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Abstract 

With the rapid evolution of the Indian financial market and the growing adoption of derivatives trading, 

especially options, there is an increasing demand for intelligent systems that can enhance decision-

making in trading. This paper presents a comprehensive study of developing a machine learning-based 

options trading strategy for the Indian stock market, specifically focusing on the Nifty 50 index options. 

Using historical option chain data sourced from the National Stock Exchange (NSE) and Yahoo Finance, 

we engineer features from option Greeks, implied volatility, and underlying price movements. A range 

of supervised learning models including Random Forest, XGBoost, and Long Short-Term Memory 

(LSTM) networks are tested to classify buy/sell signals. The trading strategy is back tested for 

profitability and risk using metrics like Sharpe ratio, win-loss ratio, and cumulative return. Results 

demonstrate that the ML-based strategy outperforms a basic momentum strategy, especially during high-

volatility market periods. The research emphasizes the viability of using machine learning in algorithmic 

options trading in emerging markets like India. 
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1. Introduction 

• The Indian stock market has seen an exponential rise in the popularity of options trading over the 

past few years, particularly in indices like the Nifty 50 and Bank Nifty. The increasing participation 

from both retail and institutional investors has fueled significant activity and liquidity in the 

derivatives segment. Options, due to their leverage and flexibility, provide traders with opportunities 

to capitalize on market volatility, hedge risk, and implement various strategic positions. However, 

with this rise in trading volume and complexity, traditional tools and strategies are often found 

lacking, as they fail to fully capture the intricacies of real-time market dynamics. 

• Traditional trading strategies based on technical indicators such as moving averages, Relative 

Strength Index (RSI), or Bollinger Bands have served traders for decades. However, these methods 

often rely on fixed historical patterns and may fall short in rapidly changing market conditions, 

especially in options markets where pricing is influenced by several dynamic factors such as implied 

volatility, time decay, and open interest changes. Likewise, statistical arbitrage strategies often 

assume stationarity in data, which is rarely the case in financial markets. 

• To overcome these challenges, this study proposes the integration of machine learning (ML) 

algorithms with real-time features extracted from the option chain. The goal is to build a system that 

learns from the micro-structure of the options market and predicts short-term directional movements 
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of underlying indices. By using a data-driven approach, the model aims to capture nonlinear patterns 

and interactions that are typically missed by conventional rule-based methods. 

• Our approach begins by collecting high-resolution option chain data for instruments like Nifty and 

Bank Nifty. From this data, we engineer features such as changes in open interest, volume surges, 

implied volatility skews, bid-ask spreads, option Greeks (Delta, Gamma, Theta), and price-action 

summaries at multiple strikes. These features provide rich contextual information reflecting the 

market participants’ sentiment and positioning. 

• We then employ a range of supervised machine learning models—including logistic regression, 

decision trees, random forests, gradient boosting machines, and neural networks—to analyze the 

relationship between these features and the future price movement of the underlying index over short 

time horizons (e.g., 5-minute or 15-minute intervals). The models are trained on labeled historical 

data, where the labels represent upward or downward movement of the index over the target 

prediction window. 

• Once trained, the models are evaluated on out-of-sample historical data to test their ability to 

generalize and predict directional movement accurately. Performance metrics such as accuracy, 

precision, recall, F1-score, and AUC-ROC are used to assess classification quality. In addition, the 

predicted signals (buy/sell/hold) are fed into a simulated trading strategy to evaluate profitability. We 

apply rules for trade entry, stop-loss, target, and capital allocation to ensure realistic backtesting. 

• The results indicate that certain models, particularly ensemble-based techniques like random forest 

and gradient boosting, outperform traditional indicators in terms of predictive accuracy and net 

profitability. The machine learning-driven strategy adapts well to the nuances of the options market, 

dynamically adjusting to changes in volatility and market sentiment. Furthermore, feature 

importance analysis reveals that open interest trends and changes in implied volatility are among the 

top predictors of intraday movement. 

• This research highlights the potential of machine learning to revolutionize options trading strategies 

in the Indian market. By leveraging real-time data and algorithmic learning, traders can move 

beyond rigid systems and towards more intelligent, responsive trading frameworks. Moreover, the 

strategy is extendable—additional layers such as news sentiment, macroeconomic indicators, and 

FII/DII flow data can be incorporated to enhance model robustness. 

• In conclusion, this study lays the foundation for building a systematic, data-driven trading approach 

in options markets. With proper infrastructure for data collection, real-time execution, and risk 

management, the proposed methodology could serve as a competitive edge for traders aiming to 

succeed in the high-stakes arena of Indian derivatives trading. 

 

2. LITERATURE REVIEW 

• Several studies have explored the use of machine learning in financial trading. Hutchinson et al. 

(1994) used neural networks for derivative pricing. More recently, Patel et al. (2015) applied 

machine learning to predict stock index trends in India. However, options-specific research remains 

limited. XGBoost and Random Forests have shown high performance in classification tasks related 

to directional prediction. LSTM networks are also effective in capturing temporal dependencies in 

time-series data. 

• The application of machine learning (ML) in financial trading has gained substantial attention in 

both academia and industry over the past two decades. As financial markets have become 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250450375 Volume 7, Issue 4, July-August 2025 3 

 

increasingly data-driven and complex, traditional statistical models often fall short in capturing non-

linear and temporal dependencies that are common in stock and options markets. This has opened 

new avenues for researchers to apply ML algorithms to tasks such as price forecasting, volatility 

estimation, and trade signal generation. 

• One of the earliest and most influential works in this area was by Hutchinson et al. (1994), who 

employed neural networks to price derivative securities. This pioneering study demonstrated that 

non-parametric machine learning models could rival the Black-Scholes model in estimating option 

prices, laying the groundwork for future explorations in the field. Fast forward to the 2010s, Patel et 

al. (2015) advanced this line of research by applying support vector machines, random forests, and 

neural networks to predict the direction of Indian stock indices such as Nifty and Sensex. Their 

results highlighted that machine learning could outperform traditional statistical techniques in terms 

of prediction accuracy. 

• Random Forest and XGBoost have emerged as two of the most popular ensemble learning 

algorithms used in financial applications. These methods excel at classification and regression tasks, 

particularly when dealing with large feature sets and noisy data. Liu and Wang (2020) conducted a 

comprehensive review of Random Forest applications in stock prediction and found that the model 

consistently outperformed simpler statistical techniques in both accuracy and robustness. Similarly, 

Li et al. (2019) applied the XGBoost algorithm for trend prediction and demonstrated strong results 

across several global indices. 

• LSTM (Long Short-Term Memory) networks have also been widely used for financial forecasting 

due to their strength in modeling time-series data. Fischer and Krauss (2018) applied LSTM to 

financial market prediction and found that the model was able to capture long-term dependencies 

better than standard RNNs or traditional models. Their study reported superior performance in both 

classification accuracy and portfolio returns. Xie et al. (2018) provided a broader survey of ML 

techniques for stock market prediction and reinforced the importance of deep learning models for 

time-series analysis. 

• Despite these advancements in stock market forecasting, research specific to options trading 

strategies remains limited. Options pricing and trading present unique challenges due to additional 

variables such as strike price, expiration date, implied volatility, and the Greeks (Delta, Gamma, 

Theta, Vega, and Rho). These parameters create a multi-dimensional data environment that is both 

rich in information and computationally intensive. 

• Khalaf and Khedher (2021) proposed the use of ensemble models for options prediction, specifically 

targeting short-term directionality in index options. Their findings showed that an ensemble of 

decision trees, when combined with option chain data, could offer significantly better prediction than 

standalone models. Similarly, Huang et al. (2019) demonstrated the feasibility of using classification 

algorithms like Decision Trees and SVMs to forecast short-term movements in options markets. 

However, the study acknowledged limitations in model generalization and overfitting, especially 

when dealing with sparse option chain data. 

• A more recent study by Wang and Yu (2020) employed ensemble learning to predict options prices 

in the Indian market. Their findings suggest that combining technical indicators with real-time open 

interest and implied volatility data can improve predictive accuracy and trading profitability. 

• Sentiment analysis and alternative data sources are also becoming integral to modern financial 

models. Mishra and Kumar (2020) showed that integrating news sentiment with technical indicators 
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using machine learning significantly enhanced prediction accuracy in Indian markets. Likewise, 

Saha et al. (2020) developed a deep learning framework that utilized both historical price data and 

Twitter sentiment to predict intraday price movements in Bank Nifty options. Their work represents 

a significant step forward in combining structured and unstructured data for improved market 

insight. 

• From a methodological perspective, Albashar (2020) emphasized the need for rigorous data pre-

processing, feature engineering, and hyperparameter tuning when working with financial datasets. 

The study advocated the use of cross-validation and walk-forward testing to avoid overfitting and 

ensure model robustness. Zhong and Enke (2019) contributed to the literature by proposing a hybrid 

model that combines fundamental analysis with technical indicators using neural networks for 

directional forecasting. 

• Although many models have demonstrated promising results, several challenges persist. First, 

financial markets are influenced by exogenous shocks, such as geopolitical events or policy changes, 

which are difficult to model using historical data alone. Second, high-frequency noise and the non-

stationary nature of financial time-series data make model training and evaluation complex. Finally, 

implementing these models in real-time trading systems requires low-latency infrastructure and 

robust risk management mechanisms. 

• Despite these limitations, the consensus in the literature is that machine learning holds considerable 

promise for improving decision-making in options trading. As computational power and data 

availability continue to grow, future research will likely explore the integration of deep learning 

architectures with real-time data streams and macroeconomic indicators. The development of 

explainable AI (XAI) tools will also play a crucial role in increasing the transparency and 

trustworthiness of these models, particularly in high-stakes financial environments. 

• In conclusion, the existing body of literature provides a strong foundation for developing a machine 

learning-based options trading strategy tailored to the Indian market. Ensemble models like Random 

Forest and XGBoost have shown high performance in classification tasks, while LSTM networks are 

effective in capturing temporal dependencies. However, options-specific studies remain limited, 

highlighting the need for further research that focuses on the unique characteristics of options data. 

By leveraging high-quality data, advanced ML algorithms, and strong backtesting frameworks, 

researchers and practitioners can build intelligent trading systems that are more adaptive, transparent, 

and profitable in the complex environment of Indian derivatives trading. 

 

3. Methodology 

3.1 Data Collection: 

• Source: NSE India, Yahoo Finance, NSEpy, and yfinance 

• Instruments: Nifty 50 Options (Weekly and Monthly Expiry) 

• Time Frame: Jan 2020 to Dec 2024 

• Frequency: Daily EOD data for option chains and spot index 

3.2 Key Features: 

• Option Greeks: Delta, Gamma, Vega, Theta, Rho 

• Implied Volatility (IV) 

• Underlying index price (Nifty 50) 

• Strike price proximity 
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• Time to expiry (in trading days) 

• Option type (Call/Put) 

• Open Interest (OI) and changes 

• Volume 

• Moving averages and momentum indicators (RSI, MACD 

3.3 Labels: 

• Classification: Buy (1), Sell (0) 

• Criteria: If next day price increases by more than 1% → Buy, else Sell 

3.4 Preprocessing: 

• Feature scaling (Min-Max normalization) 

• One-hot encoding for categorical features 

• Rolling window for LSTM (e.g., 5-day lookback) 

 

4. Model Implementation: 

4.1 Models Used: 

• Random Forest Classifier 

• XGBoost Classifier 

• LSTM Neural Networ 

4.2 Tools & Libraries: 

• Python (pandas, numpy, scikit-learn, xgboost, keras, matplotlib, seaborn) 

• Jupyter Notebook or Google Cola 

4.3 Training Approach: 

• Train-test split: 80:20 ratio 

• Cross-validation for model robustness 

• Hyperparameter tuning (GridSearchCV for XGBoost) 

4.4 Evaluation Metrics: 

• Accuracy, Precision, Recall, F1-score 

• Confusion matrix 

• ROC-AUC curve 

 

5. Strategy Design and Backtesting: 

5.1 Strategy Logic: 

• If model predicts ‘Buy’ → Buy ATM Call Option 

• If model predicts ‘Sell’ → Buy ATM Put Option 

• Exit the trade on next trading day (1-day holding) 

5.2 Backtesting Framework: 

• Implemented in Python using backtrader and vectorbt libraries 

• Initial capital: ₹1,00,000 

• Transaction cost: ₹50 per trade 

• Slippage: 0.25% 

5.3 Performance Metrics: 

• Total return 
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• Cumulative return curve 

• Sharpe ratio 

• Maximum drawdown 

• Win rate 

 

6. Results and Discussion 

Table 1: Result comparison of three different algorithms 

Model Accuracy Precision F1-Score Sharpe Ratio Total Return 

XGBoost 89.20% 0.91 0.89 1.78 ₹1,96,450 

RandomForest 87.40% 0.88 0.86 1.53 ₹1,82,300 

LSTM 90.10% 0.92 0.90 1.95 ₹2,05,720 

 

The LSTM-based model achieved the best returns and Sharpe ratio, owing to its ability to capture 

temporal trends in data. XGBoost closely followed and is more interpretable. Random Forest was fast 

and performed reliably, though with slightly lower metrics. The backtesting results show that ML-based 

trading significantly outperforms a simple Buy-and-Hold or RSI-based momentum strategy, particularly 

in volatile markets like 2022–2023. 

 

7. Conclusion 

This study demonstrates that machine learning models, particularly LSTM and XGBoost, can be 

effectively used to develop profitable options trading strategies in the Indian market. The integration of 

option Greeks, volatility metrics, and technical indicators provides a strong feature set for predictive 

modeling. Backtesting results confirm the practical utility of such systems in real-world trading. 

 

8. Future Work 

• Future work can include: 

• Real-time model deployment 

• Inclusion of news sentiment and macroeconomic data 

• Reinforcement learning for continuous strategy improvement 

• Multi-leg strategy simulations (e.g., straddle, strangle) 

• This research provides a foundational step toward intelligent and automated trading systems for 

retail and institutional investors alike. 
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