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Abstract

Forecasting stock index prices remains a challenging task because financial markets are volatile, non-stationary, and
influenced by several economic and behavioral factors. This study evaluates 12 supervised machine learning models
against a Naive Persistence baseline for predicting next-day open and close prices of the NIFTY 50 index across 5-year, 10-
year, and 20-year historical windows. The study compares two feature settings: one based on raw open, high, low, close,
and volume variables and another that augments these variables with derived indicators such as the Simple Moving
Average, Relative Strength Index, daily return, and rolling volatility. The evaluated models include Linear Regression,
Lasso, Ridge, Elastic Net, Stochastic Gradient Descent Regressor, Support Vector Regression, K-Nearest Neighbors,
Decision Tree, Random Forest, Gradient Boosting Regressor, AdaBoost Regressor, and eXtreme Gradient Boosting
(XGBoost). The models are compared based on Mean Absolute Error, Root Mean Squared Error, and the R* score under
chronological train-test splitting. The results show that linear models, particularly Linear Regression, Ridge, and Lasso,
provide more stable generalization across 10-year and 20-year historical windows and consistently outperform the naive
benchmark. In contrast, Random Forest and XGBoost perform competitively in the 5-year setting but show weaker
generalization for the 10-year and 20-year windows, often performing worse than a simple naive forecast, even after
hyperparameter tuning using TimeSeriesSplit. The findings suggest that simple linear models can serve as strong
baselines for NIFTY 50 open and close price forecasting under the considered experimental setting.
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Introduction

Predicting stock prices has become a common research topic in machine learning and financial analytics. The frequent
fluctuations in stock markets have attracted researchers across several disciplines, including economics, finance,
mathematics, statistics, and computer science [1,2]. In recent years, the number of retail investors, traders, and
institutional investors has increased significantly, creating a strong demand for reliable forecasting tools for various
investment horizons. However, predicting next-day stock prices is difficult since market values are affected by several
uncertain and dynamic factors, such as investor sentiment, company performance, economic conditions, policy changes,
global events, and sudden market shocks [3].

Financial time-series data are different from many other structured datasets because they are noisy, non-stationary, and
highly sensitive to recent information [4]. A forecasting model that performs well in one time period may not necessarily
perform equally well in another period because market behavior changes over time. Therefore, selecting an appropriate
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forecasting model is an important research problem. In this context, machine learning techniques are increasingly used
because they can learn hidden patterns from historical data and can be used for price prediction, trend analysis, portfolio
planning, and risk management.

The NIFTY 50 [5,6] is one of the major benchmark indices of the Indian stock market. It represents the overall
performance of 50 major companies traded on the National Stock Exchange across various sectors of the Indian economy
[5,7]. Since the index reflects the overall movement of leading companies, forecasting NIFTY 50 prices is useful for
understanding broader market behavior. In particular, next-day open and close price forecasting can help investors and
analysts study short-term market movement, identify possible trading opportunities, and evaluate the behavior of
different forecasting models under changing market conditions.

Over the years, researchers have investigated a wide range of statistical, machine learning, and deep learning approaches
for forecasting stock markets. Traditional approaches, including the Autoregressive Integrated Moving Average (ARIMA)
method, developed by Box and Jenkins in 1970 [8-10], and Holt-Winters Exponential Smoothing [11], have been
commonly applied to time-series forecasting. Recent studies have indicated that deep learning approaches, such as
Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks, and Long Short-
Term Memory (LSTM) networks, have produced encouraging results in stock market prediction [9,11,12].

Although researchers have widely explored machine learning and deep learning methods for stock price forecasting,
several limitations remain. Many existing works focus on a limited number of models, a single target variable, or a specific
historical period [9,13,14]. Some studies mainly predict closing prices [6,13-15], while joint modeling of both open and
close price forecasting is less commonly addressed in the reviewed literature. Similarly, several works use either raw
market features or engineered technical indicators, but comparatively fewer studies analyze the effect of both feature
settings under a common experimental framework. Moreover, the behavior of models may change when the length of
the historical data window changes. Hence, a systematic comparison across multiple historical windows is useful for
understanding model generalization.

To address these issues, this study performs a detailed comparative analysis of supervised regression models and a Naive
Persistence benchmark for next-day open and close price forecasting of the NIFTY 50 index. The experiments are
conducted using 5-year, 10-year, and 20-year historical windows. Historical market data were obtained from Yahoo
Finance [16] using the Python package yfinance [17]. Two feature pipelines are considered. The first pipeline uses raw
OHLCV [13] features, namely Open, High, Low, Close, and Volume [18]. The second pipeline uses engineered technical
indicators such as Simple Moving Average [3], Relative Strength Index (RSI) [19], daily return, and rolling volatility [7]. This
allows the study to examine whether feature engineering improves forecasting performance compared with raw market
data.

This study evaluates 12 supervised regression algorithms, including Linear Regression, Lasso, Ridge, Elastic Net,
Stochastic Gradient Descent Regressor, Support Vector Regression, K-Nearest Neighbors, Decision Tree, Random Forest,
Gradient Boosting, AdaBoost, and eXtreme Gradient Boosting (XGBoost). These models are compared against a Naive
Persistence baseline to determine true predictive skill. In addition, Random Forest and XGBoost are further tuned using
TimeSeriesSplit to examine whether hyperparameter optimization improves their generalization ability. Model
performance is measured using commonly used regression metrics, including Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and the Coefficient of Determination (R?) [20].

This study makes three main contributions. First, it provides a comparative evaluation of 12 supervised regression models
against a Naive Persistence baseline for next-day open and close price forecasting of the NIFTY 50 index. Second, it
analyzes the effect of 5-year, 10-year, and 20-year historical windows under a common experimental setting using both
raw OHLCV features and engineered technical indicators. Third, it examines the effect of TimeSeriesSplit-based
hyperparameter tuning on Random Forest and XGBoost and compares the generalization behavior of linear and non-
linear models across different historical windows.
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The remainder of this paper is structured as follows. The Materials and Methods section reviews related studies and
describes the methodology, including data collection, feature engineering, preprocessing, chronological train-test
splitting, model training, and evaluation. The Results and Discussion section presents the findings across different
historical windows. The Conclusion section summarizes the findings and future directions.

Materials And Methods

Related work

Stock market movement prediction has been studied using statistical, machine learning and deep learning techniques.
Various approaches have been developed to enhance forecasting accuracy by identifying patterns in historical market
data.

NIFTY 50
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FIGURE 1: Historical trend of the NIFTY 50 index illustrating its long-term price movement and periods of market volatility
over the selected study period

Data source: Google Finance [21]

Figure 7 shows the historical trend of the NIFTY 50 index for the selected period of study. The graph shows the long-term
growth of the index and periods of market volatility. It highlights the dynamic nature of stock market data and the need

for accurate prediction models.

Early studies employed statistical regression techniques, including linear regression, polynomial regression, and radial
basis function models, using market variables such as open, high, low, and close (OHLC) prices, together with trading
volume [13,22]. Among these, Linear Regression provided the best prediction results, demonstrating that simple
regression models can effectively capture linear relationships in financial data [22].

Time-series forecasting methods have also been popular for predicting stock prices. The ARIMA model has shown strong
results for short-term forecasting using historical stock prices from various exchanges [9]. Model selection utilized
statistical measures like standard error, adjusted R? and the Bayesian Information Criterion [9]. However, both regression
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and ARIMA models rely on linear relationships and stationary data, which limits their effectiveness during rapid market
changes or high volatility [20].

Research on stock-market forecasting has examined a variety of supervised learning techniques. Commonly investigated
methods include Linear Regression and Multiple Linear Regression, Support Vector Machine and Support Vector
Regression, along with tree- and instance-based approaches such as Random Forest, Decision Tree, and K-Nearest
Neighbors. Logistic Regression has also been explored for market prediction. Comparative studies show that the
performance of these models varies with the dataset, market conditions, prediction horizon, and feature selection. In
many cases, Support Vector Regression and Support Vector Machine have achieved higher forecasting accuracy than
Linear Regression, K-Nearest Neighbors, Decision Tree, and Random Forest. Linear Regression has remained effective for
capturing overall market trends. Moreover, studies have found that proper feature engineering and tuning of

hyperparameters can greatly improve prediction performance. However, no single model consistently outperforms the
others in all market conditions [15,23,24].

Regression models remain popular because they are straightforward, easy to understand, and can model both linear and
nonlinear relationships. Their performance can be improved by combining them with optimization techniques and
additional financial features [20]. Hybrid regression methods have also been used for NIFTY 50 prediction, comparing
machine learning models such as MARS, Random Forest, XGBoost, ANN, and Support Vector Machine with deep learning
models. These studies found that LSTM-based models provide more accurate predictions than traditional machine
learning methods [6].

ANNs have been effectively used to model nonlinear relationships in stock market data. Incorporating technical
indicators such as RSI, Exponential Moving Average, and Moving Average Convergence Divergence has further improved
prediction accuracy by providing more market information to the learning model [6,14,25]. Overall, ANN-based models
have outperformed traditional statistical methods in capturing complex market behaviors [20].

Recently, deep learning models have gained considerable attention as methods for forecasting financial markets. These
models are capable of capturing patterns over longer sequences. Among them, LSTM networks have consistently
surpassed conventional machine learning approaches when forecasting the NIFTY 50 and other market indices. Studies
have shown that LSTM generally offers higher forecasting accuracy compared with CNN, Recurrent Neural Networks, and
Gated Recurrent Unit (GRU) architectures, although sudden market fluctuations still pose challenges for all deep learning
models [7,13,26].
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FIGURE 2: Example of a candlestick chart showing open, high, low, and close price movements. The body represents the
difference between open and close prices, while the wicks indicate the highest and lowest prices during the trading period

Concept based on the study by Chen et al. [27].

The most popular type of chart used for technical analysis is the candlestick chart. Figure 2 illustrates the basic structure
of bullish and bearish candlestick charts. Each candlestick summarizes the OHLC values for a given time period. The
candlestick body shows the range between the opening and closing prices, whereas the upper and lower wicks indicate
the highest and lowest price levels, respectively. The visualization is helpful for understanding short-term market
behavior and is widely used in studies of stock market analysis and prediction [27]. These representations are often used
as input for feature engineering in stock price prediction models.

Hybrid deep learning models have further improved forecasting accuracy by combining different neural network
structures. CNN-BiLSTM models have been effective in extracting both local and temporal features from historical stock
data, yielding better accuracy than single deep learning models and traditional SVM regression [28]. Likewise, hybrid
LSTM-GRU models have surpassed standalone CNN and LSTM models for stock price prediction using long-term
historical datasets [18]. Recent research has also integrated financial news sentiment with historical market data using
hybrid LSTM-GRU frameworks, achieving strong prediction results for the NIFTY 50 index [29]. Machine learning-based
trading systems that combine technical indicators with LSTM have also shown improved market trend predictions
compared to traditional technical analysis [19].

Recent studies have increasingly leveraged deep learning methods to capture complex patterns in financial time-series
data. For instance, comparative evaluations between LSTM models and Temporal Convolutional Network approaches
have demonstrated that sequential deep learning models can significantly outperform Naive Persistence baselines and
traditional forecasting benchmarks across financial metrics [30].

While much of the existing literature emphasizes reported predictive accuracy, many studies engage insufficiently with
established challenges in financial time series. Financial markets are highly non-stationary and subject to structural
breaks, meaning models trained on past data often struggle when market regimes change. Furthermore, financial data
exhibits extreme price-level autocorrelation. As a result, distinguishing between true predictive skill and whether a model
simply memorizes the previous day's price is difficult, especially when forecasting raw price levels instead of returns or
directional movements. Acknowledging these characteristics is essential for establishing rigorous benchmarks.
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In summary, past studies show that statistical models work well for simple and short-term forecasting. On the other hand,
machine learning and deep learning methods usually perform better by capturing complex nonlinear relationships in
financial data. However, most existing studies only compare a few models or focus on one forecasting approach. There
has been limited research comparing several regression algorithms across different feature engineering techniques,
hyperparameter tuning methods, and historical forecasting windows.

To fill this gap, this study offers a detailed comparison of 12 regression algorithms and a Naive Persistence baseline:
Linear Regression, Lasso, Ridge, Elastic Net, Stochastic Gradient Descent Regressor, Support Vector Regression, K-Nearest
Neighbors, Decision Tree, Random Forest, Gradient Boosting, AdaBoost, and XGBoost. These algorithms are evaluated for
forecasting the open and close prices of the NIFTY 50 index using various feature engineering techniques, optimized
hyperparameters, and multiple historical forecasting windows. This provides a thorough evaluation of regression-based
stock market prediction models.

Methodology

This study aims to evaluate and compare 12 supervised regression models against a Naive Persistence baseline for next-
day open and close price forecasting of the NIFTY 50 index. Two feature pipelines are evaluated: a raw OHLCV pipeline
and an engineered-feature pipeline. The models are trained and tested using chronological train-test splitting, ensuring
that the original time sequence of the financial observations is maintained. In addition, Random Forest and XGBoost are
further optimized using TimeSeriesSplit-based hyperparameter tuning to examine whether tuning improves their
generalization performance. The complete methodology and experimental workflow utilized in this study are
summarized in Figure 3.

1. Data Collection
5, 10, 20-Year Historical Window
(Nifty-50 via Yahoo Finance)

2a. Pipeline A (Raw)
OHLCV Metrics
(Open, High, Low, Close, Volume)

2b. Pipeline B (Feature Engineering)
SMA (10,20), RSI (14),
Daily Return, Volatility

. Target Definition & Data éleaning
Targets: Next-Day Open & Close Price
Handle +« arlld Drop NaNs
|
4. Chronological Data Split
Train (80%) & Test (20%)
Time-series ordered split
l
5. Model Training & Evaluation
12 ML Models + Naive Persistence Benchmark: Linear Regression, Lasso, Ridge, Elastic Net, SGD, SVR, KNN, Decision Tree,
Random Forest, Gradient Boosting, AdaBoost, XGBoost & Wrapped in StandardScaler Pipeline
1
6. Hyperparameter Optimization
RandomizedSearchCV + TimeSeriesSplit
(Focus: RF & XGB)

FIGURE 3: Comprehensive machine learning workflow for NIFTY 50 open and close price forecasting, detailing data
collection from Yahoo Finance with 5-year, 10-year, and 20-year historical windows, raw and feature-engineered
preprocessing pipelines, chronological data splitting, Naive Persistence baseline evaluation, multi-model evaluation, and
hyperparameter optimization

KNN, K-Nearest Neighbors; ML, Machine Learning; RF, Random Forest; RSI, Relative Strength Index; SGD, Stochastic Gradient
Descent; SMA, Simple Moving Average; SVR, Support Vector Regression; XGB, Extreme Gradient Boosting

Data Collection
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To examine algorithmic performance, historical data for the NIFTY 50 index (ANSEI) were collected using the Yahoo
Finance API [17]. Three historical windows were considered in this study. For the 5-year historical window, data from 1
June 2021 to 1 June 2026 were used. For the 10-year historical window, data from 1 June 2016 to 1 June 2026 were used.

For the 20-year historical window, data from 1 June 2006 to 1 June 2026 were used. Each dataset contains daily OHLCV
data.

Feature Engineering

This study examines whether engineered technical indicators improve the predictive results achieved by machine
learning models compared to using only raw market variables. To evaluate this, two feature pipelines are constructed: a
raw pipeline acting as a baseline, containing only the original OHLCV variables, and an engineered pipeline.

The engineered pipeline augments the raw data with technical indicators computed from historical closing prices. These
specific indicators were selected because they are standard financial metrics widely used in existing literature to reliably
capture market trends, momentum, and historical volatility, providing a robust baseline for evaluation [18]. Specifically,
these include 10-day and 20-day Simple Moving Average indicators, Daily Return, Rolling Volatility (20 days), and the 14-
day RSI [7,19]. Furthermore, two target variables are defined to predict the next day's prices. Here, O; represents the open

price and C;represents the close price for day . The engineered features and target variables are summarized in Table 7.

Variable Feature Definition

Engineered Features

Simple Moving Average (SMA) SMA,; = % X Z:‘z_ol Ci_;, n € {10, 20}

Rolling Volatilit _ 2
golatiy s = 21 225 (Cri = Cns) ,  n=20

Daily Return R; = %
Relative Strength Index (RSI) RSI; =100 — 11(1)10&
Target Variables

Next-Day Open y§°"e“) = Ot11
Next-Day Close yﬁdm) =Ci1

TABLE 1: Engineered features and next-day target variables used in this study

Data Preprocessing and Cleaning

The construction of technical indicators and next-day target variables produced missing entries near the start and end of
the dataset. Infinite values, if any, were first replaced with missing values, and incomplete records were removed using
dropna(). The input variables were scaled with StandardScaler before model training [13].

Data Splitting
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To avoid data leakage, a chronological train-test split was used instead of random sampling. For each dataset (5, 10, and

20 years), an 80:20 chronological split was applied, with the earlier portion used for training and the later portion used for
model evaluation. This preserves the temporal order of financial data [13].

Baseline Benchmark, Model Training, and Hyperparameter Optimization

To determine whether candidate machine learning models truly predict market movements beyond just repeating past
prices, we introduced a Naive Persistence baseline as the main benchmark [31]. This baseline suggests that the target
price on day t+ 1 will simply match the observed price on day ¢

Yt11 = Yt
where y; € {O;, C}} for open and close price targets, respectively.

Notably, training metrics for the Naive Persistence baseline are completely omitted from our results. Because this baseline
does not have a training phase, optimization steps, or learnable parameters, calculating training error is mathematically
meaningless. It is applied exclusively to the test set as an out-of-sample benchmark to determine whether the machine
learning approaches add predictive value beyond a simple persistence-based forecast.

Alongside the naive baseline, 12 supervised machine learning regression models were evaluated: Linear Regression,
Lasso, Ridge, Elastic Net, Stochastic Gradient Descent Regressor, Support Vector Regression, K-Nearest Neighbors,
Decision Tree, Random Forest, Gradient Boosting, AdaBoost, and XGBoost.

Hyperparameter tuning was applied selectively to Random Forest and XGBoost. These complex tree-based models are
more prone to overfitting and are sensitive to configuration choices, so their settings require careful adjustment. In
contrast, the linear models showed stable baseline performance, while full tuning of all remaining models was beyond
the scope of this study. To preserve the chronological sequence and eliminate data leakage, tuning was conducted using
RandomizedSearchCV [15], wrapped inside a 5-fold TimeSeriesSplit (n_splits = 5). The optimal hyperparameter
configurations are summarized in Table 2.
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Target Variable Algorithm Historical Window  n_estimators max_depth Regularization/Sa

mple Parameters

Open Price Random Forest 5 Years 100 10 min_samples_split
=5,
min_samples_leaf=
2

Open Price Random Forest 10 Years 300 10 min_samples_split
=5,
min_samples_leaf=
2

Open Price Random Forest 20 Years 100 10 min_samples_split
=5,
min_samples_leaf=
2

Open Price XGBoost 5,10, 20 Years 200 7 learning_rate=0.05,
reg_alpha=10.0,
reg_lambda=1.0

Close Price Random Forest 5,10, 20 Years 300 10 min_samples_split
=5,
min_samples_leaf=
2

Close Price XGBoost 5,10 Years 200 7 learning_rate=0.05,

reg_alpha=10.0,
reg_lambda=1.0

Close Price XGBoost 20 Years 500 7 learning_rate=0.1,
reg_alpha=1.0,
reg_lambda=10.0

TABLE 2: Optimal hyperparameter configurations across target variables and historical windows

Results And Discussion

Experiments

A scikit-learn pipeline is used to train 12 regression algorithms, including Linear Regression, Lasso, Ridge, Elastic Net, SGD
Regressor, SVR, KNN, Decision Tree, Random Forest, Gradient Boosting, AdaBoost, and XGBoost. The overall experimental
workflow is shown in Figure 4.
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Experimental setup: All experiments and model training were performed using a computer with an 11th Generation Intel
Core i3-1125G4 processor running at 2.00 GHz and 8 GB RAM. Python (version 3.13.5) was used for data preparation,
feature creation, and model assessment. Historical stock data were retrieved using the yfinance library. Machine learning
models and hyperparameter tuning pipelines were developed using the scikit-learn (version 1.6.1) and XGBoost (version
3.0.5) packages.

PHASE I: OPEN PRICE PREDICTION PHASE II: CLOSE PRICE PREDICTION @

1. Raw Data Training (Pipeline A) 1. Raw Data Training (Pipeline A) 1. Extrapolation Limits of Tree Ensembles
Trained on baseline OHLCV market metrics Mirrors Phase I workflow for RF, XGB, and DT failed in 10- & 20-yr windows
across 5-, 10-, and 20-year historical windows next-day Close price prediction due to inability to extrapolate past training maximums
) ‘ ) l ‘
2. Feature Engineering (Pipeline B 2. Feature Engineering (Pipeline B 2. Limited Impact of Tuning & Features
gi g (Pip g g (Pip p: g
SMA (10, 20), RSI (14-Days), Daily Return, SMA (10, 20), RSI (14-Days), Daily Return, Engineered features and hyperparameter tuning
pery
Rolling Volatility (20-Days) with Pipeline A Rolling Volatility (20-Days) with Pipeline A did not resolve extended-window generalization failures
! i ! l i
3. Model Tunin, . 3. Robust Baselines & Naive Benchmark
Random Forest & XGBoost optimized £ Model Tuning Line et R b
B oost. optimized Random Forest & XGBoost tuned via RandomizedSearchCV e T o Pep s
via RandomizedSearchC . 2 Mose P and consistently outperformed the Naive Persistence
Target shifted to Next-Day Close Price ¢ e :
TimeSeriesSplit utilized to prevent data leakage benchmark across all historical windows
J J

FIGURE 4: Overview of the experimental workflow, illustrating the multi-phase machine learning pipeline for next-day
open and close price prediction, model tuning, and multi-window historical evaluation incorporating the naive
benchmark and tree extrapolation findings

DT, Decision Tree; OHLCV, Open, High, Low, Close, Volume; RF, Random Forest; RSI, Relative Strength Index; SMA, Simple Moving
Average; XGB, Extreme Gradient Boosting

The experiments are constructed to compare the predictive performance of the 12 regression models for various
historical windows and feature configurations. Three experimental settings are considered: baseline prediction using raw
OHLCV features, prediction using engineered technical indicators, and prediction after hyperparameter tuning of
selected ensemble models.

The evaluation examines the impact of historical data length, feature engineering, and model optimization on predicting
next-day NIFTY 50 open and close prices.

Model performance is assessed using three standard evaluation measures: MAE, RMSE, and R? [13]. MAE represents the
mean magnitude of the prediction errors, whereas RMSE places greater emphasis on larger deviations. The R* value
reflects how much of the variation in stock prices is explained by the model [13,18]. The mathematical formulas are
presented in Table 3.

Metric Mathematical Formulation
Mean Absolute Error (MAE) MAE = % Soia v — 36
Root Mean Squared Error (RMSE) RMSE = m
Coefficient of Determination (R?) =1 SR (vi—:)?

- E?:1(1!i—17)2

TABLE 3: Mathematical formulations of the regression performance evaluation metrics employed in this study
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

Forecasting Next-Day Open Price

Each model was evaluated using 5-year, 10-year, and 20-year historical windows with chronological splits to examine
performance under different training-window lengths.

Baseline performance (raw OHLCV): Table 4 presents the baseline performance of the models for next-day open price
forecasting using raw OHLCV features. In the 5-year historical window, Linear Regression, Ridge, Lasso, Gradient Boosting,
Random Forest, and SGD Regressor achieved strong test performance. For the 10-year and 20-year historical windows,
Linear Regression, Ridge, SGD Regressor, and Lasso showed more stable generalization than the remaining models. In
contrast, SVR and several tree-based models showed weak test performance, especially in longer historical windows.
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature

Engineering and Model Tuning

Historical Model

Window

5 Years Linear

Regression

Ridge
Regression

Lasso

Regression

Gradient

Boosting

Random

Forest

SGD

Regressor

XGBoost

Naive Persist

ence

Decision Tree

AdaBoost

KNN

Elastic Net

SVR

10 Years Linear

Regression

Ridge

Regression

SGD

Regressor

Lasso

Regression

Train R?

0.9988

0.9986

0.9985

0.9994

0.9998

0.9981

0.9999

1.0000

0.9958

0.9964

0.9856

0.0100

0.9996

0.9995

0.9994

0.9993

Train RMSE

105.74

113.85

115.15

74.26

4591

130.99

23.14

0.00

192.88

178.52

359.34

2975.12

81.29

89.13

100.58

107.54

Train MAE

69.34

76.82

77.90

52.02

31.14

91.60

16.42

0.00

151.94

114.05

304.31

2345.81

50.92

57.92

67.28

72.84

Test R?

0.9658

0.9601

0.9599

0.9550

0.9547

0.9522

0.9395

0.9247

0.9358

0.8884

0.8161

0.5230

-48.8487

0.9770

0.9721

0.9659

0.9626

Test RMSE

159.62

17234

172.81

183.14

183.76

188.59

21233

236.80

218.71

288.33

370.09

596.02

6092.79

150.89

166.19

183.58

192.29

Test MAE

90.09

101.30

101.93

117.65

117.56

117.73

148.71

164.24

143.54

223.22

269.92

559.82

6030.39

86.06

100.72

117.71

125.56
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature

Engineering and Model Tuning

Naive

Persistence

Elastic Net

Decision Tree

Random

Forest

Gradient

Boosting

XGBoost

KNN

AdaBoost

SVR

20 Years Linear

Regression

Ridge

Regression

SGD

Regressor

Lasso

Regression

Naive
Persistence

Elastic Net

Random
Forest

Gradient

Boosting

Decision Tree

KNN

XGBoost

AdaBoost

0.9870

1.0000

0.9999

0.9998

0.9999

0.9991

0.9977

0.0648

0.9998

0.9997

0.9996

0.9995

0.9859

1.0000

0.9998

1.0000

0.9995

0.9999

0.9974

466.10

0.00

34.81

62.77

33.15

124.13

194.97

3953.39

57.77

62.80

73.96

84.92

447.57

24.08

49.38

0.00

84.46

33.06

190.39

411.67

0.00

22.18

43.29

23.72

79.36

145.47

3045.96

31.20

37.21

47.22

56.11

328.99

13.59

33.20

0.00

46.55

23.21

157.33

0.9411

-0.4989

-2.2373

-2.3956

-2.4458

-3.0999

-3.1544

-5.1154

-150.6748

0.9982

0.9978

0.9972

0.9966

0.9950

0.5428

-1.6416

-1.6425

-1.6815

-1.7767

-1.8482

-2.2602

241.39

1217.49

1789.27

1832.49

1846.00

2013.59

2026.94

2459.22

12247.33

122.95

134.38

152.95

168.58

203.85

1943.09

4670.78

4671.60

4705.93

4788.74

4849.94

5188.91

167.65

1201.08

1544.02

1588.53

1603.24

1783.10

1811.43

2254.23

12201.97

72.74

83.41

100.64

113.76

142.97

1895.22

3836.93

3837.65

3878.31

3977.70

4025.03

4370.42
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

SVR 0.2921 3168.10 2241.36 -23.5718 1424533 13923.15

TABLE 4: Comprehensive evaluation metrics for NIFTY 50 open price prediction across different historical windows
(baseline raw OHLCV)

KNN, K-Nearest Neighbors; MAE, Mean Absolute Error; OHLCV, Open, High, Low, Close, Volume; RMSE, Root Mean Square Error;
SGD, Stochastic Gradient Descent; SVR, Support Vector Regression

The trend is also visible in Figure 5, where several models track short-term movements well but struggle in extended
historical-window settings.
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

Multi-Window Open Price Forecasting Comparison (OHLCV)
Nifty 50 (Test Set Periods)

= Actual Open Price —— 20-Years Forecast 10-Years Forecast —— 5-Years Forecast
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FIGURE 5: Actual vs. predicted open prices for the NIFTY 50 index for all historical windows
INR, Indian Rupee; SGD, Stochastic Gradient Descent; XGB, Extreme Gradient Boosting
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

The impact of feature engineering: Table 5 shows the performance of different models after adding engineered
features such as SMA, rolling volatility, RSI, and daily return. For the 5-year historical window, feature engineering did not
provide a clear improvement over raw OHLCV features. For the 10-year historical window, some linear models showed
improvement in terms of reduced RMSE. However, for the 20-year historical window, engineered features did not

consistently improve model performance. Overall, feature engineering mainly benefited selected linear models in the 10-
year setting.
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature

Engineering and Model Tuning

Historical Model

Window

5 Years Linear

Regression

Ridge
Regression

Lasso

Regression

SGD

Regressor

Random

Forest

Gradient

Boosting

Naive

Persistence

XGBoost

Decision Tree

AdaBoost

Elastic Net

KNN

SVR

10 Years Linear

Regression

Ridge

Regression

SGD

Regressor

Lasso

Regression

Train R?

0.9987

0.9986

0.9984

0.9984

0.9998

0.9995

1.0000

1.0000

0.9946

0.9920

0.9939

-0.0383

0.9996

0.9995

0.9994

0.9993

Train RMSE

106.11

113.06

118.60

120.48

45.67

69.07

8.04

0.00

218.93

266.83

23211

3031.05

83.23

90.50

102.87

104.92

Train MAE

69.80

75.57

79.70

82.63

30.46

48.94

578

0.00

175.41

216.86

165.65

2420.24

51.46

57.29

68.09

67.03

Test R?

0.9657

0.9566

0.9532

0.9511

0.9497

0.9422

0.9248

0.9101

0.9054

0.8625

0.7337

0.5587

-47.8984

0.9783

0.9721

0.9665

0.9626

Test RMSE

161.08

181.05

188.08

192.28

194.97

209.11

238.45

260.72

267.37

322.40

448.71

577.62

6079.98

145.24

164.47

180.41

190.50

Test MAE

90.96

105.38

108.26

116.76

130.97

143.10

165.80

189.08

186.41

24576

409.36

479.41

6019.04

83.25

99.98

117.85

122.50
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature

Engineering and Model Tuning

Naive

Persistence

Elastic Net

Gradient

Boosting

Random
Forest

Decision Tree

XGBoost

KNN

AdaBoost

SVR

20 Years Linear

Regression

Ridge

Regression

SGD

Regressor

Lasso

Regression

Naive
Persistence

Elastic Net

Random
Forest

Decision Tree

Gradient

Boosting

XGBoost

KNN

AdaBoost

0.9932

0.9998

0.9999

1.0000

1.0000

0.9974

0.9978

-0.0016

0.9998

0.9997

0.9996

0.9996

0.9925

1.0000

1.0000

0.9998

1.0000

0.9981

0.9974

338.19

60.28

35.05

0.00

19.07

209.94

192.67

4091.61

57.74

62.89

70.94

76.24

327.59

24.40

0.00

48.68

20.56

165.52

193.67

284.04

42.26

2248

0.00

14.04

148.37

142.32

3173.72

31.62

35.88

42.62

44.60

240.66

13.62

0.00

3295

15.03

116.59

160.47

0.9431

0.2876

-2.0167

-2.2124

-2.2865

-3.0401

-4.4764

-4.5179

-154.8147

0.9982

0.9977

0.9972

0.9964

0.9949

0.7741

-1.6901

-1.6919

-1.7108

-1.9390

-2.0629

-2.2975

234.99

831.47

1711.03

1765.67

1785.92

1980.12

2305.37

2314.10

12296.97

122.98

137.63

151.29

171.51

204.00

1362.16

4700.49

4702.06

4718.53

4913.20

5015.62

5204.23

164.87

804.17

1468.12

1521.69

1543.73

1741.49

2157.36

2101.64

12255.35

72.69

85.89

99.95

114.67

142.95

1321.95

3871.85

3877.89

3889.56

4088.46

4235.71

4394.46
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

SVR 0.2013 3376.31 2510.22 -23.9484 14314.70 14000.96

TABLE 5: Comprehensive evaluation metrics for NIFTY 50 open price prediction across different historical windows
(engineered features)

KNN, K-Nearest Neighbors; MAE, Mean Absolute Error; RMSE, Root Mean Square Error; SGD, Stochastic Gradient Descent; SVR,
Support Vector Regression

The trend is visible in Figure 6, where linear models follow the overall market trend more accurately, while ensemble
models capture short-term fluctuations but struggle in extended historical-window settings.
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

Multi-Window Open Price Forecasting Comparison (Feature Engineering)
Nifty 50 (Test Set Periods)

= Actual Open Price —— 20-Years Forecast 10-Years Forecast —— 5-Years Forecast
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FIGURE 6: Actual vs. predicted open prices for the NIFTY 50 index using engineered features for all historical windows

INR, Indian Rupee; SGD, Stochastic Gradient Descent; XGB, Extreme Gradient Boosting
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

Hyperparameter tuning: Hyperparameter tuning was applied to Random Forest and XGBoost using TimeSeriesSplit to
reduce overfitting. We added stronger regularization, such as L1/L2 penalties in XGBoost, and limited model complexity,
for example, by restricting max depth to 7-10, to encourage the models to learn general patterns instead of memorizing
past data. Table 6 shows the results. Even after tuning, both models still achieved strong training performance (R* > 0.999)
across all historical windows, but showed weak test performance on the 10-year and 20-year test sets, with strongly
negative R? values. For the 5-year historical window, Random Forest achieved a test R? score of 0.9547 and an RMSE value
of 183.70, while XGBoost achieved a test R? score of 0.9435 and an RMSE value of 205.05. For XGBoost, the test RMSE
improved from 212.33 in the raw OHLCV setting to 205.05, even though the test R* score did not show the same clear
improvement. However, for the 10-year and 20-year historical windows, the test R? scores had strongly negative values
and large RMSE values. Figure 7 shows the performance of hyperparameter tuning.

Historical Window Model Train R Test R? Test RMSE
5 Years Random Forest 0.9995 0.9547 183.70

5 Years XGBoost 0.9998 0.9435 205.05

10 Years Random Forest 0.9999 -2.5985 1886.44

10 Years XGBoost 0.9999 -3.0736 2007.12

20 Years Random Forest 0.9999 -1.6847 4708.72

20 Years XGBoost 0.9999 -1.8534 4854.38

TABLE 6: Performance of tuned random forest and XGBoost models for open price forecasting

RMSE, Root Mean Square Error

Actual vs Predicted Open Prices - Tuned Models (5 Years)

— Actual —— Predicted
RandomForest (Tuned) XGBoost (Tuned)
R?=0.955 | RMSE = 183.70 R? =0.944 | RMSE = 205.05
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FIGURE 7: Actual vs. predicted open prices for the NIFTY 50 index using hyperparameter tuning (5-year historical window)
INR, Indian Rupee; RMSE, Root Mean Square Error
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

Summary of Phase | findings: The study moved step-by-step from raw OHLCV data to feature engineering and then
hyperparameter tuning to test model limits in forecasting.

Linear Regression, Ridge, Lasso, and SGD Regressor showed stable test performance across the historical windows. Tree-
based and ensemble models performed competitively in the 5-year setting but showed weak test performance in the 10-
year and 20-year settings despite strong training performance. Feature engineering provided limited improvement, with
some benefit for Random Forest in the 5-year setting and for linear models in the 10-year setting. Overall, the results

suggest that linear models provide more consistent generalization for next-day NIFTY 50 open price forecasting under
the present experimental setup.

Overall, while complex models work well when trained on shorter historical windows, Linear Regression performs better
for next-day price forecasting when using 10-year and 20-year historical windows.

Forecasting Next-Day Close Price

Predicting the next day's closing price is important because it shows the final market value after a full day of trading. Our
results show that tree-based models work well with 5 years of data but perform poorly over 10 and 20 years because they
cannot predict prices higher than the peak prices seen in their training history. In contrast, models that follow linear
trends perform much better at predicting the next day's price when trained on longer historical datasets.

Baseline performance (raw OHLCV): Table 7 shows predictive results of various baseline approaches across the 5-year, 10-
year, and 20-year historical windows for next-day close price forecasting. For the 5-year historical window, Linear
Regression, Lasso, Ridge, Gradient Boosting, SGD Regressor, and Random Forest outperform the other models. XGBoost
and AdaBoost also show reasonable performance, while Support Vector Regression shows poor training and testing

results. For the 10-year and 20-year historical windows, Linear Regression, Ridge, SGD Regressor, and Lasso achieve better
performance and outperform the remaining models.
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Historical Model Train R? Train RMSE Train MAE Test R? Test RMSE Test MAE
Window
5 Years Linear 0.9966 173.90 126.30 0.9479 195.77 145.98
Regression
Lasso 0.9964 178.19 129.22 0.9434 204.14 151.12
Regression
Ridge 0.9964 178.16 129.18 0.9424 205.90 152.31
Regression
Gradient 0.9981 129.20 97.80 0.9372 214.99 165.64
Boosting
SGD 0.9961 187.73 136.95 0.9353 218.18 162.39
Regressor
Random 0.9994 71.63 52.36 0.9285 229.40 170.42
Forest
Naive = = = 0.9117 254.89 191.78

Persistence

XGBoost 0.9998 38.87 27.57 0.9085 259.52 202.56
AdaBoost 0.9946 219.69 172.21 0.8778 299.88 233.93
Decision Tree 1.0000 0.00 0.00 0.8343 349.24 251.29
KNN 0.9950 210.84 144.56 0.7912 391.95 299.02
Elastic Net 0.9837 382.08 314.51 0.4990 607.16 568.45
SVR 0.0115 2972.72 2347.15 -49.3422 6086.54 6024.91
10 Years Linear 0.9989 133.05 93.01 0.9527 215.56 152.81
Regression
Ridge 0.9989 136.83 96.74 0.9489 224.15 159.21
Regression
SGD 0.9988 142.97 101.47 0.9435 235.61 169.51
Regressor
Lasso 0.9987 147.98 105.52 0.9415 239.89 173.26
Regression
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SVR 0.2928 3163.91 2238.95 -23.5084 14233.95 13911.21

TABLE 7: Comprehensive evaluation metrics for NIFTY 50 close price prediction across different historical windows
(baseline raw OHLCV)

KNN, K-Nearest Neighbors; MAE, Mean Absolute Error; OHLCV, Open, High, Low, Close, Volume; RMSE, Root Mean Square Error;
SGD, Stochastic Gradient Descent; SVR, Support Vector Regression

The trend is visible in Figure 8, where several models track short-term movements well but struggle to capture long-term
market trends.
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Multi-Window Close Price Forecasting Comparison (OHLCV)
Nifty 50 (Test Set Periods)

= Actual Close Price ~ —— 20-Years Forecast 10-Years Forecast ~—— 5-Years Forecast
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FIGURE 8: Actual vs. predicted close prices for the NIFTY 50 index for all historical windows
INR, Indian Rupee; OHLCV, Open, High, Low, Close, Volume; SGD, Stochastic Gradient Descent; XGB, Extreme Gradient Boosting
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Open and Close Price Forecasting of the NIFTY 50 Stock Index Using Machine Learning: A Multi-Window Study of Feature
Engineering and Model Tuning

The impact of feature engineering: Table 8 presents the performance of the models after adding engineered features
for next-day close price forecasting. For the 5-year historical window, Random Forest showed some improvement after
feature engineering. For the 10-year historical window, linear models showed improvement in terms of reduced RMSE,
while most non-linear models continued to show weak test performance. For the 20-year historical window, engineered
features did not provide consistent improvement over raw OHLCV features. Hence, Random Forest showed improvement
in the 5-year historical window, while feature engineering benefited linear models in the 10-year historical window.
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Historical Model Train R? Train RMSE Train MAE Test R? Test RMSE Test MAE
Window
5 Years Linear 0.9965 174.88 127.86 0.9473 198.27 145.72
Regression
Ridge 0.9964 178.88 128.17 0.9388 213.74 154.65
Regression
Lasso 0.9963 181.68 128.67 0.9380 21513 158.37
Regression
Random 0.9994 70.17 50.08 0.9352 219.86 168.73
Forest
SGD 0.9961 185.48 133.90 0.9309 227.06 160.41
Regressor
Naive - - - 09117 256.73 193.71

Persistence

Gradient 0.9984 120.14 90.71 0.9103 258.70 200.43

Boosting

AdaBoost 0.9951 207.52 163.70 0.8972 277.00 212.64

Decision Tree 1.0000 0.00 0.00 0.8583 325.21 253.89

XGBoost 1.0000 12.31 8.81 0.8121 374.46 296.61

Elastic Net 0.9899 299.26 236.44 0.7052 469.10 421.52

KNN 0.9927 254.44 185.35 0.5615 572.07 483.91

SVR -0.0376 3029.57 2421.42 -48.4953 6078.17 6018.08
10 Years Linear 0.9988 138.71 94.85 0.9578 201.08 147.51

Regression

Ridge 0.9988 141.76 96.60 0.9519 214.63 156.63

Regression

SGD 0.9987 149.05 102.60 0.9448 229.86 169.81

Regressor

Lasso 0.9987 149.72 101.23 0.9436 232.52 170.12

Regression
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SVR 0.2024 337145 2507.20 -23.8654 14298.56 13984.13

TABLE 8: Comprehensive evaluation metrics for NIFTY 50 close price prediction across different historical windows
(engineered features)

KNN, K-Nearest Neighbors; MAE, Mean Absolute Error; RMSE, Root Mean Square Error; SGD, Stochastic Gradient Descent; SVR,
Support Vector Regression

This trend is clearly visible in Figure 9, where the linear models follow the long-term market trend more accurately, while
ensemble models capture short-term fluctuations but fail to predict long-term growth.
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Multi-Window Close Price Forecasting Comparison (Feature Engineering)
Nifty 50 (Test Set Periods)

= Actual Close Price ~ —— 20-Years Forecast 10-Years Forecast ~—— 5-Years Forecast
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FIGURE 9: Actual vs. predicted close prices for the NIFTY 50 index using engineered features for all historical windows

INR, Indian Rupee; SGD, Stochastic Gradient Descent; XGB, Extreme Gradient Boosting
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Hyperparameter tuning: Hyperparameter tuning was applied to Random Forest and XGBoost using TimeSeriesSplit to
reduce overfitting for close price prediction. Similar to Phase |, stronger regularization, such as L1/L2 penalties in
XGBoost, and limited model complexity, such as restricting max depth to 7-10, were used to encourage the models to
learn general patterns instead of memorizing past data. Table 9 shows the results. Even after tuning, both models
achieved strong training performance (R* > 0.999) but showed weak test performance on the 10-year and 20-year test
sets, with strongly negative R? values. For the 5-year historical window, Random Forest achieved a test R? score of 0.9337
and an RMSE value of 220.87, while XGBoost achieved a test R? score of 0.9198 and an RMSE value of 243.00. For XGBoost,
the RMSE improved compared with the raw OHLCV setting, although the R* improvement was not equally clear. However,
for the 10-year and 20-year historical windows, both models showed strongly negative R values and large RMSE values.

Figure 70shows the predictions of the tuned models on the 5-year historical window.

Historical Window

5 Years

5 Years

10 Years

10 Years

20 Years

20 Years

Model

Random Forest

XGBoost

Random Forest

XGBoost

Random Forest

XGBoost

Train R?

0.9988

0.9994

0.9996

0.9997

0.9997

0.9997

Test R?

0.9337

0.9198

-2.8811

-3.7190

-1.8891

-1.9453

TABLE 9: Performance of tuned random forest and XGBoost models for close price forecasting

RMSE, Root Mean Square Error
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FIGURE 10: Actual vs. predicted close prices for the NIFTY 50 index using hyperparameter tuning (5-year historical

window)

INR, Indian Rupee; RMSE, Root Mean Square Error
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Summary of Phase Il findings: The study moved step-by-step from raw OHLCV data to feature engineering and then to
hyperparameter tuning to examine the model limits in close price forecasting. Raw data showed good predictive
performance over the 5-year historical window, but weaker generalization across the extended 10-year and 20-year
periods for several non-linear models. Feature engineering improved performance for the 10-year dataset but did not
fully resolve the generalization issue for the 20-year dataset. Even after tuning, ensemble models continued to perform
poorly in the 10-year and 20-year settings. The results indicate that linear model performance improved as the historical
window increased, whereas non-linear model performance declined in longer historical windows. For example, in the
baseline raw OHLCV setting, Linear Regression achieved an R? value of 0.9479 and an RMSE value of 195.77 for the 5-year
window, while it recorded an R? value of 0.9960, together with an RMSE value of 182.35 for the 20-year window. A similar
trend was observed with engineered features. Random Forest showed improvement in the 5-year historical window after
feature engineering and tuning. Overall, complex models worked well when using shorter historical data, whereas Linear
Regression performed better at next-day forecasting when using 10-year and 20-year historical windows.

Results

This section summarizes the major findings obtained from the open and close price forecasting experiments. The results
are discussed with respect to model complexity, feature settings, historical window length, and the effect of
hyperparameter tuning.

Generalization limitations of complex non-linear models: The results show that complex non-linear models, including
tree-based ensemble approaches (Random Forest, XGBoost) and decision-tree approaches (Decision Tree), performed
competitively in the 5-year historical window but showed weak generalization in the 10-year and 20-year historical
windows. These models achieved very high training performance, but their test performance declined substantially in
longer windows. This indicates that tree-based models may capture short-term patterns effectively but may struggle
when the test data contain price ranges or market conditions that are different from those in the training data.

Limited effect of feature engineering and tuning: Using calculated technical indicators such as SMA, RSI, daily return,
and rolling volatility provided limited improvement compared with raw OHLCV features. Feature engineering improved
performance in some settings, particularly for selected linear models and Random Forest in the 5-year close price
experiment. However, it did not consistently improve performance across all models and historical windows. Similarly,
TimeSeriesSplit-based tuning of Random Forest and XGBoost improved short-window performance in some cases but
did not fully resolve the weak generalization observed in longer historical windows.

Stable performance of linear models: Linear Regression, Ridge, and Lasso showed more stable performance across
both open and close price forecasting tasks. In particular, Linear Regression achieved strong test performance across the
5-year, 10-year, and 20-year historical windows. Overall, the findings indicate that simple linear models are capable of
capturing the general trend in NIFTY 50 price movements under the considered experimental setting. Therefore, linear
models can serve as strong baseline methods before applying more sophisticated machine-learning techniques for
stock-index prediction.

Comparing models to the naive baseline: To check if the models really learned market patterns, we compared them to
a "Naive Persistence" baseline ;1 = g, which assumes tomorrow's price will be the same as today's. Since stock prices
rarely change drastically overnight, this simple guess leads to very high accuracy. For instance, in the 20-year dataset, the
naive persistence approach recorded an R? value of 0.9950, along with an MAE of 142.97.

This comparison offers two important insights. First, the extremely high R? scores (often over 0.99) in linear models mostly
show this natural day-to-day market stability, rather than finding complex rules. Still, Linear Regression showed
additional predictive value over the naive strategy, cutting the absolute error (MAE) in half to 72.74 in the same 20-year
window.

Second, the baseline clearly shows the long-term shortcomings of complex algorithms. While models like Random Forest
and XGBoost outperformed the naive guess in the short 5-year window, they did poorly in the 10- and 20-year datasets.
In the longer timeframes, these complex models performed much worse than simply guessing yesterday's price, resulting
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in negative R? values and huge errors (MAE > 3,800). Ultimately, only the simple linear models consistently did better than
the basic naive benchmark across all timeframes.

Extrapolation limitations of tree ensembles: Decision trees (and models like Random Forest or XGBoost) predict
numbers by taking averages of past training data. Because of this, they can never predict a number higher than the
highest price they saw during training. Over 10 or 20 years, the NIFTY 50 index grew to new all-time highs. When tested
on these newer, higher prices, tree models hit a ceiling. Instead of predicting the upward trend, they just output the
highest historical price over and over (a flat line). This creates massive errors, causing the R score to drop deep into
negative numbers.

Conclusions

This study compared 12 supervised machine learning models alongside a Naive Persistence baseline for next-day open
and close price forecasting of the NIFTY 50 index across 5-year, 10-year, and 20-year historical training windows. The
models were evaluated using raw OHLCV variables, engineered technical indicators, and optimized settings for Random
Forest and XGBoost. The experimental results demonstrate that Linear Regression, Ridge, and Lasso provided the most
stable generalization across extended historical training windows. Notably, these simple linear models were the only
algorithms to consistently outperform the naive benchmark (simply guessing yesterday's price). In contrast, more
complex non-linear machine learning approaches, including Random Forest, XGBoost, and Decision Tree, performed
competitively in the 5-year setting but showed poor generalization in the 10-year and 20-year datasets, often performing
worse than the Naive Persistence baseline. This severe degradation occurs because tree-based architectures cannot
extrapolate beyond the maximum price levels observed during their training periods. Furthermore, feature engineering
and hyperparameter tuning offered limited improvements and did not resolve the weak generalization of complex
models over longer historical windows.

These findings show that simple linear models should serve as essential baselines for next-day NIFTY 50 price forecasting.
However, these conclusions are strictly limited to the specific datasets, target variables, chronological 80/20 splits, and
assessment methods applied in this study. The results should not be generalized as proof that linear models are
universally superior across all financial forecasting problems or differing market regimes. Future research should address
the limitations of this experimental design by employing rolling-origin or walk-forward validation, along with statistical
significance testing of forecast errors and uncertainty estimates, to better handle market non-stationarity and structural
breaks. Specifically, because the 80/20 chronological splits yielded different test periods for the 5-, 10-, and 20-year
datasets, future studies should evaluate models over aligned out-of-sample periods to ensure that historical-window
length effects are not confounded by differing market regimes. Further studies may also shift the focus from predicting
absolute price levels to forecasting daily returns or directional movements, including macroeconomic indicators, and
investigate combined models that bring together the trend-capturing ability of linear models with the short-term pattern
detection capability of ensemble methods. Finally, while simple linear models worked well as basic benchmarks in our
study, recent research highlights the value of deep learning. Studies comparing LSTM and Temporal Convolutional
Network models show that deep learning can capture time-based patterns and beat naive benchmark models in financial
forecasting. Testing these deep learning models on longer historical datasets is a logical next step for future research.
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