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Predicting stock prices is a common topic in finance and data science. Investors
and companies are interested in possible future price movements, but making accurate
predictions 1is difficult. Stock prices can be affected by trading activity, company
information, economic conditions, investor decisions, news, and unexpected events. This
paper reviews several approaches for stock price prediction, with a focus on both linear and
non-linear methods. The methods discussed are Linear Regression, ARIMA, Support Vector
Regression (SVR), Decision Trees, Random Forest, Artificial Neural Networks (ANN), and
Long Short-Term Memory (LSTM). Previous studies are compared based on their datasets,
prediction targets, evaluation measures, and main findings. In general, simpler models are
easier to understand and use, while non-linear models can deal with more complicated
patterns. However, complex models may require more data, computing power, and careful
training. The paper also considers problems related to external information, model
interpretability, overfitting, and changes in financial markets. Future studies could combine
market data with news and sentiment, improve the explainability of Al models, and allow
prediction systems to update as market conditions change.

Stock Price Prediction, Linear Regression, Machine Learning, Deep Learning,
LSTM

The stock market connects companies that need funding with people who want to invest. Because
stock prices can change quickly, investors are interested in estimating what may happen next.
However, this is a difficult task. Price movements can be related to previous prices, trading volume,
company information, economic conditions, investor behavior, news, and unexpected events.
Financial data also contain a large amount of noise, and the relationships between variables may
change over time. These characteristics make stock price prediction different from many ordinary
prediction problems.

Because of these difficulties, researchers in finance, statistics, and data science have developed
many ways to study future stock prices and returns. Some of the earlier approaches use statistical
models. Linear Regression is useful when a relatively simple relationship between variables is
expected, while ARIMA is designed for time-series patterns. More recently, machine learning and
deep learning have received more attention. In a review of 138 studies, Kumbure et al. found that
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neural networks, support vector machines, and other machine learning techniques were frequently
used in stock market forecasting [1]. Other reviews have also reported growing interest in deep
learning, especially methods such as LSTM for financial time-series prediction [2-4].

The development of these methods does not mean that newer models always replace older ones.
Researchers have found different results under different conditions. Kara et al., for example,
examined Artificial Neural Networks and Support Vector Machines for predicting the direction of
the Istanbul Stock Exchange index [5]. Chen et al. applied LSTM to stock returns in the Chinese
market and found that it could identify patterns beyond random prediction [6]. Studies comparing
ARIMA and LSTM have also reached different conclusions. Li found better results from ARIMA for
the stocks in the study, while Zhang reported better performance from LSTM for five major indexes
[7, 8]. These differences suggest that the choice of model depends on the data and the prediction
task.

This paper compares many commonly used linear and non-linear methods for stock price
prediction. The section 2 introduce the main methods and examples from previous studies, section 3
compares their strengths and weaknesses and discusses issues such as external information,
explainability, overfitting, and changing market conditions. And for the final part, it considers
possible future developments, including the use of different data sources, explainable Al, and
adaptive prediction systems.

Stock prediction research has gradually expanded from traditional statistical models to machine
learning and deep learning. Depending on the study, the inputs may include previous prices, returns,
trading volume, technical indicators, and other financial information. Researchers normally use part
of the data to train a model and another part to test how well it works on unseen data. Common
evaluation measures include Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and R?. Kumbure et al. examined
138 studies and identified 2,173 variables that had been used in stock market prediction research [1].
This shows that researchers have considered a wide range of information when building prediction
models.

Linear Regression is one of the simpler choices for stock prediction. It estimates a relationship
between a target value and one or more input variables. For example, previous prices, returns,
trading volume, or technical indicators can be used as inputs.

Chibli et al. tested Linear Regression together with Random Forest and LSTM using data from 29
companies and the S&P 500 index. The data covered the period from January 2000 to June 2024.
MSE, RMSE, and R? were used to evaluate the models. Random Forest produced better results than
Linear Regression, while LSTM gave the strongest results among the three models [9].

This comparison suggest that a simple linear relationship may not describe all the patterns in
stock data. However, the Linear Regression is still useful for comparison, because it is fast and
relatively easy to explain. It can provide a basic result that more complicated models can be
compared against.

114



Proceedings of ICFTBA 2026 Symposium: Strategic Management & Business Analytics: Data-Driven Performance Models
DOI: 10.54254/2754-1169/2026.LD38255

ARIMA, or Autoregressive Integrated Moving Average, is a statistical model made for time-series
data. Instead of treating observations as completely separate, it uses information from earlier
observations to estimate later ones. Data may also need to be differenced or transformed before the
model is used so that the time series is more suitable for analysis.

Li compared ARIMA with LSTM using the closing prices of Pfizer, Alibaba, EA, and NVIDIA
[7]. In this study, ARIMA gave better prediction results than LSTM. This is an important result
because it shows that a traditional model can still perform well against a more complex deep
learning approach.

A different result was reported by Zhang. The study used daily opening, closing, high, and low
prices from five major stock indexes from 2015 to 2022. LSTM performed better than ARIMA in
that comparison [8]. The difference between these two studies suggests that the performance of a
model can change with the market, dataset, and time period.

ARIMA is useful when the main information comes from patterns in a time series. Its weakness is
that it may have difficulty dealing with strong non-linear patterns or sudden market movements
caused by unexpected events.

Support Vector Regression (SVR) is a machine learning method for predicting continuous values, so
it can be applied to stock prices. One useful feature of SVR is its use of kernel functions. Different
kernels allow the model to deal with relationships that are not simply linear.

Henrique et al. examined SVR with both daily and high-frequency stock price data from difterent
markets [10]. Their study included Brazilian stocks as well as companies such as Bank of America,
Google, and Exxon Mobil. They looked at both normal daily observations and prices recorded at
shorter time intervals. The researchers compared SVR with a random walk model and evaluated the
prediction errors using RMSE and MAPE.

Several kernel types were tested, including linear, radial, and polynomial kernels. The study
found that SVR could provide useful predictions, especially when the model was updated regularly
[10]. This suggests that SVR can be useful when stock prices have more complicated relationships
that a basic linear model may not capture.

At the same time, SVR requires decisions about its parameters and kernel. Different choices can
produce different results. Its performance may also change as market conditions change.

A Decision Tree divides data according to a series of conditions and uses the resulting groups to
make predictions. In financial prediction, these conditions can involve variables such as previous
prices, returns, trading volume, or technical indicators. A single tree is relatively easy to follow, but
it can fit the training data too closely.

Random Forest takes a different approach by combining many decision trees. Each tree can work
with different samples and features, and their outputs are combined into a final prediction. This
makes the method less dependent on one individual tree and allows it to capture non-linear
relationships.

In the study by Chibli et al., Random Forest, Linear Regression, and LSTM were tested using
data from 29 companies and the S&P 500 between 2000 and 2024 [9]. MSE, RMSE, and R? were
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used for the comparison. Random Forest outperformed Linear Regression, while LSTM produced
the best overall results among the three models [9].

The result shows that Random Forest can find relationships that may be missed by a basic linear
model. It is also able to work with many variables without assuming that they have a linear
relationship. However, Random Forest is not specifically designed to remember long sequences of
past observations, which is one of the main features of LSTM.

Artificial Neural Networks (ANNs) use connected layers to learn relationships in data. Unlike a
simple linear model, an ANN can learn non-linear patterns and can use several financial variables
together.

Kara et al. studied ANN and Support Vector Machines for predicting whether the Istanbul Stock
Exchange index would move upward or downward [5]. Therefore, the goal was not to predict an
exact stock price but to classify the direction of the market. The researchers trained the models using
historical market information and compared their classification results. Their work showed that
ANN and SVM could be applied to stock market direction prediction [5].

Kumbure et al. also found that neural networks were among the frequently used approaches in the
138 studies included in their review [1]. This indicates that ANN has been an important part of
financial prediction research for some time.

The main advantage of ANN is its ability to learn complicated relationships without requiring the
researcher to specify the exact form of those relationships. The trade-off is that neural networks
generally require more data and computing resources than simpler models. It can also be difficult to
explain exactly how the model reaches a prediction.

Long Short-Term Memory (LSTM) is a type of recurrent neural network that is designed for
sequential data. This makes it suitable for financial time series because observations from earlier
periods can provide information for later predictions.

Chen et al. used an LSTM-based approach to predict stock returns in the Chinese stock market
[6]. The model used historical stock information and learned from patterns across different time
periods. The study reported that accuracy increased from 14.3% for random prediction to 27.2%
with the LSTM model [6]. Although the accuracy was still limited, the result showed that the model
could obtain useful information from the stock-return data.

LSTM has also been combined with information outside normal price data. Usmani and Shamsi
developed an LSTM model that used categorized and weighted financial news for stock prediction
[11]. Their approach therefore included text related to market events and investor expectations
instead of depending only on historical prices.

LSTM is attractive for stock prediction because it can deal with both non-linear relationships and
the order of observations. However, this flexibility also comes with costs. LSTM models can require
large datasets, careful parameter choices, and considerable computing resources. Their internal
decision-making process is also harder to explain than that of simpler models.

Taken together, these studies show that stock prediction methods range from simple statistical
approaches to more flexible machine learning and deep learning models. Linear Regression and
ARIMA are relatively easy to use and understand, while SVR, Random Forest, ANN, and LSTM
can represent more complicated patterns. The studies also show that greater model complexity does
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not automatically lead to better prediction. The result can depend on the dataset, prediction target,
time period, and evaluation method.

Linear and non-linear models approach financial data in different ways. Linear Regression assumes
a relatively direct relationship between the inputs and the predicted value. ARIMA is also a
traditional approach, but its main focus is the behavior of observations over time. These methods
can be useful when the data have patterns that remain fairly stable.

Models such as Random Forest, SVR, ANN, and LSTM provide more flexibility. They can
represent relationships that are difficult to describe with a simple linear equation. However, greater
flexibility should not be confused with guaranteed higher accuracy.

The research reviewed in this paper gives a good example. Li reported that ARIMA performed
better than LSTM for the stocks examined in that study [7]. Zhang reached the opposite result when
comparing the two models using five major indexes [8]. Chen et al. found that LSTM could identify
useful patterns in Chinese stock returns [6]. Chibli et al. found that Random Forest performed better
than Linear Regression, while LSTM had the strongest results among their three tested models [9].

These findings make it difficult to name one method as the best overall choice. A model may
work well for one market or period and perform less well in another. The prediction target and
evaluation method also matter. Non-linear models can be useful for complicated data, but they
normally require more training and computational resources. Simpler models may not capture every
pattern, but they are easier to interpret and can provide a useful baseline. The model should therefore
match the research question and the type of data being used.

Historical prices are not the only things that move financial markets. Company announcements,
economic reports, political developments, financial news, and investor sentiment may all influence
prices. A model that depends only on past market data may have difficulty responding to a sudden
event. Kumbure et al. showed that stock prediction research has used a very large range of variables
[1]. Usmani and Shamsi also demonstrated that financial news can be included in an LSTM model
[11]. Ashtiani and Raahemi reviewed the use of news, text mining, and alternative information in
financial market prediction [12].

However, adding outside information is not automatically helpful. News and social media posts
may contain opinions, incomplete information, or contradictory signals. Researchers also need to
decide which information is relevant and when it should enter the model. As a result, simply adding
more variables may increase complexity without improving prediction.

Another concern is interpretability. Some models make their reasoning relatively easy to follow.
For example, the coefficients in Linear Regression can help show the relationship between an input
and the prediction. Deep learning models such as LSTM are much harder to inspect because they
contain many internal parameters and layers. Cernevitien¢ and Kabaginskas reviewed different
explainable Al approaches that can be used in finance [13]. This area is important because a useful
prediction is not always enough; users may also want to understand why a model produced it.

Overfitting is another problem. A model can learn details that fit its training data but fail when it
receives new observations. This problem can be especially serious with complex models because
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financial data contain noise. Market behavior can also change over time. A pattern found during one
period may disappear during another period, especially when a major economic event or market
crisis occurs. Researchers therefore need careful training and testing procedures and should check
model performance over more than one period.

One possible direction is to combine several types of information. Future models could use prices,
returns, volume, and technical indicators together with financial news, company reports, social
media, and sentiment. Kumbure et al. showed how many different variables have already been
considered in previous research [1]. Usmani and Shamsi provided an example of combining
financial news with LSTM [11], while Ashtiani and Raahemi discussed the use of alternative data
and sentiment information in financial prediction [12].

Explainable Al is another area that could become more important. A complex model may produce
useful predictions, but users still need some way to understand the reasons behind them.
Cernevi¢iené and Kabasinskas discussed XAI approaches for financial applications [13]. Abdullah et
al. also studied explainable deep learning together with textual information for stock price
forecasting [14]. Future systems could use these ideas to show which variables or pieces of text had
the greatest influence on a prediction.

Models may also need to become more adaptive. Financial markets are not fixed, so a model
trained on older information may lose some of its usefulness as new conditions appear. A prediction
system could be updated regularly with recent prices, trading activity, news, and other information.
This would allow it to respond more quickly when the market changes.

The goal should not simply be to build a more complicated model. A practical prediction system
needs a balance between accuracy, reliability, explainability, and adaptability. Combining different
sources of information with explainable and regularly updated models may be a more useful
direction than increasing model complexity alone.

This review looked at several methods for stock price prediction, including Linear Regression,
ARIMA, SVR, Random Forest, ANN, and LSTM. Traditional models are usually simpler and easier
to understand, while machine learning and deep learning models can handle more complicated
patterns.

The studies in this review do not point to one model as the clear winner. Li found that ARIMA
performed better than LSTM in one study, while Zhang reported better results from LSTM in
another. Chibli et al. also found that Random Forest performed better than Linear Regression, while
LSTM gave the best result among their three models. These differences show that model
performance depends on the data, market, prediction target, and time period.

There are also several challenges in stock prediction. Prices can change because of news,
economic conditions, investor sentiment, and unexpected events. Complex models may be difficult
to explain and can also overfit noisy financial data. In addition, a model that works well on older
market data may not perform the same way when conditions change.

Future research can bring together financial data and textual information, improve the
explainability of complex models, and update prediction systems as markets change. A more
complicated model is not necessarily a better one. A useful prediction model should be accurate
enough while also being reliable, understandable, and able to adapt.
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