𝑧 =
𝑥−𝜇

𝜎
 () 

where z represents the feature's modified value, x stands 
for each descriptor's original value, μ denotes the feature's 
mean, and σ denotes its standard deviation within the dataset. 

D. Data Balancing using Synthetic Minority Over-Sampling 

Technique (SMOTE)  

Data balancing reduces class imbalance by boosting the 
representation of underrepresented classes in the dataset. 
Synthetic minority over-sampling technique (SMOTE) was 
used to create synthetic samples in this investigation. Using 
Euclidean distance, SMOTE finds the instances in the 
minority class that are closest to each other, and then it 
generates fresh samples by interpolating between those 
examples and their neighbours. With the synthetic 
observations added to the training data, the class distribution 
is more evenly distributed, and the ML model is able to learn 
minority-class patterns more successfully. 

 

Fig. 4. Bar Graph of Class Distribution After SMOTE  

Fig. 4. The bar graph illustrates the class distribution after 
applying SMOTE, where the Positive, Neutral, and Negative 
classes are equally represented at 33.3% each. This optimal 
distribution helps to minimize class imbalance and avoid 
majority class bias. Therefore, the predictive model is able to 
learn patterns of all sentiment classes better. 

E. Data Splitting 

The original dataset was divided into three sets: 72% for 
training, 8% for validation, and 20% for testing, providing a 
proper distribution for developing, tuning, and testing the 
model. 

F.  Proposed Hybrid XGBoost+LSTM Model 

The capabilities of XGBoost and LSTM networks are 
combined in the Proposed Hybrid XGBoost+LSTM Model to 
provide precise stock market price prediction. When it comes 
to financial characteristics, XGBoost is great at capturing 
nonlinear correlations, whereas LSTM is great at learning 
sequential patterns and temporal dependencies. The XGBoost 
component first generates informative predictions/features, 
which are then provided to the LSTM component to model 
time-dependent behaviour and produce the final prediction. 
The overall hybrid prediction process is represented by 
Equation (2). 

 𝐹𝑡 = 𝑋𝐺𝐵𝑜𝑜𝑠𝑡(𝑋𝑡) (2) 

https://doi.org/xxxxxxxxxxxxx
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where 𝑋𝑡  represents the input stock-market features at 
time t, and 𝐹𝑡 denotes the feature representation or prediction 
generated by the XGBoost component. 

The extracted XGBoost representation is subsequently 
arranged as a temporal sequence and supplied to the LSTM 
network. The LSTM uses its memory mechanism to retain 
relevant information from previous time steps while 
processing the current input. The LSTM operations are 
defined using the input gate, forget gate, output gate, and cell-
state update, as given in Equations (3) to (6). 

 𝑖𝑡 = 𝜎(𝑊𝑖𝐹𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖  (3) 

 𝑓𝑡 = 𝜎(𝑊𝑓𝐹𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓 (4) 

 𝑜𝑡 = 𝜎(𝑊𝑜𝐹𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜 (5) 

 𝐶𝑡 = 𝑓𝑡⨀𝐶𝑡−1 + 𝑖𝑡⨀tanh⁡(𝑊𝑐𝐹𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐 (6) 

here, 𝑖𝑡, 𝑓𝑡, and 𝑜𝑡 stand for the input, forget, and output 
gates, respectively; 𝐶𝑡 is the current cell state; ℎ𝑡−1 is the prior 
hidden state; 𝑊 and 𝑈 are weight matrices; 𝑏 is the bias term; 
σ is the sigmoid activation function; and ⊙ is element-wise 
multiplication. 

A fully connected output layer is used to acquire the final 
stock-price forecast from the hidden representation generated 
by the LSTM. This last forecast combines LSTM's temporal 
learning capabilities with XGBoost's nonlinear feature-
learning capabilities. The suggested hybrid model's ultimate 
output is given by Equation (7). 

 𝑌̂𝑡 = 𝑊𝑦ℎ𝑡 + 𝑏𝑦 (7) 

where 𝑌̂𝑡  represents the predicted stock price, ℎ𝑡  is the 
current LSTM hidden state, and 𝑊𝑦 and 𝑏𝑦 denote the output-

layer weights and bias, respectively. The proposed Hybrid 
XGBoost+LSTM Model is a unified model that can capture 
complex feature relationships and sequential stock-market 
patterns, thereby enhancing the reliability of the stock price 
prediction. The proposed Hybrid XGBoost+LSTM model was 
set with XGBoost: 200 estimators, learning rate=0.05, max 
depth=6, and subsample=0.8, and LSTM with 2 layers, 128 
hidden units, dropout=0.2, batch size=32, epochs=50, learning 
rate=0.001. To ensure stability and efficient convergence, 
LSTM training was carried out using the Adam optimizer. For 
stable and efficient convergence, the Adam optimizer was 
used for LSTM training. 

G. Evaluation Metrics 

The proposed model was tested using different standard 
classification metrics. The numbers of correct and incorrect 
classifications per class were presented in a confusion matrix. 
The matrix was then used to identify the True Positives (TP), 
False Positives (FP), True Negatives (TN), and False 
Negatives (FN), which were then used to calculate the ACC, 
PRE, REC, and F1 as described below in Equations (8) to (11): 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 (8) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 (9) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 (10) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (11) 

The ACC is the number of predictions that are correct 
divided by the total number of instances in the data set. PRE 

is the ratio of actual positive predictions to total positive 
predictions and measures the ACC of the positive predictions. 
REC is the percentage of positive instances that are correctly 
identified by the model. The F1, which falls in the range of 0 
to 1, is the harmonic mean of PRE and REC. The ROC curve 
is a plot that compares the TPR with FPR across various 
decision thresholds of the model. 

IV. RESULTS AND DISCUSSION  

This Section provides a brief description of the 
experimental setup and analyzes the performance of the 
suggested model at each stage, demonstrating its 
effectiveness, dependability, and computing efficiency. Using 
the data processing, graphing, and analysis packages Scikit-
learn, Pandas, NumPy, Matplotlib, Seaborn, and Python 
3.10.6, the model was developed. Operating System: 
Windows 11 Pro, Hardware: Intel Core i9-13900K CPU (3.0 
GHz), Graphics: NVIDIA RTX 4090 with 24GB VRAM, and 
Random Access Memory: 64 GB were all used to conduct the 
studies. Training and testing of the Hybrid model were 
conducted using the Historical Stock Market Dataset available 
on the Kaggle website. The model was evaluated using their 
performance measures, which include ACC, PRE, REC, and 
F1. There is consistent classification performance for accurate 
stock market price prediction using the suggested strategy, 
which yielded 93.9% ACC, 93.7% PRE, 93.8% REC, and 
93.6% F1 (Table II). 

TABLE II.  CLASSIFICATION RESULTS OF THE PROPOSED APPROACH FOR 

ACCURATE STOCK MARKET PRICE PREDICTION 

Matrix Proposed Hybrid XGBoost+LSTM 

Accuracy 93.9 

Precision 93.7 

Recall 93.8 

F1-score 93.6 

 

Fig. 5. Confusion Matrix for the Proposed Hybrid XGBoost+LSTM Model 

Fig 5 shows the confusion matrix for the three classes (0, 
1, and 2) of the proposed hybrid XGBoost+LSTM model. The 
diagonal values of 845, 3909, and 2369 represent correctly 
classified instances for the respective classes. High values on 
the diagonal represent high classification accuracy, and low 
off-diagonal values show that there are few misclassifications. 

The proposed Hybrid XGBoost+LSTM model for Class 0, 
Class 1 and Class 2 is still in the top left corner of the ROC 
curve, as illustrated in Fig. 6. providing high TPRs and low 
FPRs. The AUC values are 0.94, 0.97 and 0.98, which reflect 
very good class discrimination. Overall, the curves validate 
the good and robust classification performance of the model. 

https://doi.org/xxxxxxxxxxxxx
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Fig. 6. ROC Curve for Proposed Hybrid XGBoost+LSTM Model 

 

Fig. 7. Training, Validation, and Test Loss Curves for the Proposed Hybrid 

XGBoost+LSTM Model 

The training loss gradually decreases with epochs, 
demonstrating successful model learning as visualized in Fig 
7. Initially the validation loss drops, but then slowly rises, 
whereas the test loss is almost constant. The learning 
behaviour of the model is showcased in these trends and they 
indicate the model's generalization performance. 

A. Comparative Analysis 

The effectiveness of the proposed approach was compared 
to a number of existing ML and DL models as listed in Table 
III. The proposed hybrid method has the highest overall ACC 
(93.9%), PRE (93.7%), REC (93.8%) and F1 (93.6%). In 
comparison, the existing models achieved lower ACC values, 
including 72.7% for LR, 80.7% for DNN, 88.1% for BiLSTM, 
and 90.0% for MLP. The proposed approach also illustrates 
balanced PRE, REC, and F1, which makes it capable of 
identifying the movement of the stock market prices. The 
results prove that the suggested hybrid method yields better 
and stable classification results for the accurate prediction of 
the stock market prices. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING AND DEEP 

LEARNING MODELS FOR ACCURATE STOCK MARKET PRICE PREDICTION 

Model Accuracy Precision Recall F1-score 

LR[29] 72.7 72.9 72.7 72.6 

DNN[30] 80.7 - - - 

BiLSTM[31] 88.1 - - 87.5 

MLP[32] 90 - 92 90 

Proposed Hybrid 
XGBoost+LSTM 

93.9 93.7 93.8 93.6 

The combination of XGBoost and LSTM in the proposed 
hybrid model is expected to yield more accurate predictions, 
harnessing the strengths of both ML and DL techniques. It is 
quite useful for handling the complex relationships of features 
and sequences in the stock market. The model can predict with 
a greater ACC of 93.9%, which is better than the existing 
approaches. Thus, it delivers a dependable and effective 
model for forecasting stock market prices accurately. 

V. CONCLUSION AND FUTURE STUDY 

The accurate prediction of stock price movements is 
crucial to informed investment decisions and financial risk 
management in highly dynamic and non-linear markets. This 
work proposed Hybrid XGBoost+LSTM framework with the 
Kaggle Historical Stock Market Dataset that has 9,909 rows 
and 7 attributes. The methodology involved data 
preprocessing, normalization using StandardScaler, class 
balancing with SMOTE and performance evaluation. By 
combining XGBoost with nonlinear feature learning and 
LSTM for temporal sequence modelling, the framework was 
able to capture complementary patterns within the historical 
financial data. The use of XGBoost for nonlinear feature 
learning and LSTM for temporal sequence modelling allowed 
the framework to learn complementary patterns within the 
historical financial data. The proposed model delivers an ACC 
of 93.9%, PRE of 93.7%, REC of 93.8% and F1 of 93.6%, 
which is better than LR, DNN, BiLSTM and MLP. Moreover, 
the ROC-AUC values of 0.94, 0.97, and 0.98 indicated 
excellent multi-class discrimination. Overall, the results 
validate the proposed hybrid model as an efficient and 
effective technique for predicting stock prices and assist in 
making informed trading decisions.  

In future, these analyses can be expanded by leveraging 
more comprehensive and varied datasets that include real-time 
market data, technical analysis indicators, macroeconomic 
data, and investor sentiment. To enhance the robustness of 
predictions, advanced architectures such as attention 
mechanisms, transformers, and ensemble methods can be 
explored. Cross-market generalisation, computational 
efficiency and real-time deployment under varying market 
conditions are additional areas that can be explored further. 
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