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Abstract:
Predicting the stock market has always been difficult because financial data is dynamic, volatile, and non-linear. Machine-learning (ML) models have become increasingly effective instruments for predicting stock prices and market trends as artificial intelligence has advanced. In this study, the predictive performance of three machine-learning models: SVM, LSTM, and MLP is assessed using stock price data from a subset of companies. The results show that no model performs better in every situation. Instead, the dataset's properties such as data patterns, volatility, and the volume of historical records have a significant impact on each model's accuracy and efficiency. MLP is good at capturing non-linear patterns in Mahindra and Mahindra, LSTM is efficient in the case of TATA Steel, and SVM shows good predictive ability in JSW.  SVM and MLP both show satisfactory results in the case of Maruti Suzuki. As a result, all three models demonstrate effectiveness in various settings, highlighting the significance of data attributes when choosing a suitable machine-learning model for stock market prediction.
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1. Introduction:
2

Stock market prediction is a complex task (Kumar & Thenmozhi, n.d.-c), but complexity makes it interesting. The curiosity of researchers (Gunduz, 2021) and financial analysts to make stock market predictions accurate and take informed investment decisions sets a stage for new techniques (Gupta et al., 2025). The stock market is one of the chaotic places that is shaken not only by defined forces (Vijh et al., 2020) but also by undefined forces, which makes the stock market uncertain or unpredictable. Traditionally econometric models utilized for the prediction of the stock market consist of GARCH, ARMA, ARIMA, etc. Even these measures show a light of success in stock market prediction (Wilhelmsson, 2006) (Lorenzato de Oliveira JF, Ludermir TB, 2014). (Zhao, C., Cai, J., & Yang, S. 2025), but as time passes, the stock market becomes a turmoil, and the traditional techniques fail to align with the market momentum. These models begin to struggle with the non-linearity and non-stationarity of the long-term data (Han et al., 2024). Mostly retail investors remain unaware of the behaviour of the market. (Khan et al., 2020), Therefore, subsequent research has shown that these models struggle to capture the non-periodic features of stocks and fail to fully reflect the true distribution of the data (Zhao, C., Cai, J., & Yang, S. 2025). Undoubtedly, these challenges become a gateway for AI in stock market prediction. Since the dawn of artificial intelligence, machine-learning models have been able to learn patterns from the historical data and make predictions for their ultimate users (Gupta et al., 2025). There are many usable machine-learning models for prediction with satisfactory success rates, including Random Forest (RF), Support Vector Machines (SVM), and Gradient Boosting Decision Trees (GBDT) (Zhao, C., Cai, J., & Yang, S. 2025); however, in the case of large data, you can’t solely rely on machine-learning models for prediction (LeCun et al., 2015) because they face problems in the case of large data sets and highly sequential data. Deep learning as a subset of machine-learning provides a solution for the drawback of ML and enters the race of prediction tools, including Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory Networks (LSTM) (Zhao, C., Cai, J., & Yang, S. 2025). There are various tools of machine-learning and deep learning, but the question rises: which model is most suitable for prediction? Which is more assurable and considered as a premise for investors’ decision? Which model suitable for which type of data? So here researchers in this study try to find out the answers to these above questions. Before starting, we take a dive into techniques, which we further used in our analysis.
Neural networks and deep learning approaches are mainly developed for time series prediction, especially in recurrent neural networks (RNN) (Saranj, A. & Zolfaghari, M. 2022) (Cui et al., 2020; Toubeau et al., 2021). RNN faces a gradient problem. LSTM is an upgraded version of RNN that does not only cover gaps of RNN but also provides extra features like a 3-gate mechanism, long-term dependency handling, and memory cells, which are able to apply to historical data and improve time series analysis (Petersen et al., 2019; Guo et al., 2021). (Saranj, A. & Zolfaghari, M. 2022)(Billah, M. M., Sultana, A., Bhuiyan, F., & Kaosar, M. G. 2024) LSTM is way better than technical analysis tools, i.e., SMA and EMA, due to their capability of capturing long-term patterns through memory cells and forget, input & output gates (Tuğrul etal. 2024)
ANN is one of the commonly used techniques in machine-learning, not only in the stock market. ANNs have shown a high degree of success in function approximation in different fields, including geotechnical engineering (Huang et al., 2023) (Zhang and Goh, 2016), but it faces problems like overfitting due to the heavy amount of data. Support vector developed as a successor of ANN, handling limitations of ANN (Hegazy et al., 2013). SVM divided data into two classes through a straight-line (Toraman et al., 2019) (Çınar & Tuncer, 2020), which is known as a hyperplane in N dimensions (N is the number of features) (Chen et al., 2004). SVM is a binary linear classifier that has been extended to non-linear data using kernels and multi-class data using various techniques (Chauhan et al., 2018).
SVM classifies into two types. One is linear SVM, and the second one is nonlinear SVM (Kurani et al., 2021). (Chauhan et al., 2018) in linear SVM, data is classified into two classes through a linear straight-line, unlike nonlinear data, which cannot be divided into two groups using one straight-line. SVM is highly powerful with high dimensions; the remembering power of SVM is also great. (Chhajer et al., 2022) SVM can be utilized in various places like particle identification, text categorization, engine knock detection, bioinformatics, database marketing, etc. (Yue et al., 2003)
MLP can handle nonlinear data because of its approximating arbitrage feature, which helps to enhance its prediction. Nonlinear processing elements (PEs), which introduce nonlinearity in the data and help models to learn complex patterns within the data set (Guresen et al., 2011). In MLP, data passes from 3 layers, which are divided as input layer, hidden layer, and output layer, and in each layer, numerous neurons are present. These neurons are not connected in the same layer but are connected to the next layer (M et al., 2018). teaches the model about patterns and minimizes prediction error.
2. Related Work:
[bookmark: _Hlk199848715]When traditional models faced the non-linearity and non-stationarity problem, machine-learning models came into the picture with their outrageous power of detecting patterns and forecasting. (Nikou et al., 2019) (Das & Padhy, 2012; Guo, Wang, Liu, & Yang, 2014; Lu, Lee, & Chiu, 2009) express, Out of so many machine-learning algorithms, ANN, SVM, and RF were widely utilized for forecasting with high precision, and Aydin & Cavdar (2015), Giovanis (2009), and Yim (2002) reflect the superiority of these ML models over traditional regression models (Chhajer et al., 2022) if we provide sufficient thick data for prediction. Liu (2025) compared ML and DL models and depicted that SVM and RF show an inability to capture the critical time dependency patterns in stock market data efficiently, while DL models like RNN & LSTM, etc., are the forefathers of ML models in capturing time dependency trajectories. (Han et al., 2024) Describe DL as a multi-layer tapestry of understanding used for computer vision, speech recognition, and NLP. Chahal & Gulia (2019) underline the application of ML and DL as per data characteristics; for the small training data set, one must work on ML. On the other hand, if the data set is large and you want to do an analysis in minutes, then prefer DL because the process time is low as compared to conventional ML techniques. (Chhajer et al., 2022) forecast share price of Amazon with SVM & LR, Tesla with SVM and LSTM, and Reliance Ltd. through SVM on technical indicator data; in each forecast SVM shows different results as per the competitor model in the case of Amazon SVM shows less accuracy than LR on the other side as compared to LSTM; SVM and LR both show the same preciseness, and in the Reliance Ltd. case, resulted in accuracy ranging between 51.43% and 53.15% as per the kernel used. Even include that SVM is faster than ANN when dealing with thousands of data. Kumar & Thenmozhi (n.d.) evaluate the performance of SVM, RF, and ANN in forecasting the S&P CNX NIFTY INDEX from the year 2000 to 2005 and also utilize 12 technical indicators and find that SVM outperforms RF and ANN, SVM is superior to RF by 1.04%, and RF is better than ANN. SVM is efficient because of its structural risk minimization principle as compared to other tools. (Lakshminarayanan & McCrae, n.d.) Researchers consider two types of data to measure the performance of LSTM with moving average and SVM on the combined data set (DJI stock price, gold price, and crude oil) and individual data separately. The study displays that in the case of the combined data set, LSTM outperforms SVM, but on the other side of the coin, SVM and LSTM act equally if data is individual and without moving average. This study includes literature from Wang et al. (2018), who denote that LSTM presents more accuracy compared to backpropagation NN. Billah et al. (2024) disclose that if the data set is short-term, then LSTM predicts the market better as compared to SMA, EMA, or vice versa. Gupta, S., Nachappa, S., & Paramanandham, N. (2025) analyze the superiority of models such as LSTM, GARCH, SVM, RF, ANN, XGBoost, and AdaBoost over others, using historical data of TCS on the NSE website from Jan 2019 to June 2024. The study infers that LSTM ranked 1st and GARCH ranked 2nd in performance to predict volatility, surpassing other models in performance with a high margin (20.83% success margin in the case of RF and 14.36% or 12.244% for SVM), but LSTM in the case of GARCH shows a lower margin (2.42%) of success. Guresen et al. (2011) compare the classical ANN model, MLP with DAN2, and the hybrid models GARCH-MLP and GARCH-DAN2 and conclude that MLP predicts the NASDAQ Stock Exchange Index with the small error of 0.54% and surpasses all the other models. (Majumder, A. 2021) Their researcher measured the performance of ML models and used 6 evaluation matrices (EVS, RMSE, MSE, R-squared root, adjusted R-squared score, and MAE). Across all six models, LSTM performed superior to other models (LR, RF, SVM, and VAR), because LSTM's multiple-layer and gate structure make it highly efficient for sequential data. SVM infers as the worst model in the study over all six metrics. Namdari (2021) studied and evaluated MLP combined with fundamental analysis and technical analysis and compared it with LSTM, SVM, HATS, and a hybrid model (NARX + Fundamental Analysis + Historical Prices), in which the hybrid model outperformed all the models. The result of the hybrid model can be generalized and is more reliable; even MLP + Fundamental Analysis shows 64.38% accuracy with good generalization power as compared to MLP + Technical Analysis. Kara et al. (2010) conclude that ANN outperforms SVM in the prediction of the ISE National 100 Index; the researcher divided data 50-50% for comparing performance. Guo et al. (2020) examine the efficiency of SVM, RF, and LSTM and find that none of the models are able to predict short-term energy loads; therefore, the study proposes a fusion method for prediction by combining all three models’ characteristics, which outperforms all the individual models. The Bhandari et al. (2022) study depicts that single-layer LSTM is performing well as compared to multilayer LSTM and suggests that adding complexity in multilayer did not help to improve prediction and even has a chance of overfitting in multilayer LSTM. Apart from stock market prediction, machine-learning and deep learning models overshadow traditional models in various sectors of the economy. (Alizadegan et al., 2024) energy consumption, (Dolaeva et al., 2025) P/E ratio forecast through investor sentiment (R. Chen et al., 2019) typhoon prediction, (K. Gupta et al., 2022) blood pressure detection, (Luo & Gong, 2023) air pollutant detection, (Zhang & Fu, 2022) smart wearable for sports,  (Rehman et al., 2019) predict movie reviews in all the research LSTM model and hybrid models yield highly accurate results; moreover, SVM and RF are also utilized in predicting the risk of railway incidents (W. Huang et al., 2021), bioinformatics (www), image classification (Chandra & Bedi, 2018), surface water and groundwater hydrology (Raghavendra & Deka, 2014) (Naghibi et al., 2017), and identifying genetic diversity for conservation or protection (Sylvester et al., 2017). Psychological research (Fife & D’Onofrio, 2022) Ample comparative study of machine-learning and deep learning tools exists; nevertheless, barely any study utilized datasets spanning over a decade. Furthermore, current research scarcely accounts for companies across diverse sectors in the study. Which hinders generalization of their study. Thus, our contribution is to analyze a dataset of 4 companies of 2 different sectors over the long-term of share price. and measure the performance of LSTM, SVM, and MLP, which hardly any studies compare.
3. Research Methodology:
3.1. Variable selection:
This section describes the research data and prediction models selected for the study. Daily closing price for the financial year 2014-2015 to 2024-2025 of the 4 companies, out of which 2 are from the NSE automobile sectoral index and the rest are from the metal sectoral index. The sector selected on the line of highest FII received from calendar years 2020 to 2025 is the auto sector, which is ranked 1st; the oil sector is 2nd, and the metal sector is ranked 3rd, as per researcher data analysis. For the study, the oil sector was not considered because it was established in the year 2020; therefore, the metal sector came into the picture, and based on two criteria, companies were selected: one, it should be consistent from financial year 2014-2015 to 2024-25 in the respective indices, and two, it has the highest weight in sector indices. On March 28, 2025. The data set includes both bearish and bullish trends, which help models to make better predictions.
3.2. Model selection:
For the proposed study, 3 ML prediction models were selected based on their different characteristics, such as LSTM, SVM & MLP. LSTM has the characteristic of learning from historical data of time series, which helps to make precise predictions, while SVM helps to classify data in the binary trends (Kara et al., 2010) through hyperplane margin to reduce error bound in regression. (Gupta et al., 2025). MLP used backpropagation to train the model itself, which helped in the precise prediction of the stock market (Guresen et al., 2011).
3.3. Analysis process:


Fig 1: Steps to train and prediction through model
3.4. Method Analysis:
Study applies 3 most know models of ML on the dataset of NSE from Financial year 2014-15 to 2024-2025. Specifically, 80%-20% data used for training and testing respectively. Prediction accuracy and reliability of these models are assessed by calculating two different performance metrics—RMSE & MAE. Between two prediction metrics, RMSE measures the square root of the mean square error of the actual values and estimated values, MAE estimates the size of the error computed as the relative average of the error. Smaller the values of RMSE and MAE, better the performance of the model.
Table 1: Train- Test Data for model
	
	
	Percentage
	N
	Company Name

	Sample
	Training
	80%
	1977
	JSW 
Maruti Suzuki
M & M

	
	Testing
	20%
	493
	

	
	
	
	
	

	Total
	
	
	2471
	

	Sample
	Training
	80%
	1973
	TATA Steel

	
	Testing
	20%
	493
	

	Total
	
	
	2466
	


4. Analysis 
4.1. SVM in stock market prediction:
[bookmark: _Hlk208834099]First, SVM apply to predict share prices of JSW, TATA Steel, Mahindra & Mahindra, Maruti Suzuki through a testing closing prices of these companies.[image: A graph with numbers and lines

AI-generated content may be incorrect.]Fig 2: SVM trend chart for closing prices of JSW 
[image: ]
Fig 3: SVM trend chart for closing prices of TATA Steel
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Fig 4: SVM trend chart for closing prices of Mahindra & Mahindra
[image: A graph with blue and orange lines
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Fig 5: SVM trend chart for closing prices of Maruti Suzuki
[bookmark: _Hlk208834385]In all the above graphs, the orange & blue lines represent predictive and actual values, respectively, through which the researcher observed that SVM in the case of M&M was not able to catch the trend and was slightly misleading in the case of Maruti Suzuki and worst in the case of TATA Steel, where it was able to catch the trend but had a high error in the actual and predictive values. On the other hand, it shows high predictability in JSW. It is concluded that when there is a sharp spike in the share price, then SVM is not able to capture the trend, which leads to unreliable predictions, as noted in TATA Steel and M&M, and even in Maruti Suzuki.
4.2. LSTM in stock market prediction:
[image: A graph with red and green lines

AI-generated content may be incorrect.]
[bookmark: _Hlk208834414]Fig 6: LSTM trend chart for closing prices of JSW
[image: A graph showing the price of steel
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Fig 7: LSTM trend chart for closing prices of TATA Steel

[image: A graph showing price and prediction
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Fig 8: LSTM trend chart for closing prices of Mahindra & Mahindra
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Fig 9: LSTM trend chart for closing prices of Maruti Suzuki
[bookmark: _Hlk208834495]The researcher marked that in all graphs LSTM is able to understand trends with spikes but not to predict clear peaks and lows of the trend or even mislead the overall values of the trend.
4.3. MLP in stock market prediction:
[image: A graph with orange and blue lines
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[bookmark: _Hlk208834514]Fig 10: MLP trend chart for closing prices of JSW
[image: ]
Fig 11: MLP trend chart for closing prices of TATA Steel
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[bookmark: _Hlk208834536]Fig 12: MLP trend chart for closing prices of Mahindra & Mahindra
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Fig 13: MLP trend chart for closing prices of Maruti Suzuki
[bookmark: _Hlk208834567]In MLP graphs, the yellow and blue lines denote predictive and actual values, respectively. It was observed that in all the companies apart from TATA Steel, MLP showed satisfactory performance as compared to other models, able to capture the nonlinearity of the data followed by a closely aligned prediction of MLP.
Table 2: Error of models to predict closing prices of companies
	[bookmark: _Hlk208834581]Error in calculation
	SVM
	LSTM
	MLP
	Datasets

	RMSE
	0.83%
	1.65%
	1.68%
	JSW

	MAE
	0.69%
	1.28%
	1.28%
	

	RMSE
	7.41%
	1.71%
	1.97%
	TATA Steel

	MAE
	7.19%
	2.27%
	2.46%
	

	RMSE
	5.67%
	3.65%
	2.44%
	Mahindra & Mahindra

	MAE
	4.18%
	2.82%
	1.73%
	

	RMSE
	1.55%
	1.99%
	1.73%
	Maruti Suzuki

	MAE
	1.28%
	1.57%
	1.23%
	


The table shown above of error denotes that in the case of SVM, RMSE and MAE are .83%, 7.41%, 5.67%, 1.55%, & .69%, 7.19%, 4.18%, and 1.28%, respectively, for JSW, TATA Steel, Mahindra & Mahindra, & Maruti Suzuki; the values for LSTM are 1.65%, 1.28%, 1.71%, 2.27%, 3.65%, 2.82%, 1.99%, and 1.57%, as follows, and for MLP, 1.68%, 1.28%, 1.97%, 2.46%, 2.44%, 1.73%, 1.73%, and 1.23%. Bold values in the above table represent the lowest error values of the ML models for the respective company share price prediction.
5. Results and Discussion



Fig 14: Comparison of error & accuracy among the models 
As we compared the results of various models, we interpreted that in the case of JSW, SVM showed the lowest error rate as compared to LSTM and MLP because SVM was able to observe a sudden downfall and gradual recovery in the prices of JSW, but as we moved towards TATA Steel, LSTM surpassed MLP and SVM due to the fact that LSTM learns from the past trends, and in TATA Steel there was a gradual upward trend, which LSTM observed and predicted properly. Even MLP did not stay back; it also showed the lowest error rate in the condition of M&M through its feedforward learning behavior and also showed a competitive result with SVM in the case of Maruti Suzuki.

6.Conclusion:
After the introduction of ML and DL, there is a revolution in stock market prediction, which makes prediction complex but interesting through coding. In this study we figure out the efficiency and superiority of ML and DL models with 4 different data sets. Our study contradicts the conclusion of previous studies, as it clearly showed the superiority of LSTM over other predictive models when there is large sequential data, but from the above comparative analysis, it can be observed that there is no monopoly of one model over all the types of datasets. Therefore, in JSW, SVM outperforms; in TATA Steel, LSTM; in M & M, MLP; and in Maruti Suzuki, MLP and SVM close in prediction. So, the results allowed the researcher to conclude that the efficiency of the models’ predictions depends upon the characteristics of the dataset, such as linear relation, financial shocks, recovery of share price, etc., not on the quality of the model. There should be a perfect alignment of characteristics of the dataset and quality of the model if one wants accurate prediction. ML, DL models, and the stock market are an ocean that is difficult to cover by only study, so here are some limitations of the study: 1. It only considers the dataset of the Indian stock market. 2. Researchers only compare 3 models, in which only one DL model is utilized. 3. We consider only long-term datasets for the study. So, future researchers can focus on these areas for further work.
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