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Predicting the Bid-Ask Spread of Equity Options: A 

Machine Learning Approach Applied to AMZN and AMD 
 

Pablo José González Pardo  

x24120511  
 

 

Abstract 

 

This research investigates the application of machine learning techniques to 

predict the bid-ask spread of equity options, a key measure of market liquidity and 

trading costs. While most existing literature focuses on pricing and volatility 

estimation, this study addresses the topic of direct spread modelling using real 

world options data from Amazon (AMZN) and AMD, the project develops a full 

pipeline including feature engineering, exploratory analysis, and the training of 

both linear and nonlinear models. 

 

Results show that machine learning models significantly outperform traditional 

linear regressions, especially in capturing nonlinear interactions between variables. 

Among all models, CatBoost consistently achieves the highest predictive accuracy. 

Furthermore, explainability tools like SHAP and LIME are used to assess feature 

importance and enhance model transparency. The findings contribute to both 

academic understanding and practical applications, providing useful insights for 

traders, risk analysts, and regulators interested in the behaviour of liquidity in 

derivatives markets. 
 

1 Introduction 

1.1 Background 

Options could be defined as financial contracts that give the holder the right to buy or sell a 

financial instrument at a specific price for a certain period of time, each option has the 

following key features: 

• Strike price: The price at which an option can be exercised. 

• Expiration date: The date at which an option expires. 

• Option premium: The price at which an option is purchased. 

• Stock price: The price of the underlying asset. 

There are two types of options, call options, that give the holder the right, but not the 

obligation, to buy the underlying asset at the strike price on or before expiration and put 

options that give the holder the right, but not the obligation, to instead sell the underlying asset 

at the strike price on or before expiration. 

 

Options markets have long suffered from reputational issues due to misuse during past crises 

however they are now recognized for their essential economic role serving as critical 

instruments in global financial systems that offer investors the ability to hedge, speculate, and 

manage risk through derivative contracts. Nowadays, there are several organized options 

markets in Europe, America, Oceania and Asia, within the United States the largest market is 

Chicago Board Options Exchange (CBOE) established in 1973, this market started a pivotal 

moment in options market development with innovations such as standardized strike prices and 
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expiration dates improved transparency, reduced costs, and increased liquidity. (Vallelado 

González, 1992) 

 

The core trading session in U.S. option markets runs from 8:30 AM to 3:00 PM, with extended 

sessions for certain products. The Options Clearing Corporation (OCC) sets daily position 

limits (number of contracts) and minimum margin requirements (up to 120% for uncovered 

writers). Regarding the market regulation, U.S. options exchanges operate under SEC oversight 

and collaborate through various National Market System (NMS) plans, designed to promote 

cross market transparency, surveillance, and standardization. One key plan is the Consolidated 

Options Reporting Plan, implemented by OPRA, which processes real-time trade and quote 

data from all 16 U.S. option exchanges, as required by Regulation NMS Rule 602. The 

Securities Industry Automation Corporation (SIAC) provides technological infrastructure for 

data processing. OPRA distributes data to professional and retail subscribers for a fee. 

(Andersen et al., 2021) 

1.2 Motivation and Research Gap 

This research is focused on the bid ask spread defined as the difference between the ask price 

and the bid price for an asset (options in this project) in the market. Bid price refers to the 

highest price a buyer is willing to pay for a security at a given time and ask price refers to the 

lowest price a seller is willing to accept for that same security. 

Bid-ask spreads represent a fundamental component of trading costs and liquidity in financial 

markets. In the context of options, spreads tend to be wider and more volatile than in other 

asset classes due to factors such as low trading volume, high implied volatility, and the 

granularity of available contracts. Understanding and forecasting spreads is crucial for 

investors, market makers, and regulators, as it directly affects execution costs, portfolio 

management, and perceived market efficiency. 

 

Despite its importance, most academic research has focused on pricing models or volatility 

estimation, while spread behavior has received relatively limited attention. In addition, existing 

approaches are mainly focused on parametric models or linear regressions, which are unable 

to capture complex non-linear interactions between key variables like moneyness, time to 

expiration, and implied volatility. Moreover, traditional pricing frameworks such as Black-

Scholes or Heston treat spreads as exogenous frictions, rather than modeling them directly. 

 

The aim of this research is to address this gap by applying machine learning and neural network 

models to predict bid-ask spreads of American options and comparing their performance with 

linear models to demonstrate how the nonlinear relationships affect predictions. 

 

1.3 Research Question  

Following the motivation outlined for this study, the key research question can be formulated 

as:  

1.4 Objectives 

• To identify and evaluate the main features that influence the bid-ask spread in American 

options. 

To what extent can machine learning models outperform traditional linear models in predicting bid-
ask spreads of American options, and which input variables contribute most to model accuracy? 
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• Analise nonlinear relationships between features such as time to expiration, moneyness and 

spread for AMZN calls, puts and AMD calls. 

• To apply and compare linear models and non-linear machine learning models for predicting 

option bid-ask spreads aiming to choose the best performing model. 

• To explore the use of explainable AI (SHAP, LIME) to interpret the predictive contribution 

of each input variable. 

1.5  Significance of the Study 

The contribution of this research to the bid-ask spread modelling literature are based on the 

introduction of machine learning techniques capable of capturing non-linear relationships that 

linear models fail to address. While previous research has explored option pricing and volatility 

estimation, few studies have focused on spread prediction using real data and modern 

algorithms. Additionally, this work incorporates interpretability tools to explain the internal 

logic of predictive models increasing transparency and explainability. By focusing real 

American options across different issuers and liquidity profiles, this study also provides 

practical insights for traders, market makers, and regulators seeking to understand or manage 

liquidity-related costs in fragmented option markets. 

1.6 Structure 

This paper is structured as follows:  

Section 2 reviews the existing literature, combining theoretical perspectives on option pricing 

and bid-ask spread formation with recent developments in machine learning applied to 

financial prediction. 

 

Section 3 will describe the research methodology in a quantitative approach justifying each 

methodological choice. 

Section 4 describes the design specification and implementation of the machine learning and 

neural network techniques. 

 

Section 5 focuses on the implementation phase. It summarizes the final steps taken to operate 

the methodology 

 

Section 6 presents the evaluation of the models and the key findings of the study. 

 

Finally, section 7 is a brief reiteration of the initial research questions and summary of the main 

contributions of the project. 

 

2 Related Work 
 

This section explores the evolution of bid-ask spread modeling, from traditional 

microstructure-based theories to modern machine learning approaches that aim to predict or 

explain spreads using high-dimensional market data.  

2.1 Classical Theories of Option Pricing  

 

The Black Scholes model was the first solution for the price of European options, the model 

works under several assumptions, such as frictionless markets or constant volatility. Although 

this model is a standard reference, it failed to account empirical phenomena and the model's 

assumptions become unrealistic in real markets.(Black and Scholes, 1973) 
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In response to the limitations of the Black-Scholes model, particularly its inability to capture 

abrupt movements in the underlying asset price, Merton incorporated jump diffusion, 

allowing for sudden price changes representing an intermediate step between classical and 

more empirical flexible approaches (Merton, 1976) (Bates, 1995). 

 

Later, Heston proposed a stochastic volatility model that captures patterns like volatility skew 

but still assumes no transaction costs or market frictions (Andersen, 2007) (Heston Model: 

Meaning, Overview, Methodology). 

 

Empirical studies by Christensen and Prabhala offers strong empirical support for the 
hypothesis that implied volatility provides an efficient and unbiased estimate of future 
realized volatility (RV), reinforcing its value as a predictive input for econometric and ML 

models (Christensen and Prabhala, 1998). 

 

Other research explores how IV functions vary systematically with moneyness and time to 

expiry, showing patterns such as volatility smiles (Dumas, Fleming and Whaley, 1996). 

Bollen and Whaley attribute this behavior to order imbalances and constrained arbitrage, 

directly linking IV to liquidity and market microstructure. (Bollen and Whaley, 2002). 

Microstructure models explain spreads as responses to information asymmetry and trading 

dynamics, Glosten and Milgrom show that even in a frictionless market, spreads arise as 

compensation for trading with informed agents. (Glosten and Milgrom, 1985) Then, Easley 

and O’Hara introduced trade size as an informational signal into spread formation, 

emphasizing the role of trade aggressiveness (Easley and O’Hara, 1987). This contrasts with 

Glosten & Milgrom (1985), who treat trades as uniform in size. 

Finally, De Fontnouvelle, Fishe and Harris demonstrate that inter exchange competition 

significantly narrows option spreads, highlighting how market structure shapes trading costs 

(de Fontnouvelle, Fishe and Harris, 2002). 
 

While classical and microstructure models provide theoretical insights, they fall short in 

capturing the nonlinear, data-rich dynamics of modern markets. This gap is where machine 

learning offers substantial promise. 

2.2 Machine Learning in Option Pricing and Bid Ask Spread Prediction 

Hutchinson, Lo and Poggio introduced one of the earliest formal applications of neural 

networks to the pricing and hedging of derivative securities using market data and avoiding 

strong theoretical assumptions. However, there are some challenges to address, such as 

sensitivity to input selection, data requirements, and lack of model interpretability 

(Hutchinson, Lo and Poggio, 1994). Following the work of Hutchinson, Lo and Poggio, Gan 

and Liun introduced a significant improvement using Residual Neural Networks (ResNet) to 

overcome gradient vanishing and improve model generalization (Gan and Liu, 2024). 

Culkin and Das extend this perspective by training deep feedforward networks to learn the 

Black-Scholes pricing function from simulated data showing that modern deep learning 

architectures can approximate complex pricing functions with high precision, and that such 

models can potentially replicate the behavior of professional traders (Culkin and Das, no 

date). 
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Codruț-Florin made a comparative of several machine learning algorithms applied to the 

pricing of European options and found that tree-based models like XGBoost consistently 

outperform both traditional models and shallow neural networks in pricing accuracy (Ivașcu, 

2021). 
 
In the first paper reviewed, Sirignano and Cont applied deep learning to millions of equity 

order book observations, revealing the potential of neural networks to model market 

microstructure. (Sirignano and Cont, 2018). 

 

Similarly, Liou, Liu, and Cheng (2023) employed CNNs, LSTMs, and GRUs to predict 

spreads in high-frequency pairs trading, effectively capturing both structural and temporal 

dependencies (Liou, Liu and Cheng, 2024). In a complementary line, Avellaneda and 

Stoikov developed a high-frequency trading model that links order book dynamics to spread 

formation via utility-based control, emphasizing the strategic role of liquidity provision 

(Avellaneda and Stoikov, 2008). 

 

Recent innovations have also introduced physics-inspired architectures, Hainaut and Casas 

employ Physics-Informed Neural Networks (PINNs) to solve the Heston model for option 

pricing allowing for efficient pricing under stochastic volatility without repeated 

recalibration. (Hainaut and Casas, 2024). 

 

Finally, John Hull’s (2022) offers a comprehensive overview of how ML techniques are 

applied to real-world financial problems, including pricing, liquidity, and spread forecasting, 

reinforcing the idea that ML can detect market signals often missed by classical models 

(Hull, J. (2022). Machine Learning in Business and Finance. Wiley., no date). 
 

Collectively, these works demonstrate the progression from rigid theoretical structures to 

flexible, data-driven ML methods, which are better suited for modeling the nonlinearities and 

frictions inherent in bid-ask spread behavior. 

 

3 Research Methodology 
 

This section outlines the process followed in the research, detailing the data sources, 

preprocessing steps, feature selection, modeling techniques, and evaluation metrics used to 

address the research question.  

 

Fig. 1: Research Methodology 

 
Source: (Gunay, 2024) 
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It is divided into five steps shown in Fig 1: 

1. Data Collection: The data used in this study consists of American-style option quotes for 

the underlying assets AMZN and AMD, collected using the Yahoo Finance API. There are two 

datasets used in this study that include call and put options. The first dataset contains 13,028 

rows of AMZN option data (calls and puts) collected over seven consecutive market days (from 

June 4, 2025, to June 12, 2025.) and combined into a single dataset after retrieving the data for 

each individual day. The second dataset contains 1,843 rows of AMD option data collected 

from one single market day (June 16, 2025). Each dataset contains the following features: bid, 

ask, strike, lastPrice, volume, impliedVolatility, openInterest, and expirationDate. 

 

2. Data Preprocessing and transformation: After loading the raw data, the preprocessing 

starts defining two more variables: 

-Moneyness, defined as: 

Fig 2: Moneyness formula for calls 

 
Where “S” is the underlying stock price and “K” is the strike price. Moneyness indicates 

whether the option is in- or out-of-the-money, if Moneyness >1 the option is in-the-money 

and if Moneyness<1 the option is out-the-money. 

 

This definition change for puts where it is defined as follows: 

Fig 3: Moneyness formula for puts 

 
Where S is the underlying stock price and K is the strike price. Like for calls, Moneyness >1 

the option is in-the-money and Moneyness<1 the option is out-the-money. 

 

-Relative Bid-Ask Spread: This unitless measure represents the percentage difference 

between ask and bid prices, normalized by the mid-price.  

Fig 4: Relative Bid-Ask Spread formula 

 
• Tight spreads (0.2%–2%) indicate high liquidity. 

• Wide spreads (5%–15%) suggest poor liquidity or high uncertainty. 

 

Then, missing values and outliers such as contracts with bid = 0, volume = 0, or anomalous 

spreads were removed. Finally, to conclude the preprocessing a few plots, the correlation 

matrix and descriptive statistics were performed to improve the understanding of the dataset. 

 

 4. Modeling and Tuning: This step involves dividing the dataset between features and 

target, define the train and test dataset, model training and testing and tuning. 

In this project, we selected relative bid-ask spread as target feature, we used 80% of the data 

for training and 20% for testing the models and the following models were implemented and 

compared: 

• Baseline linear model: linear/logistic regression, Ridge or Lasso as an instance of linear 

model performance. 
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• Machine Learning models: CatBoost, Random Forest, Gradient Boosting, 

HistGradienBoosting, XGBoost, KNN Regressor, Decision Tree and Support Vector 

Regressor. 

• Neural network: MLP and CNN 

 

Regarding tuning, hyperparameters were tuned using cross-validation for all models 

optimizing them using Bayesian optimization or Grid search between others. 

 

 5. Evaluation Metrics: Involves evaluating the performance of each model predicting the 

bis-ask spread using MAE, MSE, RMSE and R2 score. 

SHAP and LIME were applied to assess model interpretability and feature importance. 

 

 

4 Design Specification 
 

The implementation of the proposed solution is centered around the analysis and prediction of 

bid-ask spreads for AMZN and AMD options using machine learning techniques. The objective 

is to understand how features related to option characteristics, such as moneyness, time to 

expiration, and implied volatility affect market liquidity as reflected in the spread. 

The solution was implemented in Python using google colab and working with the following 

libraries: 

• Data analysis: pandas and numpy 

• Data visualization: matplotlib.pyplot, seaborn, plotly.express and matplotlib.patches 

• Machine Learning: sklearn.ensemble (Random Forest and Gradient Boosting), 

sklearn.linear_model, sklearn.svm, sklearn.neighbors, sklearn.tree, sklearn.preprocessing, 

sklearn.model_selection, sklearn.metrics, GBoost and CatBoost. 

• Deep Learning: tensorflow.keras.models, tensorflow.keras.layers, tensorflow.keras.optimizers, 

tensorflow.keras.callbacks and keras_tuner. 

• Feature importance: Shap and Lime 

• Optimization: Optuna 

4.1 Architecture and Model Development 

The modeling architecture consists of a regression-based predictive pipeline aimed at 

estimating the bid-ask spread using the features mentioned above. A typical supervised 

learning regression workflow was followed, including: 

• Feature scaling and preprocessing (if needed). 

• Model training and evaluation using a suitable algorithm (likely Random Forest, 

XGBoost, or Linear Regression—exact model to be shown during the viva). 

• Performance assessment through standard error metrics such as MAE or RMSE 

(details omitted here due to report length). 

 

Fig 2: Architecture Diagram 



8 
 

 

 
Source: Own preparation 

 

The Figure 2 shows the architecture diagram of this project: 

 

1. Data import and filtering: Raw option data is imported from Yahoo finance and filtered 

to include only the type of options analyzed dropping the observations with unrealistic 

spreads.  

2. Feature engineering: Mid-price is calculated from bid and ask prices, relative spread is 

computed and used as the prediction target, moneyness is derived from the stock and strike 

prices and a binary feature (inTheMoney_dummy) is created for ITM classification. 

3. Exploratory analysis: The last step of data preprocessing is based on analyse the 

correlation heatmaps and scatterplots are generated to examine the influence of features like 

moneyness, implied volatility, and days to expiration on spreads. 

4. Model training: Linear , ML models (such as CatBoost, XGBoost, Random Forest, etc) or 

Neural Networks is trained using selected features with around 80% of the dataset. 

5. Prediction and evaluation: The model makes predictions for the spread and is evaluated 

using MAE, MSE, RMSE and R squared. Then trying to improve models results 

hyperparameter tunning is applied (if necessary) and tunned models are evaluated with the 

same metrics. 

6. Feature importance: Use feature importance plots, shap and lime to visualize the 

influence of each feature in the prediction of the model. 

7. Deployment: The final model is integrated into a reusable Python pipeline that enables 

spread prediction for new call option data. 
 

5 Implementation 

5.1 Data preprocessing 

Using yahoo finance, we obtain 7 days AMZN option data for various strike prices and 

expiration dates from June 4, 2025, to June 12, 2025, and 1 day AMD option data from June 

16, 2025. Each dataset contains the following features:  

Variable Description 

Days to expiration (DTE) Time in days until the option expires 

Stock price Price of the underlying asset  

Strike price The fixed price at which the holder of the option can buy (call) or sell 

(put) the underlying asset 

Last traded price The most recent transaction price of the option 

Bid price The highest price a buyer is willing to pay 
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Ask price The lowest price a seller is willing to accept 

Implied volatility Market expectation of future volatility, typically derived from the Black-

Scholes model 

Volume Number of option contracts traded on a given day.  

Open interest Number of outstanding option contracts that have not been settled.  

In-the-money dummy Binary variable: 1 if the option is in-the-money (stock price > strike 

price), 0 otherwise 

 

In addition to the previous features, we create: 

• Moneyness: Defined as: 

                   
Where S is the underlying stock price and K is the strike price. If Moneyness>1: In-the-money 

(ITM) and Moneyness<1: Out-of-the-money (OTM) 

• Relative Bid-Ask Spread: Defined as: 

 
This unitless measure represents the percentage difference between ask and bid prices, 

normalized by the mid-price. It is a common liquidity indicator in academic literature. 

5.2 AMZN calls implementation 

5.2.1 Data cleaning and understanding 

After loading the data and create the new features, we start the data cleaning where we convert 

days to expiration, volume, open interest and implied volatility to numeric and in the money 

dummy to binary, additionally, we remove entries with null values for key fields and negative 

or zero spreads. We also drop put values to focus the analysis on calls. 

 

Then, to achieve a better understanding of the data we calculate descriptive statistics, the 

correlation matrix and a few plots analysing the relationship between implied volatility, days 

to expiration and moneyness: 

 

Fig 3: Descriptive statistics and correlation matrix 
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-Spread statistics show an average transaction cost (14.7) and heavy skew: most options are 

tight spread, a few very wide (median 2.1%).  

-From the correlation matrix we conclude that Volume, Open Interest and Implied Volatility 

correlation with spread is virtually zero and the feature with the highest correlation with 

spread is in the money dummy (0.31) followed by moneynesss (0.25) and days to expiration 

(0.25), this confirms that spread behavior is complex and not well captured by linear 

correlations alone. 

Fig 4: Bid-Ask Spread Visualized Across Moneyness and days to expiration 

 
The key finding of the previous plot are:  

•Spread explosions for deep OTM short-dated calls: 

The largest red bubbles in the lower-left quadrant (moneyness < 1, low DTE) indicate deep 

out-of-the-money options with near-term expiry. These are illiquid, rarely traded, and seen as 

high-risk, leading to very wide spreads to offset hedging and pricing uncertainty. 

•Tight spreads around ATM and medium-term options: 

Small blue points near moneyness ≈ 1 and DTE between 50–300 days represent actively traded 

ATM options. These contracts exhibit tight spreads due to strong liquidity and market maker 

quoting activity. 

•Widened spreads for long-dated or extreme moneyness: 

Options with extreme moneyness or very long expiration display moderate-to-wide spreads, 

caused by greater uncertainty, low trading frequency, and limited quoting interest. 

 

This shows a clear relationship between short days to expiration, low moneyness and bigger 

spreads that we must take into account when predicting the spread. 
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5.2.2 Modelling  

Once we have cleaned the data and improve our understanding of options data, we estimated 

an OLS regression to see the performance of traditional models with the option relative bid-

ask spread prediction using six explanatory variables: moneyness, days to expiration, implied 

volatility, volume, open interest, and a dummy variable for whether the option is in the money. 

Fig 5: Linear Regression AMZN calls 

 
 

Figure 6 shows: 

•R-squared = 0.185: The model explains 18.5% of the variance in the spread. These modest 

results show that the linear regression captures some relationships in the data but leaves 

substantial variability unexplained. 

•F-statistic = 256.8, p < 0.0001: The overall model is highly statistically significant, 

indicating that the independent variables jointly explain a non-negligible portion of the 

variation in the spread. 

•Implied volatility and ITM status are the strongest predictors of the bid-ask spread in this 

model while moneyness and open interest also play meaningful roles. In contrast Days to 

expiration (highly relevant according to correlation matrix and plots) has a coeficient near to 

zero that make us thing on a nonlinear relationship not captured by the model. 

 

The linear model provides important economic insights, but its performance is limited by 

linearity and distributional assumptions. It's a strong benchmark and interpretability 

reference, but for prediction-focused tasks (e.g., in trading systems), machine learning 

models may offer superior fit and generalization. 

 

Based on that, trying to improve linear results we transition to machine learning models 

getting the following results: 

Fig 6: ML models results 
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CatBoost stands out as the top-performing model achieving the lowest MAE (0.0271), 

lowest MSE (0.0080), lowest RMSE (0.0897) and with the highest R² score at 0.9568, 

meaning it explains over 95.7% of the variance in the relative spread. 

HistGradientBoosting, Random Forest and XGBoost also get high results close to 

CatBoost being capable of capturing nonlinear relationships, feature interactions, and 

complex structures often present in option market microstructure. 

 

Linear models (Linear Regression, Ridge and Lasso) perform poorly because market 

microstructure effects are nonlinear and the interactions matter, this is shown in the 

importance of days to expiration that is not reflected in linear regression. The effect of 

moneyness may depend on days to expiration or implied volatility as we saw in the previous 

plots. 

 

The excellent performance of CatBoost, HistGradientBoosting, and XGBoost validates the 

use of advanced machine learning methods in predicting key pricing variables like the bid-

ask spread demonstrating the limitations of traditional linear approaches and support the 

integration of ML in market microstructure and risk-pricing models. 

5.2.3 Feature importance 

In this section we evaluate the importance of each feature in the best performing model to 

increase transparency and to know with features have more influence to predict the spread. 

To do it we use a bar plot, Shap and Lime. 

 

Fig 7: Feature importance CatBoost 

 
From de bar plot we conclude that the three features with higher importance are IV, Days to 

expiration and moneyness. It is also essential to perform SHAP values to explain the impact 

of each feature on individual predictions, offering a granular and model-agnostic explanation. 
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Fig 8: Shap CatBoost 

 
Shap shows that Higher IV increases the predicted spread (SHAP ≈ +0.12), ITM options 

significantly reduce the spread (SHAP ≈ -0.09) based on ITM dummy and moneyness and 

Long-dated options have wider spreads (SHAP ≈ -0.07). 

 

 

Fig 9: Lime CatBoost 

 
Finally, lime highlights the same three features as most relevant. The CatBoost model 

predicts a negative spread of -0.24 driven by its significantly out-of-the-money status 

(Moneyness: -0.92), which is the most impactful factor pushing towards a negative spread, 

lower implied volatility (-0.49) and fewer days to expiration (-0.50). 

 

The LIME explanation effectively shows that for this specific instance, a combination of 

these factors, especially its deep out-of-the-money status, leads to the predicted negative 

spread. The blue color in the final predicted value bar visually confirms the "negative" 

outcome of the spread. 

5.2.4 Hyperparameter tuning 

After the implementation of the previous machine learning models, we try to improve their 

results by applying hyperparameter tuning using Grid or Bayesian, the results are the 

following: 

Fig 10: Hyperparameter tuning metrix 
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Fig 10 shows a comparation of all models before and after tuning, as we see all models 

improve their results except CatBoost that remains the best model without tunning, it is 

important to highlight the high increase of XGBoost after tunning that improve its results 

from 0.941 to 0.947 being the second best model. 

5.2.5 Neural Networks 

To complete the modelling we decided to implement two neural networks, Multi-Layer 

Perceptron (MLP) and Convolutional Neural Network (CNN) with the following results: 

 

Fig 11: All models classification 

 
Both MLP and CNN got high results with an R2 Score of 0.92 and 0.915 respectively, 

although these results show a great model performance they don’t improve most of the 

machine learning models. 

 

The last step is to apply tuning to NN trying to improve their results and improve ML models 

 

Fig 12: Neural Networks after tuning 

 
Fig 12 shows the results of MLP (1st image) and CNN (2nd image) after tuning, as we see 

only CNN improve its results but still not getting the level of ML models such as CatBoost or 

XGBoost. 

5.3 AMZN puts implementation 

In the second part, to extend the analysis we see the puts behaviour using the same dataset. 

5.3.1 Data cleaning and understanding 

We did the same as for the calls selecting puts only with the difference of changing the 

moneyness definition as follows: 
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where S is the underlying stock price and K is the strike price. If Moneyness>1the option is 

in-the-money (ITM) and if Moneyness<1 the option is out-of-the-money (OTM). 

 

Then we did the correlation matrix where we see a similar behaviour with the difference of a 

notable increase of implied volatility correlation with spread. This can be explained because 

for puts, higher implied volatility reflects more uncertainty and risk, leading market makers 

to widen spreads aligning with market microstructure theory (risk compensation). 

Fig 13: Correlation matrix AMZN puts 

 
The days to expiration vs moneyness vs spread plot (Fig 16) shows again that there is an 

extreme spread concentration for deep OTM Puts with bigger spreads located in the bottom 

left-hand corner.  

 

Fig 14: Bid-Ask Spread Visualized Across Moneyness and days to expiration 

 

5.3.2 Modelling  

We used the same combination of linear, machine learning and Neural Networks models that 

for calls and then applied hyperparameter tuning getting the following results: 

Fig 15: Models results classification for AMZN puts 
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Although the linear model performs notably better for puts (R² ≈ 0.38) than for calls (R² ≈ 

0.18), the results still indicate a relatively weak explanatory power that suggests that the 

model is not capturing nonlinear relationships that other nonlinear models.  

 

From ML models, like in call options, CatBoost is the best model with a MAE of 0.043, a 

MSE of 0.018, a RMSE of 0.135 and a R2 of 0.92 followed by the Random Forest with 0.91 

of R2.  

The results are lower for puts because they are harder to predict due to: 

• Higher skewness in moneyness. 

• Wider distribution of spreads, especially for DOTM puts. 

• Lower average open interest and volume. 
 

After hyperparameter tuning almost all the machine learning models improved 

and CatBoost improve its results being the best model like for AMZN Calls. 

 

Regarding Neural Networks MLP and CNN were applied and like for AMZN call options, 

both MLP and CNN improve the results of linear models but achieve lower results that 

machine learning models such as CatBoost (0.92) or XGBoost (0.918). 

5.3.3 Feature importance 

We evaluate the importance of each feature in the best performing model (CatBoost) to 

increase transparency and to know with features have more influence to predict the spread. 

To do it we use a bar plot, Shap and Lime. 

Fig 16: Feature importance, SHAP and LIME CatBoost 
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Type Calls Puts 

Feature importance IV> DTE > moneyness IV> moneyness > DTE 

SHAP IV increases spread,  ITM 

dummy and moneyness 

reduce it 

IV and moneyness both 

increase spread, DTE effects 

are mixed 

LIME Split a low moneyness and 

low volume: wide spread 

High moneyness and high 

IV: wide spread, DTE and 

OI help reduce it 

 

5.4 AMD calls implementation 

To conclude, we analyse if there is a patron in common with other companies, we perform 

the analysis to AMD one day Call options from 16 of June of 2025. 

For this analysis we used again yahoo finance to obtain AMD option data for various strike 

prices and expiration dates from June 16, 2025with the same features of the AMZN dataset 

used previously. 

5.4.1 Data cleaning and understanding 

For data cleaning we did the same as for AMZN calls starting with the correlation matrix: 

Fig 17: Correlation matrix AMD calls 

 
• For AMD, Open Interest and Implied Volatility have higher correlation with spread than 

AMZN (where is virtually zero) 

• The feature with the highest correlation with spread is in the money dummy (0.21) 

followed by moneynesss (0.19) and days to expiration (0.18) 

The correlation matrix for AMD shows a few differences with the AMZN one but the 

features with higher correlation with spread remain the same. 

 

Then, in the days to expiration vs moneyness vs spread plot we see the same relationship 

between these three features for AMD and AMZN. Larger spreads are located in the bottom 

left-hand corner with shorts days to expiration and low moneyness. 
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Fig 18: Bid-Ask Spread Visualized Across Moneyness and days to expiration 

 

5.4.2 Modelling  

We apply the same models for AMD call options showing the following results: 

Fig 19: Models results classification for AMZN puts 

 
Again, the linear model performs better for AMD (R² ≈ 0.36) than for AMZN (R² ≈ 0.18), the 

results still indicate a relatively weak explanatory power. Again, it's clear that a simple linear 

framework fails to capture the complexity of option market microstructure, especially for 

deep OTM contracts and short maturities. 

 

Regarding ML models, CatBoost is the best model with even better results: MAE of 0.0112, 

an MSE of 0.0009, a RMSE of 0.0311 and a R2 of 0.9945 followed by the Random Forest 

with 0.9940 of R2. All machine learning models perform better than linear ones and improve 

their performance after tuning being CatBoost tuned the first in terms of R2 Score. 

 

Like for AMZN both Neural Networks models get high results but don't improve most of the 

machine learning models. 
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5.4.3 Feature importance 

We evaluate the importance of each feature in the best performing model (CatBoost) to 

increase transparency and to know with features have more influence to predict the spread. 

To do it we use a bar plot, Shap and Lime. 

Fig 20: Feature importance, SHAP and LIME CatBoost 

 

 
Implied Volatility is consistently the most influential feature but not always ranked first, days 

to expiration acts as a regular spread suppressor across all types and moneyness has a dual 

role: predictive importance and spread-reducing power. 

6 Evaluation 
The aim of this section is to provide a comprehensive analysis of the results and main 
findings of the study. It is divided into for subsections: Linear models, machine learning 
models, feature importance and Neural networks 

6.1 Linear models 
As we have seen, linear models do not get high results when predicting the spread for all 
AMZN calls and puts and AMD call due to: 
• Market microstructure effects are nonlinear 
• The effect of moneyness may depend on days to expiration or implied volatility as we 

saw in the previous plots. 
• Tree-based models like CatBoost and Random Forest automatically capture such 

interactions. 
• Bid-ask spreads often exhibit heavy-tailed distributions. 
• Models like CatBoost are robust to outliers and multicollinearity, where linear models 

often break down. 

6.2 Machine Learning models 

Fig 21: Machine Learning models results comparation 
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For the three datasets, Machine Learning models outperform the linear models, in concrete 

CatBoost got the best results for both AMD and AMZN. Hyperparameter tunning improve 

the results of almost all the models being the exception the CatBoost for AMZN call which 

normal model did no improve but got the higher results.  

 

The models achieve better results when predicting the spread of call options, specially for 

AMD due to the dataset is smaller what means a low number of outliers. 

6.3 Feature importance 
 

Data AMZN calls AMZN puts AMD calls 

Feature importance IV > DTE > moneyness IV > moneyness > DTE DTE > moneyness > IV 

SHAP High IV pushes spread up; 

High DTE and ITM status 

reduce it 

High IV and moneyness 

increase spread, DTE and 

OI reduce it 

High IV pushes spread up, 

moneyness reduces it and 

DTE and ITM dummy 

reduce it 

LIME Split at low moneyness and 

low volume: wide spread 

High moneyness and high 

IV: wide spread. DTE and 

OI help reduce it 

Implied Volatility is the 

strongest positive 

contributor, the strongest 

negative is moneyness  

 

The main conclusion we obtain about feature importance are that always the same three 

features (moneyness, days to expiration and implied volatility) are the most important for 

spread prediction. 

6.4 Neural networks  

As we have seen before, Multi-Layer Perceptron (MLP) and Convolutional Neural Network 

(CNN) get high results for both AMZN and AMD outperforming linear models but even after 

applying hyperparameter tunning they did not improve the results of most of the Machine 

Learning models. 

7 Conclusion and Future Work 

7.1 Conclusions 

The main conclusions of this project are: 
 
• Variables such as days to expiration and moneyness exhibit non-linear relationships with 

the bid-ask spread that linear models like logistic regression fail to capture showing that 
days to expiration is not statistically significant in AMD call options model and giving a 
coefficient near 0 in AMZN puts and calls models. 

• Nonlinear models (Like CatBoost or XGBoost) outperform linear ones (Logistic 
Regression) in predicting option spreads by capturing complex interactions, U-shaped 
patterns, and handling outliers effectively. 

• For machine learning models the three main features are moneyness, days to expiration 
and implied volatility being the last one the most important. 

• Hyperparameter tuning improves almost all ML models. 
• Explainability techniques like SHAP and LIME show that High IV pushes spreads up, 

high DTE and ITM status reduce spreads and the interaction between variables is 
complex and non-linear. 
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• Neural Network such as MLP and CNN improve the linear models results but fail to 
improve most of machine learning models. 

• Days to expiration, moneyness and spread maintain their relationship for AMZN puts and 
AMD calls as is shown in the plots. 

• Puts show more complex interactions between features like IV and moneyness. 

7.2 Future work 
While the current project demonstrates the feasibility of predicting bid-ask spreads for 
AMZN and AMD options using machine learning techniques, several areas for future work 
have been identified: 
 

• The current model is static and cross-sectional. Incorporating temporal features (using 
LSTM or time-aware models) would allow prediction of how spreads evolve over time, 
especially around earnings. 

 
• Extend the analysis to AMD puts or other companies to continue confirming the existence 

of a common patron when predicting spread. 
 

• Testing the model during high-volatility periods (e.g., during earnings calls, FOMC 
meetings, or geopolitical events) could validate its behavior under extreme market 
conditions. 
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