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Abstract: In recent years, leveraging artificial intelligence for stock price prediction has emerged as a critical research focus
within the financial sector. This study compares the forecasting performance of two prominent time series models: the traditional
Autoregressive Integrated Moving Average (ARIMA) model and the deep learning-based Long Short-term Memory (LSTM)
network. Additionally, to enhance robustness and capture diverse market dynamics, machine learning models such as Random
Forest and Support Vector Machines (SVM) are also integrated into the framework. Utilizing historical closing prices from
Yahoo Finance, these models are developed and rigorously evaluated using key statistical indicators, namely Mean Squared
Error (MSE), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). Experimental results consistently
demonstrate that the LSTM model achieves lower error rates across all metrics compared to ARIMA, highlighting its superior
ability to capture complex, nonlinear patterns inherent in stock market data . These findings are consistent with broader
research showing LSTM’s advantage in modeling time-dependent financial data for both short-term and longerterm horizons.
Beyond conventional historical data, this work also incorporates sentiment analysis from financial news and social media along
with event analysis of political, economic, and social occurrences, thereby extending predictive capability to real-world market
drivers. The integration of statistical, machine learning, and deep learning techniques with sentiment and event features
represents a novel contribution, as no prior project has simultaneously employed ARIMA, LSTM, Random Forest, and SVM in
this combined framework. The results of this comprehensive analysis offer valuable guidance for investors and market analysts
aiming to improve the accuracy of future stock price forecasts. Moreover, this paper contributes to the growing body of literature
evaluating the real-world utility of hybrid Al-driven approaches in financial prediction tasks

L. INTRODUCTION

Currently, big data is an interesting topic. Investors worldwide are trying to use various big data methods to predict stock price
fluctuations. Traditional models cannot keep up with the growing stock market. The rapid development of neural networks has led
to their powerful information processing ability being used more often in stock price prediction. Stock price prediction methods
mainly include time series prediction, technical index analysis, and artificial intelligence approaches. Time series analysis predicts
future data based on historical information, mainly using moving average (MA), auto regressive conditional heteroscedasticity
(ARCH), auto regressive moving average (ARMA), and auto regressive integrated moving average (ARIMA). The technical index
analysis method is common in quantitative investment and predicts future trends in stock prices. Deep learning models include back
propagation neural networks (BPNN), recurrent neural networks (RNN), long short-term memory networks (LSTM), and
convolutional neural networks (CNN). LSTM is popular for stock prediction because it solves the long-term dependency issue
present in RNNs. Additionally, traditional machine learning models like Support Vector Machine (SVM) and Random Forest are
used to improve predictive performance. Since stock prices are affected not only by historical data but also by external factors,
sentiment analysis and event-based analysis are included to enhance accuracy. This project designs predictive models using LSTM,
ARIMA, SVM, and Random Forest, combined with sentiment and event analysis, to achieve more reliable stock price forecasts

1. DATASET DESCRIPTION AND PREPROCESSING

This research leverages stock market data obtained from Yahoo Finance, a reputable source for historical financial data. The stock
and index trading dataset used spans daily levels of selected stocks and indices from January 2010 through December 2023, as
available. The long time frame of the dataset captures market bullish runs, bearish decreases, and varying trajectories as applicable,
meaning that it is the appropriate time frame to evaluate performance for forecasting models during various economic conditions.
Thus, in addition to historical traded price and volume data, external sentiment and event features are taken into account. These
features include headlines from stock related news, social media sentiment and trends and relative events that occur in the political,
economic and socioeconomic realms.
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These sentiment datasets and event-based datasets are processed through text applications of natural language processing, sentiment
polarity and event categorization. Thus, the researched model is structured to unify textual and event-based structured data with
unstructured market data in an attempt to thoroughly explore the quantitative and qualitative perspectives of stock price movement
over time to ultimately improve future movement prediction.

A. Features Collected

The full dataset contains all stock market indicators and external variables that would not potentially skew performance assessment
of the market or better assess it.

For the financial market, the following variables are included. Date = trading day, Open = stock's price at market open, High =
stock's price at market high, Low = stock's price at market low, Close = stock's value price per share when the market closes,
Adjusted Close = price per share with the dividend and stock splits adjustment which means this is the price that will accurately
gauge value and Volume = shares traded on said date. The variable chosen for forecasting is Adjusted Close price since it signifies
what the price would actually be if it were assessed post adjustment.

Additionally, there are sentiment-based features and event-based features. Sentiment features are based on news articles written
about the stock/industry, analyst opinions and social media chatter. These are converted into features for polarity (positive, negative
or neutral) and sentiment strength scores which assess the degree of someone’s opinion of a given feature. Event features are based
on outside occurrences like changes in economic policy, earnings reporting, government actions, shifts in the international market
and geopolitical developments. These occurrences are noted, classified, and one-hot encoded into appropriately shaped variables for
the day in question.

Therefore, based on the sentiment found in articles and events of note which could motivate a change noted, the cumulative dataset
is expected quantitative sentiment given to qualitative features outside of just market realized findings.

B. Preprocessing Methodology

Data preprocessing is a crucial step in stock price prediction as trusted and trustworthy prediction models rely on high-quality
input. Therefore, for this study, both structured and unstructured sources of market and external data were preprocessed to ensure
consistency and facilitate usability across multiple models: ARIMA, LSTM, Random Forest and SVM. For this dataset, missing
values were treated differently depending on their manifestations; smaller levels of gaps in prediction were compensated for through
forward-fill interpolation while entire rows and gaps without historical predictions were deleted to ensure acquisition of no
misleading information. This treatment is consistent with empirical data and time series forecasting standards whereby missing
values must be treated without compromising the integrity of the model. [2][13].

Before training any machine/deep learning models, all numerical features were normalized. For example, Min-Max normalization
modified all values from 0 to 1 to maintain a relationship and reach convergence faster, which was especially true for LSTM and
SVM since feature imbalance could lead the learning to bias [6][19]. After this process, ADF (Augmented Dickey Fuller) test was
conducted for ARIMA modeling to investigate whether the time series was stationary. If it was not stationary, differencing was
applied for variance stabilization and trend removal in accordance with procedures found throughout financial econometrics.
[2][25]. Next, the data was divided into training and test datasets at an 80:20 ratio while maintaining a time series aspect whereby
future prices would not give away information about past prices and vice versa. Since the LSTM model is based on learning from
time series dependencies, a sliding window technique was used. Therefore, a constant sized step (i.e. 60 trading days) was taken to
train the model in predicting the adjusted close of day 61. This generated a learning experience for the model that comprehended
time series dependent information for the short and long term.[4][9].

In addition, features from the external unstructured field were also extracted: sentiment and events. Regarding sentiment, financial
news and analystsocial media opinions were processed through basic NLP to clean the text (i.e., tokenization, stop-word removal,
lemmatization) to create sentiment scores through polarity (positive, negative, neutral) and intensity which corresponds to the
research conducted for sentiment based forecasting [33][44][45]. Regarding events, corporate earnings announcements, central bank
monetary decisions and international events were found through systematic classification and digitization. In this regard, events
were converted to binary and categorical variables aligned with their dates for inclusion into the market panel [40][41][46].
Sentiment and events are particularly useful features which otherwise cannot be understood through price indicators alone since
prices cannot recognize exogenous shocks or investor sentiment - which are two of the strongest factors for deviation within the
stock market. Therefore, by adding financialized quantitative features with those qualitative sentiment-event based ones, a more
holistic panel was formed which accounts for internal tendencies and external volatility inducing factors [6][30][47].
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Therefore, this preprocessing pipeline becomes a standardized version for otherwise disparate data and as a data collection process,
it extends behavioral and contextual expectations to more stable predictive causes of prediction. As a result, this panel benefits from
the best that statistical hypothesis (ARIMA), time series related (LSTM) and general machine learning (Random Forest, SVM) have
to offer for a more all encompassing, realistic version of the financial markets in question.

C. Dataset Significance

The diversity and depth of the dataset play an important role in determining the impact of predictive models. By covering an
extensive time span that includes bullish trends, bearish downturns, and highly volatile trading periods, the dataset ensures that
models are tested under a variety of economic and market conditions. This richness allows for a more rigorous evaluation of
forecasting methods and provides greater confidence in their ability to generalize beyond limited scenarios. Traditional statistical
models such as ARIMA benefit from the stationary segments of the dataset, where linear trends can be captured effectively and
forecasts remain stable [2][13][25]. In contrast, deep learning models like LSTM are particularly advantageous when dealing with
highly nonlinear, volatile, or irregular stock price movements, as they are able of learning long-term dependencies and intricate
temporal dynamics [4][6][9].

The inclusion of both stationary and non-stationary phases within the dataset ensures a fair and balanced platform for comparing
ARIMA and LSTM, highlighting the strengths and limitations of each approach under real-world financial conditions. Furthermore,
the integration of external sentiment and event-based features significantly enhances the dataset’s representational power. Market
sentiment derived from financial news and social media provides insights into investor psychology, while event variables such as
policy decisions, economic announcements, and geopolitical developments introduce real-world triggers that often drive sudden
market fluctuations [33][40][44][46]. This multi-dimensional structure allows ML models like Random Forest and SVM to handle
diverse input features and improves the robustness of hybrid approaches that combine ARIMA and LSTM with sentiment and event
predictors.

Overall, the dataset not only provides a consistent foundation for evaluating traditional and deep learning models but also bridges
the gap between historical price-based forecasting and real-world market behavior. By incorporating quantitative and qualitative
indicators, it enables the development of predictive systems that are both data-driven and contextaware, thereby contributing to
more accurate and practically relevant stock price prediction frameworks [6][30][47]. .

1. LITERATURE REVIEW
In this Literature review we have gone through the various models used for stock price prediction. We have compared the studies of
various models such as LSTM, ARIMA,Random Forest and Somewhat one performs better is analyzed by their results.

A. Support Vector Machines (SVM)

Support Vector Machines (SVM) have been widely applied in financial prediction as they are more suitable for higher
dimensionality and non-linear sets. The separating hyperplane that allows them to distinguish and histograms based on training data
allow for distinguishing of up/down price movements based on relative historical characteristics and technical indicators and with
different kernels - radial, polynomial, and linear - SVM can connect through linear, polynomial and radial connected distinctions.
Essentially, this connects the input to a dimensionally complex shaped space where the connection between both dimensions is far
more distinguishable - a relatable dimensional distinction based upon how data is most often organized in stock market data.

SVM acts in the short-run to predict up/down price movement, and good predictions are made based on feature engineering from
variable selection based on technical indicators, sentiment oriented variables, and macroeconomic variables. Disadvantage is
sensitivity to kernel selection. Furthermore, SVMs struggle with very large-scale financial datasets due to their quadratic
computational complexity. Despite these limitations, SVMs remain a reliable machine learning baseline for classification-oriented
stock forecasting tasks, such as predicting bullish versus bearish trends [46][47].

B. Random Forest (RF) in Stock Prediction

Random Forest (RF), an ensemble learning technique based on bagging and decision tree classifiers, has become a popular model
for stock market forecasting due to its robustness, interpretability, and ability to handle noisy datasets. By constructing multiple
decision trees on bootstrapped samples and aggregating their predictions through majority voting (classification) or averaging
(regression), RF reduces overfitting and improves generalization [48]. In financial applications, RF has been applied successfully to
predict stock price direction, volatility, and risk, particularly when integrating technical indicators, trading volumes, and sentiment
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features. One of its key strengths lies in feature importance ranking, which provides interpretability by highlighting the most
influential predictors driving market outcomes [49].

Unlike deep learning models, RF requires less extensive preprocessing and is less sensitive to hyperparameter initialization, making
it computationally efficient and easy to implement. However, its performance may decline with highly complex temporal
dependencies, where models like LSTM have an edge. Overall, RF remains a powerful model for handling heterogeneous and noisy
financial datasets, and when combined with other models in hybrid or ensemble frameworks, it has demonstrated superior predictive
accuracy in comparison to standalone statistical methods [48][49][50].

In stock price prediction, the Random Forest model, shown in Figure 1, is essential in explaining how the model works. The input
dataset includes historical stock prices, technical indicators like SMA, EMA, RSI, and MACD, along with trading volumes and
sentiment features. This dataset is split into several subsets of features. Each subset builds independent decision trees using
bootstrapped samples, which promotes diversity in learning. These trees provide individual predictions for the target variable, which
can either be the direction of price movement (upward or downward) or the actual price values. The final prediction comes from
combining the outputs of all trees. In classification tasks, this is done through majority voting; in regression tasks, it is achieved by
averaging. This process helps minimize overfitting and improves generalization. This ensemble method makes Random Forest
especially effective for financial data because it manages noise, varied predictors, and non-linear relationships well. Additionally,
Random Forest offers rankings of feature importance, enabling researchers to pinpoint the key indicators that influence stock market
behavior. Therefore, the figure not only shows how Random Forest works but also places its use in stock prediction in context. The
combination of multiple features and group decision-making results in more reliable and understandable outcomes.

X Dataset

Class A Class G Class A Class D

.
Majority Voting

v
Final Class Selection

Figure 1. Random Forest Architecture.

C. Introduction to Stock Price Prediction Models

Comparison of models used for stock price prediction such as ARIMA and LSTM. Here we have compared the models to know
which one performs better.

1) Importance and Challenges of Stock Price Prediction

Predicting stock prices represents one of the most popular avenues of research within the realm of computational finance, as it's
applicable and beneficial to investors and financial institutions alike. A consistently predictive model can help with decision making
in trading, portfolio optimization, and risk assessment. Yet predicting stock prices is far more complex than it appears. The value of
financial securities is not simply based upon past value appreciation, but instead, a multitude of factors in an international and
company-specific arena. International economic indicators and developments in certain industries are met with company
announcements, investor sentiment and unforeseen developments like war or natural disaster. Thus, the arena in which linear models
will predict stock price is vastly complicated, ever-changing and a noisy atmosphere that does not easily allow linear models to
succeed [1][2][3].Furthermore, stock prices are fundamentally stochastic. Their patterns of movements feature volatility clustering,
jump processes and long-range dependence which statistical prediction tools do not accommodate. Thus, there is an increasing need
for sophisticated predictive tools which can accommodate non-linear, nonstationary elements and patterns in time series data.
Therefore, machine learning and deep learning techniques become the center of growing research to find an antidote to the pitfalls
of previous methods for prediction with heightened levels of accuracy. [6][9][19].
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2) Overview of ARIMA Model in Financial Forecasting

The ARIMA equation presented by Box and Jenkins otherwise known as the Box Jenkins model [13]. Box and Tiao (1975) note the
general transfer function model which is also part of the ARIMA process. Sometimes it's known as an ARIMAX model should
additional time series serve as independent variables.

The ARIMA model operates as an auto-regressive integrated moving average to evaluate and forecast equally spaced time series
data that is univariate [4]. Ultimately, since the transfer function impacts data, the ARIMA equation modifies the responding time
series value by means of its own past values, past error, linear combinations from the present and past. The ARIMA method offers
an extensive data set of tools for univariate time series modeling, parametric testing and forecasting with unmatched stability for
models testable as either ARIMA or ARIMAX [10]. The subsequent time series model is complicated or rejected. The ARIMA
process accounts for seasonal ARIMA, subsetting ARIMA, factored ARIMA models, intervention or interrupted time series models,
multiple regression with ARMA errors, and rational transfer function models of any integer order [10].

The value for the variable to be predicted in this model is a linear combination of preceding variables and preceding error based on
the following equation: Wt = p + 6(B) ¢(B) at Equation (1)

ARIMA Equation Wt = Wt = p + 6(B) ¢(B) at Equation (1) Where t indexes time

Wt is the response series Yt or a difference of the response series p is the mean term

B is the backshift operator, that is BXt = Xt-1 ¢(B) is the autoregressive operator, polynomial in the backshift operator: ¢(B) =1- ¢1
B ...- oP B P 6(B) is the autoregressive operator, polynomial in the backshift operator: 6(B) =1-61 B ...- 0P B P

The analysis performed by the ARIMA model is divided into three parts, equivalent to the stages described by Box and Jenkins
(1976) [10]. In the identification stage, it outlines the response series and identifies candidate ARIMA models for it. And it analyzes
time-series data that are to be used in later statements, possibly distinguishing them, and calculates autocorrelations, inverse
autocorrelations, partial autocorrelations, and cross-correlations. Stationarity tests can be performed to determine if differencing is
necessary [10].

|

Figure 5. LSTM Regression Stock Price Prediction graph
to see if parts of the equation can be omitted for a more effective simpler model.
Journal of Development Economics and Management Research Studies (JDMS), A Peer Reviewed Open Access International
Journal, ISSN 2582 5119 (Online), 09 (11), 55-66, January-March, 2022. 58 If the diagnostic tests demonstrates problems with the
model, you try another model and then repeat the estimation and diagnostic checking stage [10]. In the forecasting stage, future
values of time series are forecasted and to generate confidence intervals for these forecasts from the ARIMA model produced by the
preceding estimating stage [10]
Long Short-Term Memory (LSTM) networks, a specialized form of recurrent neural networks (RNNs), have gained prominence for
time series prediction, especially in financial markets, due to their capability to capture long -term dependencies and complex non -
linear patterns.
Characterized by their gated memory cells, LSTMs can retain essential information over extended sequences, effectively addressing
the vanishing gradient problem encountered in traditional RNNs. This feature makes them particularly suited for modelling stock
price data, where past events can have delayed effects on future prices. Where LSTMs excel compared to many traditional
approaches for stock price forecasting, however, is the capacity to more accurately develop non-linear relationships and discover
complex lagged effects through time. However, LSTM models are not without their own limitations including extensive quality data
required for training, intensive computational requirements, and sensitivity to specific hyperparameters (layer depth, learning rate,
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batch size). Furthermore, blackbox modeling lowers interpretability which implies that practitioners do not necessarily have the best
understanding of what's causing the outcomes. [4][6][9].

Subsequent enhancements involve Bi-directional LSTMs and stacked LSTM networks which possess even higher predictive powers
through reliance on forward and backward predictive relationships of financial sequences [6][9]. Frameworks that create a
symbiosis between LSTMs and CNN layers (CNNLSTM) or attention mechanisms also work to improve feature learning and time
step attention [30]. Yet interpretability problems and expensive computations limit LSTMs from functioning on a large scale in
financial ecosystems and more recently, scholars have sought to alleviate this through XAl efforts, explainable Al with goals of
substantiating end user predictive interpretation for LSTAbased projections [25][30]. The fact that LSTM is a common mechanism
of financial study implies both its success as an innovative predictive mechanism but also, its dependence upon other models and
outside sentiment/event analysis for the best practical, real world prediction modeling solution.

Training model loss

= ftrain
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0.0150
w 0.0125 4
8
0.0100
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0.0 25 5.0 75 100 125 160 175
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Figure 2. Loss vs. Epoch in ANN
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Figure 3. Loss vs Epoch in LSTM
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Figure 4. ANN model Tata Motors Stock Price vs Time
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Error analysis of the model using residuals plots is illustrated in Figure 6. The graph on the left shows the data versus the prediction
error and the

regressions that residuals scatter around the line at zero. The residue shows that the errors are quite small and distributed randomly
without any coherent patterns.

This randomness indicates that the model does not suffer from systematic bias in its predictions.

The right side graph shows a histogram of the residuals which approximates a normal distribution.

This pattern further validates the hypothesis that residuals are random noise which increases the trust in the prediction model.

The combination of these plots shows that the model's predictions are not biased and are within the error margin of acceptance

Distrbuion of Residenls for Close

.

Figure 6. Data vs Prediction Error and Residual vs Percentage

Fit Statistics Based on Residuals

Mean Squared Error 85.76165
Root Mean Squered Error 9.26076
Mean Absolute Percentage Error 269430
Maximum Percent Error 21607154
R-Square 0.99593
Adjusted R-Square 0.99591
Random Walk R-Square -1.59174
Amemiya's Adjusted R-Square -1.59588

Number of non-missing residuals used for computing the fit statistics = 1428

Fioure 7. Statistics of UCM

Forecasts for Close
800

Actual

Figure 8. Forecasting of Close vs Date

The detail of UCM statistical evaluation is outline in Figure 7. It provides MSE, RMSE, MAPE, and R-Squared (R?) values. The
small error values of MSE, RMSE, and MAPE suggest that UCM model predictions align closely with the existing stock prices. The
R2 and Adjusted R? values, as well as the other R? values being very high, closely 1, confirm that the model accounts for nearly all
variation within the dataset and, as such, further substantiates According to the above graph, in the first, the loss of the model is so
much its strength. These values help in assessing the predictive mastery of the that the prediction error is more, but after some
epoch, the predicted values model in contrast with other forecasting methodologies such as ARIMA, is similar to the actual stock
values. For this model, Adam optimization is LSTM, and complex hybrids, thus underscoring the model's utility. used. Adam
optimization is a stochastic gradient descent optimization method that is based on the adaptive estimation of first-order and second-
Figure 8 shows how stock closing prices have been projected over time. It order shows both actual and predicted stock closing
prices, including a confidence interval of 95 percent. The close values of actual and predicted values
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3.3.3. Introduction to LSTM Networks for Time Series Prediction suggest how well the model captures the trends. The confidence
band shows the uncertainty range of forecasts and it is assured that the upper and lower values of the interval are expected to contain
the actual values with a high probability. Such a model is useful for prediction - not just as a point estimate - because it takes into
account the variation of actual values and the uncertainties of actual values, which are two critical components for estimations in
financially unpredictable situations. Thus, the figure substantiates the relative accuracy of the model based upon stock price
assessment expectations. Ultimately, the predictions made by the model are empirically beneficial and are easier to comprehend
Finally, a few disadvantages of LSTMs exist. For example, LSTMs face challenges from optimal sequence and sequence length; too
many/malformed sequences result in overfitting and predictive failure. Therefore, regularization techniques - dropout, cross-
validation, and early stopping - are necessary to prevent reduced generalizability when implemented in practical scenarios [19].
Furthermore, training LSTMs is also a time-intensive process that requires significant time with a powerful computing setup
(advanced GPUs) with large datasets to provide the most accurate predictions. However, despite such pitfalls, the fact that LSTMs
can operate successfully in a vague and nonlinear environment makes them a favored deep learning method for finance-related
endeavors. For example, much literature suggests that LSTM outperforms ARIMA and other traditional time series approaches for
low-frequency predictions for less volatile, long-term trends and more high-frequency shocks [6][9][25].

D. Comparative Studies Between ARIMA and LSTM in Stock Prediction

Here we have compared the ARIMA and LSTM model on parameters such as on error metrices and Data window size.

1) Performance Comparison on Error Metrics

Comparative analyses between ARIMA and LSTM models consistently According to these standard prediction performance metrics,
LSTM is the best in terms of prediction performance.. For instance, a study conducted on SP500 stocks reported that LSTM
networks achieved up to a 92.

2) Data Window Size and Impact on Model Efficiency

The implementation of ARIMA and LSTM models is strongly influenced by the size and characteristics of the historical data
window used for training. ARIMA models generally exhibit better results with long, stationary time series, as they leverage their
statistical assumptions and effectively utilize stable autocorrelations present in extended datasets. In contrast, LSTM models often
struggle with smaller datasets due to their dependence on large amounts of data for accurately learning temporal dependencies and
complex dynamics. When the data is weakly stationary or demonstrates limited volatility, ARIMA’s linear framework and statistical
interpretability provide a clear advantage. However, as the dataset expands in length and complexity, LSTM architectures become
more effective, owing to their ability to capture nonlinear behaviors and adapt to rapidly changing market conditions

[71[8][11].

Moreover, the choice of data window size directly impacts computational efficiency and forecasting horizons. Shorter windows tend
to reduce training time and prevent overfitting in ARIMA but may limit the depth of patterns captured. LSTMs, on the other hand,
benefit from longer windows, where extended historical sequences provide richer temporal context for learning. However,
excessively large windows can introduce noise and redundant information, which may degrade performance if not managed through
feature selection or regularization. Thus, selecting an optimal data window size becomes a trade-off between accuracy,
generalization, and efficiency, with the ideal configuration varying across datasets and market scenarios [6][25].

3) Hybrid and Ensemble Approaches Combining ARIMA and LSTM

In relation to the two studies above, several subsequent studies have investigated hybrid models based on the strengths of ARIMA
and LSTM. One hybrid configuration is to assess time series with ARIMA for linear components and assess the residuals, and only
then, intervene with LSTM networks for non-linear relationships in the unknown residuals. Thus, this hybrid modeling approach
can account for stationary components and complicated temporal relationships better than one single model as it gets the complete
picture.

As a result, such hybrid designs boast improved predictive accuracy, championing stronger more generalized results with reduced
error metrics compared to developing each model independently with ARIMA or LSTM. For example, the following study notes
that in addition to fine tuning and early stopping based on parameter modifications, generalization and accuracy were substantially
increased, championing the benefits of ensemble hybrid models for stock price forecasting performance. [18][22][34].
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E. Applications of ARIMA in Stock Price Forecasting

Why ARIMA for stock price prediction because the model is capable of capturing past prices and Autoregresssion(AR) defines how
it influences the future prices. ARIMA can still be applied to capture short term patterns and trends in price movements. ARIMA is
efficient for short term forecasting.

1) Traditional Use of ARIMA in Various Markets

ARIMA is frequently used for stock market and commodity market; forex/currency market; bond and interest rate market; energy
market, among others. ARIMA models remain highly relevant in practical financial forecasting, particularly for short-term stock
price predictions in markets such as the NYSE, NSE, and SP 500. The modeling process generally begins with statistical validation
of stationarity using tests like the

Augmented Dickey-Fuller (ADF), followed by model identification and selection guided by information criteria such as Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC). Subsequently, the forecast performance is assessed using
error statistics of ensample and out-of-sample data to validate model stability. Such approaches have been used successfully to
forecast index level data of as well as certain stock prices, for investors/analysts in due time to better make data driven financial
decisions and grasp the immediate phenomenon.[12][13][15].

2) ARIMA Model Enhancements for Improved Accuracy

Recent advancements aim to enhance the predictive capabilities of ARIMA by incorporating sophisticated techniques such as
regularized Gaussian basis function expansions, leading to generalized linear modeling frameworks. These improvements enable
capturing functional data features without restrictive smoothing assumptions, addressing some of ARIMA’s limitations in handling
high-dimensional time series data. Seasonal extensions like SARIMA models integrate seasonality effects critical in certain stock
price series. Additionally, combining ARIMA with other statistical frameworks like GARCH (Generalized Autoregressive
Conditional Heteroskedasticity) helps model volatility clusters, thereby improving portfolio risk assessment and price prediction
accuracy [26][27][15].

3) Limitations of ARIMA in Stock Price Prediction

ARIMA is robust and therefore popular, but the simplistic nature of its linear derivations creates fundamental shortcomings. For
instance, it fails to acknowledge nonlinear developments that punctuate a number of financial markets - erratic surges in price,
regime shifts based on globalization's economic/political cause and effect, etc. Thus, ARIMA is more prone to forecasting error
during turbulent times and globalized systemic failure. Furthermore, it uses historical observations with the power of stationarity
assumptions [14][21][25].

4) FIinBERT model

The textual components of news can be used to predict short term stock movement. Sentiment analysis of news headlines can be
crucial in assessing stock performance in the short term. Bidirectional Encoder Representations from Transformers (BERT) is one of
the leading Artificial Intelligence models in Natural Language Processing (NLP) which is developed by Google. BERT is trained in
both directions which is why it is able to comprehend a certain context better than the regular models from the left or the right side.
BERT contains is built with transformers which learns contextual associations between words in a body of text. BERT has been
subjected to pre-training based on two tasks, Masked Language Modelling (MLM) and Next Sentence Prediction (NSP). An original
BERT paper contains comprehensive discussion on the model architecture, pre-training and fine-tuning.
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Figure 9. FInBERT pretraining and fine-tuning (for sentiment classification)
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F. Applications of LSTM in Stock Price Forecasting

LSTM s used for prediction of future stock prices and mainly for trend prediction will market go up or down and volatility
forecasting and multi asset forecasting these are the feils where LSTM is used and LSTM helps in capturing nonlinear patterns.

1) LSTM Architectures Applied to Stock Prediction

In addition, hybrid architectures that integrate convolutional neural networks with LSTM (CNN-LSTM) have been introduced to
simultaneously extract spatial features from financial indicators and capture long-term temporal dependencies, yielding superior
performance in multivariate forecasting scenarios [30][31]. Attention-based LSTM extensions have further advanced this domain by
enabling the model to assign greater weight to critical time steps, improving interpretability and accuracy in volatile markets
[6][33]. Recent work has also experimented with ensemble models that combine LSTM with Gated Recurrent Units (GRUS) or
Transformer layers, providing complementary strengths in capturing short- and long-term dependencies. Such integrations have
been shown to outperform single deep learning models by balancing efficiency, accuracy, and generalization in dynamic market
environments [30][33]. Furthermore, transfer learning techniques using pre-trained LSTM frameworks are gaining attention, as they
allow leveraging knowledge from one financial domain to another, thereby reducing training time and improving adaptability in
cross-market forecasting tasks [6]. Collectively, these advancements confirm LSTM as a foundational architecture in financial deep
learning, while highlighting ongoing innovations that continue to push the boundaries of stock market prediction.

2) Datasets and Features Utilized in LSTM Models

LSTM models typically employ historical price data as primary input features, including open, high, low, close prices, and volume.
Additionally, advanced approaches have integrated technical indicators derived from price and volume data to provide richer con-
textual information. Sentiment analysis derived from financial news headlines and social media has been combined with price series
to incorporate external market sentiment fac- tors, improving predictive performance. Studies have also explored training on
multiple stocks or indices simultaneously, such as the SP 500 and Indonesia’s LQ45 financial sec- tor indices, thereby showing the
flexibility and generalizability of LSTM models across diverse markets and time horizons [28][29][30].

3) Performance Evaluation of LSTM Models

Analyses consistently show that LSTM models outperform traditional statistical models in capturing volatile and rapidly changing
stock price patterns, given their ability to dynamically model non-linear relationships and long-term dependencies. The use of
techniques such as early stopping and dropout regularization mitigates the risk of overfit- ting and improves model generalizability.
However, LSTM training demands considerable computational resources, and the model’s accuracy heavily depends on carefully
tuned hyperparameters. Optimizing these factors effectively improves prediction stability and accuracy, with empirical evidence
confirming enhanced performance on error metrics across multiple datasets [9][19][20].

V. ERROR METRICS AND EVALUATION METHODS
The both of the models are evaluated on evaluation metrices and evaluation methods. The various metrices used for evaluation.

A. Common Metrics Used in Stock Prediction Evaluations

The evaluation of forecasting models in stock price prediction predominantly relies on error metrics such as RMSE, MAE, and
MAPE. RMSE emphasizes larger errors by squaring residuals, making it suitable for assessing models where large deviations are
critical. MAE provides a linear measure of average absolute errors, serving as a more interpretable but less sensitive metric. MAPE,
expressed as a percentage, allows for comparison across stocks with different price scales. Validation techniques like walk- forward
validation, where models are retrained progressively with new data, and cross- validation are widely adopted to ensure robustness
and assess generalization. The choice of error metric often aligns with specific forecasting objectives and the relevant prediction
horizon [31][32][33].

B. Statistical Validation in ARIMA Modeling

Model assessment in ARIMA systems supports statistical testing for ado- quaky. This is important because selection is based on the
AIC and BIC of commonly selected order estimations which ensure the best parameterized system without added confusion and
error. The Ljung-Box test for residual diagnostics determines if residuals are white noise (no autocorrelation exists) which means a
correctly configured model has been developed. These empirically support an ARIMA since tests for stationarity - Augmented
Dickey Fuller (ADF) and Phillips-Perron (PP) - support that before determining that enough differencing rendered the series stable.
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These empirical findings are critical to subsequent confirmation of the ARIMA models structural assumptions for forecasting.
[12][13][15].

C. Deep Learning Model Validation for LSTM

LSTM models incorporate validation techniques such as early stopping to halt training once the model’s performance on a
validation set ceases to improve, effectively preventing overfitting. Regularization methods like dropout randomly deactivate
neurons during training to foster model robustness. Hyperparameter tuning, achieved through grid search or more advanced
methods, critically influences model accuracy. The selection of train-test splits and the proportion of data allocated to each partition
considerably affect model performance and generalizability.

Strengths and Weaknesses of ARIMA vs LSTM Models

Here the comparison between the both models is shown where the strengths and weakness are discussed.

D. ARIMA Model Strengths

ARIMA’s notable strengths include robustness in small datasets, particularly where the time series is stationary or exhibits linear
behavior. Its clear parametric structure delivers transparency and interpretability, allowing analysts to understand the contribution of
individual parts of the model such as lag orders and moving average terms. The extensive theoretical foundation and well-developed
software implementations make ARIMA a preferred choice in many traditional forecasting contexts, including finance. For
practitioners prioritizing explainability and short-term prediction scenarios with limited data, ARIMA remains a valuable tool
[12][13][15].

E. LSTM Model Strengths
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Figure 10. A Long Short-Term Memory network.

Conversely, LSTM models excel at modeling complex temporal dependencies and nonlinear dynamics often exhibited in financial
time series. Their memory gating mechanisms enable retention and selective forgetting of long-range temporal information, critical
for markets where past influences extend over varying time scales. The adaptive learn- ing capability allows LSTM models to adjust
to changing market regimes and volatility structures. These qualities facilitate superior performance in volatile and non-linear en-
virements, enhancing forecasting accuracy across diverse market conditions [6][7][9]

F. Limitations of Both Models

While both models were great with prediction feasibility of the non-linearity and model potential forecasting stock prices that
practitioners should tread lightly after awareness of limitations, these two models have the following limitations that forecasting
practitioner should be aware of relative to these two:

For ARIMA, the limitations are: 1) it's linear, therefore linearization of nonlinear behaviors must occur; 2) as a non-linear model,
LSTM will fail in crises where non-stationarity and structural breaks exist and impact the situation more powerful than LSTM can
learn from what's within the model. However, relative to LSTM, additional factors emerge that must be considered: 1) ARIMA
LSTMs require a lot more resources - computers, data preprocessing; 2) LSTMs become overfit in the testing and validation if
hyperparameter tuning is not handled properly; 3) black box features increase uncertainty in any interpretability which bad for the
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financial trading world; 4) LSTMs require stationarity which is not reality in finance; this means too much differencing or
transformation periods occur which breaks up realism of potential relationships; 5) this is compounded by ARIMA who does not
handle high frequency trading data well either where noise and wild volatility mess everything up; and 6) ARIMA is short term
predictive which means it's not able to gain empirical insights substantiated for practical application for investments because it
doesn't account for time horizons. Relative to LSTM, however, relative to deep learning architectures which are great because they
allow accommodation of non-linearities LSTMs are problematic in fields where there's not enough history or financial capital
(emerging markets). Thus. LSTMs become problematic. In addition, training is computational intensive; LSTM needs GPU support
which means longer training times which smaller firms with access to this training get access. Thus, smaller companies would not
be able to get the applied benefits from implemented successful LSTM operations without exception. Finally, performance is very
dependent on hyperparameters - window size, learning rate, dropout rate; without proper fine tuning, variable results come with
unstable or biased predictions. [9][20].

V.  ADVANCES IN HYBRID AND ENSEMBLE MODELS INCORPORATING ARIMAAND LSTM
In recent years,researtchers have developed hybrid models that combine the strengths of traditional statistical methods and modern
Machine learning/deep learning to improve stock price forecasting.

A. Hybrid Model Architectures and Their Rationale

Hybrid models that combine ARIMA and LSTM aim to leverage the linear modeling strengths of ARIMA with the nonlinear
learning capabilities of LSTM. Typically, ARIMA first models’ linear components and residual errors, which are then passed to
LSTM networks that learn the remaining nonlinear patterns. Where hybrid models take the mean of the forecasts of the component
models employed, ensemble approaches take the average of the forecasts from each, as composite forecast reliability and accuracy
even more so because it decreases the forecast error of the component models. Composite approaches were studied more over time
as viable combinations that suitably balance the complex, often chaotic characteristics of stock market movements because over
time, the limitations of single approaches have been acknowledged. [18][22][34].

B. Performance Gains and Practical Implications

Empirical findings indicate that those models that combine ARIMA or LSTM with another model achieve more accurate forecasts
and lower error when comparing each model independently. For example, the decreased RMSE and MAPE statistics demonstrate
the operational effectiveness of hybridized forecasting from both ARIMA and LSTM, especially for erratic markets featuring linear
and nonlinear events. The more flexible the combinations, the better they can function across different market regimes and
securities. Therefore, performance improvements are advantageous to real-world functioning in such areas as algorithmic trading,
portfolio risk management and strategic forecasting where forecasts must be accurate and given in a timely manner. [34][35][36].

C. Challenges and Limitations of Hybrid Approaches

Despite their promising results, hybrid models also bring forth several challenges that limit their widespread adoption in financial
forecasting. The integration of multiple models substantially increases computational complexity, often requiring greater processing
power, memory resources, and longer training times compared to standalone ARIMA or LSTM models.

D. Feature Selection and Data Preprocessing

There are two main attribute characteristics that influence model efficacy relate to data transformation and feature selection. For
example, one could combine technical indicators, volume and even sentiment values from news/social media to create a three-
dimensional input which, potentially, from a common sense perspective, gives a model more supportive contextual features. In
addition, normalization and smoothing of values would create stable distributions over time making a model more likely to achieve
convergence when trained off such values. Ultimately, the inclusion of macroeconomic indicators and external forces compensate
for the limitations of purely price driven historical regression predictions.

The inclusion of sentiment scores derived from news articles, analyst opinions, and social media platforms such as Twitter and
Reddit has gained significant traction in stock prediction research. Natural Language Processing (NLP) techniques, including
sentiment analysis and event extraction, provide additional signals that capture investor psychology and market mood, which
traditional quantitative features may overlook [6][33]. By integrating these qualitative dimensions with numerical data, predictive
models become more robust against sudden shifts caused by market rumors, announcements, or geopolitical events.
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Furthermore, many preprocessing data measures ensure model accuracy. For instance, normalization (Min-Max, Score
standardization) prevents any one feature from being more impactful than others - especially those features which are predisposed to
higher volumes. In addition, smoothing - moving average, exponential smoothing - prevents a model from responding too much to a
volatile series and instead prioritizes historical price action over random noise.

Moreover, stock price movements are influenced by macroeconomic (and exchange traded derivatives) factors from interest rates to
inflation to GDP growth to currency exchange. Thus, exogenous variables that provide a context for stock price prediction can align
models better with business cycles. Exogenous variables are more universally applicable across different markets while risk
exogenous variables (VIX, oil and gold prices) represent inter-market relationships. [25][31].

E. Impact of Dataset Characteristics

Model performance is significantly influenced by dataset properties such as length, frequency, stationarity, and the presence of
structural breaks. ARIMA models benefit from longer, more stable datasets where stationarity can be enforced. However, market
volatility and abrupt regime changes undermine prediction accuracy for both ARIMA and LSTM. LSTM, while more flexible, is
affected by missing data and noise, which require preprocessing methods to maintain model robustness. Managing these dataset
char- act eristics is essential to harness each model’s strengths effectively and ensure reliable forecasting outcomes [14][19][25].

F. 5Model Training Strategies and Parameter Optimization

Effective training strategies and parameter tuning are vital for attaining model accuracy and generalization. In LSTM,
hyperparameter optimization via grid or random search and early stopping techniques prevent overfitting and directional
convergence. As for ARIMA, parameters are usually set via AIC measurement, in- sample identification and tweaking. Cross-
validation assesses whether it's overfitted and tests stability so that researchers can establish a stable model amid differing data
scenarios. [9][13][20].

G. Integration with Other Deep Learning Models

Industry developments involve LSTM combinations with other deep learning Architectures for enhanced prediction. For example,
hybrid CNNLSTM networks take advantage of convolutional layers to perform feature selection first and then apply sequential
pattern recognition to increase accuracy and speed of processing. There are also bidirectional LSTMs that incorporate information
from the sequence prior and post to the present point of interest. Attention and transformer models more prevalent in NLP are also
considered in financial time series for dependency ascertainment and multistep forecasting horizons [28][29][30].

H. Incorporation of Alternative Data Sources

Other areas for potential future research relative to the findings of this study stem from more contemporary empirical research in the
field to date beyond price and volume data, much of contemporary empirical research in the field to date concerns supplementary
alternative data like news/social media sentiment data, order book data, high frequency trading data. These are more modern offsets
of sentiment data and microstructure data that have a need for projection and which need more time sensitive predictions. In
addition, in an attempt to bridge gaps of datasets for modeling when real world data cannot be consistently found or found at all,
utilizing Generative Adversarial Networks (GANS) is a major opportunity for future research. [2][5][37].

Sentiment data relative to social media - Twitter, Reddit or financial news - proved even more effective relative to sentiment and
herd mentality. For instance, it's been noted that social media sentiment data insinuates intraday or price levels before confirmed
volume and price findings [6][33]. In other words, tonality, positive/negative, gives modelers another factor to predict with beyond
historical numeric patterns. Therefore, social media sentiment increases predictability.

The same applies to order book data and high frequency trading data. These two types of data less frequently manipulated represent
market microstructure via bid-ask spread and liquidity depth in addition to the speed with which trades are executed representing
investor/institutional interest. Thus, the more these characteristics are used in a model, the more predictable gaps or liquidity shocks
are before they're recognized by daily closing price evaluations.[19][31].

Furthermore, increasingly more information enters into the hands of the party, like google searches, corporate filings and ESG
ratings for variables that position market sentiment and longer term risks into consideration which, in fact, are already operating.
These variables are less contestable through predictive modeling because they function on a shorter time frame for more responsive
industries based upon consumer sentiment and/or sociopolitical sentiment. [25].
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VI.  ADDRESSING MODEL INTERPRETABILITY AND ROBUSTNESS
Interpretability refers to ability of diverse models and data pipelines to work together seamlessly, ensuring consistent and key full
outputs.
Addressing the black-box nature of deep learning models remains a priority, with efforts directed at explaining LSTM predictions in
financial contexts. Techniques such as SHAP (Shapley Additive explanations) and LIME (Local Interpretable Model-agnostic
Explain- nations) are being adapted to make model outputs more transparent for practitioners. Furthermore, improving robustness
against market shocks, regime changes, and Incorp- rating uncertainty measures are active research areas aimed at creating reliable
systems suitable for deployment in volatile real-world environments. Combining statistical rigor from models like ARIMA with the
flexibility of Al methods represents a promising strategy [25][30][37].

VIlI.  SYNTHESIS OF KEY FINDINGS

The third part discusses the advantages and disadvantages of the ARIMA and deep learning models.

To conclude, LSTM is a more appropriate forecasting model because it provides a more accurate forecast with internalized time
dependencies of the data used, as per the historical nature of the test, to lessen forecasts corresponding to nonlinear, nonstationary
characteristics of the forecast. This does not mean that ARIMA is refuted as an accurate model for certain forecasting conditions
(linear, stationary, short-term) but instead fails in some situations. In addition, both LSTM and ARIMA hybrid models show that the
two models learn from each other - the LSTM accuracy increases while the ARIMA feasible solutions coincide with the nature of all
financial markets.[6][13][34]

VIIL. IDENTIFIED RESEARCH GAPS AND CHALLENGES
Such gaps and shortcomings necessitate increasingly sophisticated, explainable and comprehensive prediction models boasting a
heterogeneous approach, flexibility to market fluctuations and degrees of implementation across settings.
While significant developments have been made, there are a number of future research prospects due to comparability metrics and
lack of a homogeneous dataset that render cross-the-board analysis improbable. Many authors rely on varying timeframes, stock
indices and geographically specific markets that render fair distribution for the interested models improbable while rendering
reproducibility complicated [19][25]. In addition, models are only somewhat explainable in comparison to deep learning, and as a
domain where explanation is necessary for persuasion and compliance, few incorporate SHAP values and LIME and attention
mechanisms in stock prediction fields [36].
The fourth limitation is relative homogeneity of the market. Much is from generalizable, larger markets like the SP 500, NASDAQ
or NIFTY; few, for instance, explore emerging markets, commodities or sector specific stocks which both make findings less
generalizable but fails to acknowledge different financial ecosystems that respond heterogeneously. The same idea holds for
exogenous variables - only a small few investigate macroeconomic shocks, geopolitical events or policy announcements as a
predicable variable and many real world factors that influence data remain uninvestigated.[19][25]
Furthermore, few explore high frequency trading dynamics or intra-day prediction where access is more heterogeneous and difficult
in addition to much more noise and information that is not as established and permanent. Yet these fields need established models
and dynamic learning for predictive performance despite access issues. This holds true for out of sample predictions greater than
one year in advance - however fewer documents go this far - although out of sample predictions in month increments have even less
coverage than daily in addition to hybrid models needing more coverage with consistent reliability across studies assessing to see if
hybridization helps based on modeling or data available.

IX. RECOMMENDATIONS FOR PRACTITIONERS AND RESEARCHERS
For practitioners, adopting hybrid ARIMA-LSTM frameworks with rigorous validation protocols is advised to balance
interpretability and predictive power.
Researchers should continue exploring novel architectures, including transformers and attention mechanisms, while integrating
alternative data such as sentiment and high-frequency indicators. More- over, enhancing model explainability and robustness is
crucial to bridge the gap between academic advances and real-world deployment, ensuring reliable, transparent, and trust- worthy
stock prediction systems [40][41][42].
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X. METHODOLOGY

The section describes the selection, preprocessing and transformation of datasets to ensure reliability.

As long as scientists and investors alike seek a return above the one available via stock market investment, stock price prediction is
set to become an ever more researched field [5,6]. The primary goal of investors is an accumulation of wealth from stock market
investment. Therefore, from these findings and the run/results of ARIMA, ANN and UCM, this study implies that in terms of MSE
that UCM is best because it encompasses seasonality, and in light of this, LSTM is next up due to the ANN. However, in terms of
ARIMA, it falls short and needs higher accuracy through a better white noise test. Yet the percentage error for LSTM is much less
than that of ARIMA and UCM. The only negative thing about stock price prediction is that it won't change unless the firm changes
it, but many economic and socio-political factors, investments by the firm, current events, and new IPOs by competing firms will
influence stock price. Yet these three models predict without this information. More accurate predictions can be made when these
things come into play, as well as the yearly company budget for sentimental analysis prediction. For example, a new model can be
developed through training with ANN and predicting stock price with ARIMA while applying the sentiment analyses.

Figure 11 indicates the actual Apple’s stock prices and the corresponding predicted values using LSTM and ARIMA models. The
predicted values using LSTM are in good agreement with the actual trend whereas ARIMA seems to have larger variances. This
emphasized again the greater capability of LSTM to capture the non-linear movements of the stocks.

Apple Stock Price Prediction: LSTM vs ARIMA

Figure 11. Apple Stock Price Prediction: LSTM vs ARIMA

Figure 12 predicts and forecasts the stock prices of Apple for the following days using LSTM. The stock prices that are predicted (in
red) match the actual stock prices in the sense that they follow the pattern of stock prices going up and down. This shows that
predicted values of LSTM are consistent which are beyond the actual observed values in data and fall within the trend.

Apple Stock Price Prediction for Future Days

Figure 12. Apple Stock Price Prediction for Future Days

XI. CONCLUSION
I have used multiple python libraries, mainly pandas, to analyze and visualize data pertaining to stocks, especially technology
stocks, and their respective data from the stock market. Also, this paper attempts to analyze the stock risk based on the past
performance and uses stock price prediction using LSTM model and ARIMA model. The historical dataset available on the
company’s website is lacking in several aspects as it only covers a few fundamental pillars such as high and low stock prices, closed
and opened stock prices as well as trading volumes. In order to augment accuracy, additional variables are generated from the
features.
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LSTM model experiment on Apple stock price, 95. Rather than calculating a simple moving 95 average, which rests on the premise
of calculating the average of the last N values, the model incorporates the use of several randomly selected short subsequences from
the training dataset. The method df[col]. rolling(N), which corresponds to the command used to create a rolling window, applies the
same principle and helps in the generation of a window of size N for each timestamp t such that the outputs are the rows t, t-1,..., t-
(N-Verl), and t the set N is the number of the rows to be shifted. This method of filling aims to keep the order of the inputs. The
inputs for the t timestamp are obtained after the values have been shifted prediction and the last value is set to NaN as is required
the. The last step is to compute the predicted values with.... From Figure 11 and Figure 12, it can....
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