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ABSTRACT

The bachelor’s thesis compares the accuracy of a proposed dual-branch Long
Short-TermMemory (LSTM) neural network, processing 14-day historical sequences
and GARCH-derived volatility, with the classical Black-Scholes-Merton model for
pricing European call options. Empirical testing on approximately 800,000 Apple
Inc. (AAPL) option records demonstrates that the LSTM network efficiently captures
complex non-linear dependencies and market dynamics. At the first forecast step,
the model achieved a 63.8% reduction in Mean Absolute Error (MAE) compared to
the BSM-GARCH variant, while maintaining high predictive stability over a five-day
horizon.

Keywords: Option Pricing, Black-Scholes, Neural Networks, LSTM, Deep
Learning, GARCH, AAPL.

Квалiфiкацiйна робота бакалавра присвячена порiвнянню точностi запро-
понованої двогiлкової архiтектури нейронної мережi довгої короткострокової
пам’ятi (LSTM), яка обробляє 14-деннi iсторичнi послiдовностi та волатильнiсть
за моделлю GARCH, iз класичною моделлю Блека-Шоулза-Мертона для оцiню-
вання європейських опцiонiв Call. Емпiричне тестування на базi близько 800 000
записiв щодо опцiонiв Apple Inc. (AAPL) демонструє, що мережа LSTM ефе-
ктивно вловлює складнi нелiнiйнi залежностi та динамiку ринку. На першому
кроцi прогнозування запропонована модель досягла зниження середньої абсо-
лютної похибки (MAE) на 63,8% порiвняно з базовим варiантом BSM-GARCH,
зберiгаючи при цьому високу прогностичну стабiльнiсть на п’ятиденному гори-
зонтi.

Ключовi слова:оцiнюванняопцiонiв, Блек-Шоулз, нейроннiмережi, LSTM,
глибоке навчання, GARCH, AAPL.
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INTRODUCTION

Financial derivatives, especially options, are widely used for risk management
and trading strategies in modern financial markets [2]. The standard method for
pricing European options is the Black-Scholes-Merton (BSM) model [3]. Although
this model is mathematically elegant, it relies on strict assumptions like constant
volatility, which often fail when applied to real market data [4].

A clear example of these market movements can be seen in recent Nasdaq
data for Apple Inc. (AAPL). Between March 12 and March 13, 2026, the stock price
shifted from $250.12 to $251.447. This change, alongwith shifts inmarket sentiment,
caused option premiums to change across different strike prices. Standard parametric
models often fail to capture such quick, non-linear changes. However, modern
machine learning tools, such as Long Short-Term Memory (LSTM) networks, are
well-suited for these tasks because they can process historical sequences and volatility
patterns effectively [5, 4].

Based on these market complexities, the object of this research is the process of
pricing European call options in the stock market. The subject includes the analytical
formulas and machine learning models used for option valuation, focusing on the
Black-Scholes formula and LSTM neural networks. The main goal of this thesis
is to build an optimized LSTM model for option price forecasting and compare its
performance against traditional benchmarks.

To achieve this goal, the following research tasks were formulated:

1. Analyze the Black-Scholes-Merton model, its theoretical drawbacks, and ad-
vanced parametric frameworks.

2. Select and justify the optimal neural network configuration for option pricing
and prediction evaluation.

3. Choose and collect the comprehensive empirical market data required for the
investigation.

4. Develop an option pricing calculator implemented as a user-friendly analytical
web interface.

In terms of the methodological approach, this work relies on methods from
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probability theory, stochastic processes, contemporarymachine learning paradigms—specifically
backpropagation through time—and statistical analysis.

The scientific novelty of the study lies in using a dual-branch LSTM structure to
model option prices under highly variablemarket volatility. This configuration allows
for the explicit incorporation of long-term temporal dependencies and conditional
volatility features that are inherently oversimplified in classical parametric models.
From a practical standpoint, the proposed framework offers a reliable tool for asset
valuation and market risk assessment.

The theoretical and empirical findings of this research were formally validated
at two scientific conferences. The main results were presented and discussed at the
XIV All-Ukrainian Scientific Conference of Young Mathematicians (Kyiv, 2026) [1]
and the 12th International Conference on Mathematical and Statistical Methods for
Actuarial Sciences and Finance (MAF 2026). Structurally, the thesis consists of an
introduction, three main sections, conclusions, and a list of references.
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1. THEORETICAL FOUNDATIONS OF OPTION PRICING AND
NEURAL NETWORKS

1.1 Concept of Options and Mathematical Context

Financial derivatives are contracts that get their value from an underlying asset,
such as stocks, stock indices, currencies, or commodities. Among these contracts,
options are widely used because they are flexible tools for managing financial risk,
hedging, and trading.

In financial markets, we divide options into two basic types depending on the
trader’s goal:

• Call Option: A contract that gives the buyer the right to buy the underlying
asset at a set price within a specific timeframe.

• Put Option: A contract that gives the buyer the right to sell the underlying
asset at a set price within a specific timeframe.

Definition 1.1. A European call option is a financial contract that gives the holder
the right, but not the obligation, to buy an underlying asset S at a specified strike
price K strictly at the expiration time T .

Mathematically, the final value (payoff) of a European call option at expiration
T depends on the difference between the final asset price and the strike price. I can
write this condition simply as:

max(ST −K, 0), (1.1)

where ST is the price of the underlying asset at expiration.
Another core concept in option theory is put-call parity. This relationship links

the prices of European call and put options on the same asset, assuming they have
the same strike price and expiration date. At any time step t, I write this link as:

Ct − Pt = St −Ke−r(T−t), (1.2)

where Ct is the current price of the call option, Pt is the price of the put option, St is
the current price of the asset,K is the strike price, r is the constant risk-free interest
rate, and T − t is the time left until expiration in years. Any noticeable gap in this
equation creates immediate riskless profit opportunities (arbitrage) in the market.
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1.2 The Black-Scholes-Merton Model

Fischer Black and Myron Scholes introduced the classic approach to option
pricing in their famous 1973 paper [3]. Their model offers an exact formula for
option pricing by tracking how the asset price moves over time. The model assumes
a market with at least one risky asset (like a stock) and one riskless asset (like cash or
a bond). The continuous movements of the stock price follow a geometric Brownian
motion (GBM), described by this differential equation:

dSt = µStdt+ σStdWt, (1.3)

where St is the asset price at time t, µ is the constant drift parameter reflecting the
expected return, σ is the constant volatility of the asset returns, and Wt is a standard
Wiener process (Brownian motion).

1.2.1 Mathematical Formulation and Parameter Notation

The Black-Scholes-Merton framework provides a classic formula to calculate
the price of a European call option:

C = SN(d1)−Ke−rTN(d2) (1.4)

where the variables d1 and d2 act as adjustments for risk and probability, defined as:

d1 =
ln S

K + (r + 1
2σ

2)T

σ
√
T

, d2 = d1 − σ
√
T (1.5)

To understand this equation, I define its parameters in simple financial terms:

• C is the fair price of the European call option at the starting time t = 0.

• S is the current price of the underlying asset.

• K is the strike price where the option holder can choose to buy the asset at
expiration.

• r is the annualized risk-free interest rate used to discount future cash values.

• T is the time left until expiration, measured as a fraction of a year.
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• σ is the asset volatility, which measures how much and how fast the asset price
fluctuates.

• N(·) is the cumulative distribution function of a standard normal distribution.
Financially, N(d2) shows the probability that the option will expire in-the-
money (ST > K) so the holder will execute it. Meanwhile, SN(d1) represents
the expected value of the asset position using a delta-hedging strategy.

1.2.2 Asset-Specific Hypotheses

TheBlack-Scholes formula relies on several strict assumptions about how assets
behave. First, it assumes that the risk-free interest rate is completely stable and stays
the same over time. Second, the stock pricemust follow a smooth geometric Brownian
motion with constant drift and constant volatility. If volatility changes over time, the
formula needs modifications, but the volatility still cannot be random. Finally, the
model assumes that the stock pays no dividends during the life of the option.

1.2.3 Market Mechanism Hypotheses

The model also assumes an ideal trading environment. It requires that the
market is perfectly efficient with no arbitrage opportunities, meaning traders cannot
make free riskless profits. Traders must also have the ability to borrow and lend any
amount of cash at the risk-free rate, and buy or sell any amount of stock (including
short selling), even in fractions. Furthermore, tradingmust be completely frictionless,
meaning there are no transaction fees, taxes, or broker costs. Finally, trading must
happen continuously without any pauses. Under these ideal conditions, traders can
maintain a perfectly hedged portfolio that removes all risk, which leads directly to
the Black-Scholes formula.

1.2.4 The Volatility Smile and Distributional Mismatch

When we compare these assumptions with real market data, we see clear
mismatches. This makes the classic formula less reliable in the real world. The
biggest problem is assuming that volatility is constant. In reality, market volatility
changes all the time and tends to cluster together (high-volatility days follow other
high-volatility days). Because the formula forces a single constant volatility σ on
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all contracts, it fails to capture real return behaviors. When we try to match the
model with real market prices, it creates a pattern called the "volatility smile" or
"volatility skew" [6]. This pattern proves that constant volatility does not hold true
across different strikes and maturities.

1.2.5 Replication Failure and Market Frictions

The assumption of continuous trading with zero costs is another major limita-
tion. Real trading happens at specific times, and adjusting a portfolio always costs
money due to fees, taxes, and spreads. Trying to adjust a portfolio continuously as the
model suggests would create infinite transaction costs, which would quickly wipe out
any theoretical profits. Therefore, traders adjust their positions at discrete intervals,
which introduces tracking errors and financial risks that the formula cannot measure.

1.2.6 Liquidity Constraints and Discrete Asset Jumps

Finally, real stock prices do not move as smoothly as geometric Brownian
motion suggests. Real assets experience sudden price jumps, trading gaps, and
periods of low liquidity, especially during market crises or major news releases.
Since the classic formula assumes perfectly smooth price lines, it cannot handle
sudden price gaps. This limitation causes the model to underestimate the value of
deep out-of-the-money options, where real-world tail risks are much higher than a
smooth distribution predicts. These persistent issues highlight whywe need advanced
econometric tools or flexible, data-driven methods like Long Short-Term Memory
(LSTM) neural networks.

1.3 Advanced Pricing Approaches and Neural Network Evolution

Since recent market events have challenged the core assumptions of the Black-
Scholes model, quantitative finance has moved toward more advanced methods.
Modern financial data clearly shows heavy tails, changing volatility, and low liquidity.
As a result, researchers have developed newer analytical and data-driven approaches.
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1.3.1 Parametric Modifications and Subdiffusion Frameworks

To fix the limits of geometric Brownian motion, researchers introduced several
modifications. One path uses Fractional Brownian Motion, complex models like the
Heston architecture, or autoregressive setups like GARCH. Researchers also used
"fractal activity clock" setups to include memory patterns in returns [7]. Another
approach uses subdiffusion models, which work well for pricing options in illiquid or
changing markets. In these setups, option values are calculated using intense Monte
Carlo simulations [8, 9] or by solving fractional differential equations, like the fractal
Dupire equation [10, 11].

While these advanced models match real market features better, they bring
heavy computational problems. They rarely have simple closed-form solutions,
making them slow to run, requiring heavy manual tuning, and making them too slow
for real-time risk management.

1.3.2 Non-Parametric Data-Driven Alternatives

Instead of using rigid mathematical rules, my research focuses on artificial
neural networks as a flexible, data-driven alternative. Machine learning models can
learn complex, non-linear relationships directly from historical market data without
needing predefined assumptions about asset behavior.

Hutchinson, Lo, and Poggio [12] pioneered this direction by showing that sim-
ple networks could easily reconstruct option pricing surfaces and perform successful
delta-hedging. Over the decades, these systems grew much more advanced. As Ruf
and Wang [4] noted in their literature review, neural networks have evolved from
basic feedforward structures into complex recurrent and deep networks capable of
joint pricing and calibration.

Recent studies, like those by Amornwattana et al. [13] and Zhang et al. [14],
show that hybrid network architectures which combine econometric models like
GARCH with deep multi-input systems capture market changes with excellent accu-
racy, heavily outperforming traditional models in complex volatility environments.
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2. DATA ACQUISITION AND PREPROCESSING PIPELINE

The predictive power and generalization capabilities of deep learning models
in derivative pricing depend heavily on the quality, continuity, and structure of the
training data. Unlike classic parametric models that only require market inputs from
a single moment, recurrent neural networks require continuous historical sequences
to learn hidden market dynamics. This section describes the multi-stage pipeline
developed for data harvesting, professional API integration, volatility modeling, and
feature preprocessing.

2.1 Data Sources and Descriptive Statistics

The baseline historical options data for Apple Inc. (AAPL) were primarily
sourced from the OptionsDX platform. This dataset covers a dense observation
period from September 1, 2020, through December 29, 2023, while the expiration
dates for the included option contracts span from September 4, 2020, to January 16,
2026. This long timeframe provides a rich variety of market conditions, including
low-volatility growth periods and high-volatility market drops.

To check the quantitative traits of the data before filtering, a basic exploratory
data analysis (EDA) was performed. The statistical properties of the key financial
fields in the raw dataset are documented in Table 2.1.

Table 2.1: Summary statistics of key fields for AAPL European Call options

Field Minimum Maximum Mean Volatility
Underlying Asset Price (St, $) 106.50 198.14 151.23 22.39
Maturity Horizon (T − t, days) 0.00 1059.00 207.32 236.05
Call Option Premium (Ct, $) 0.00 155.40 27.42 33.41
Strike Price (K, $) 18.75 320.00 145.93 64.32

Furthermore, the internal structural composition of the aggregated option
dataset was examined across different moneyness states. As illustrated in Figure 2.1,
the dataset provides a comprehensive representation of option regimes.

Specifically, In-the-Money (ITM) options form the largest segment, accounting
for 53.5% (414,205 observations) of the matrix. Out-of-the-Money (OTM) options
represent 44.3% (342,677 observations), while At-the-Money (ATM) options com-
prise a smaller but highly critical subset of 2.2% (17,247 observations). This com-
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Figure 2.1: Distribution of the consolidated AAPL European Call options dataset by
moneyness regimes (ITM, ATM, and OTM).

prehensive coverage ensures that the neural network encounters sufficient training
examples to approximate the non-linear option pricing surface across all structural
risk boundaries.

An analysis of this historical distribution also revealed that major corporate
events—especially large stock splits—and sharp macroeconomic shifts in early 2023
created structural breaks in the pricing data. Specifically, the relationship between
the stock price and option premiums showed unusual anomalies. Leaving these
uncorrected would introduce a heavy bias into the neural network’s loss function. To
keep the model accurate and relevant, the data architecture was engineered to focus
on a dynamic post-2023 framework.

2.2 Automated Data Collection and API Integration

To keep the data fresh and capture market shifts in real time, an automated
collection pipeline was engineered. This sub-system utilizes the yfinance library
to pull daily end-of-day snapshots of the full Apple Inc. options chain directly from
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the Nasdaq exchange. This script ensures a steady flow of current market views to
expand the historical core.

Since the historical options records from the OptionsDX platform terminate
on December 29, 2023, a decision was made to obtain fresh, up-to-date market
data through daily parsing via a professional API integration. To achieve superior
historical depth, backtest multi-step horizons, and fill potential gaps in the 2025
trading intervals, high-frequency options snapshots were collected from the Massive
platform (formerly Polygon.io) using the specialized RESTClient library. This setup
allowed the retrieval of raw, uncompressed market states at the exact moment of trade
execution. The basic initialization script for the developed API layer is shown below:

from polygon import RESTClient

client = RESTClient(api_key="YOUR_API_KEY")

Combining these collection streams yielded a large master dataset with about
800,000 unique European Call option rows. This dataset covers a wide range of
moneyness levels, including deep In-the-Money (ITM), At-the-Money (ATM), and
deep Out-of-the-Money (OTM) contracts. For each observation, a vector of core
financial metrics was mapped: the current stock spot price (St), the contract strike
price (K), the exact time left to expiration (T−t), the bid-ask spreadmargins with the
last trade price, and the annualized risk-free interest rate (r) taken from US Treasury
yield curves.

Figure 2.2: Distribution and boxplot comparison of the underlying asset price (St)
between the historical OptionsDX dataset and the freshly collected Nasdaq API data.
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Figure 2.3: Distribution and boxplot comparison of contract strike prices (K) demon-
strating the expanded strike boundaries in the active Nasdaq data stream.

To analyze the structural shifts introduced by combining these data sources,
an exploratory statistical comparison was conducted. As visualized in Figure 2.2,
a clear structural jump is observed in the underlying asset price distribution. The
historical OptionsDX data is heavily concentrated within the lower $100 to $200
range, whereas the newly parsed Nasdaq API stream reflects a significantly higher
price regime, clustering tightly between $245 and $280.

Similarly, Figure 2.3 illustrates the distributional differences in the contract
strike prices (K) across the two subsets. While the historical OptionsDX baseline
mostly contains lower strike prices skewed towards the $100–$200 zone, the active
Nasdaq stream expands into significantly higher strike regimes, reaching up to $550.
This expansion was necessary to accommodate the massive long-term appreciation
of the underlying equity and ensure that the neural network learns to generalize across
expanded financial scales without introducing target distortion.

2.3 Modeling of Volatility Dynamics

A primary vulnerability of traditional pricing models is their reliance on con-
stant or simple volatility values. Real financial markets exhibit volatility clustering,
where large price shocks follow large shocks, and small changes follow small changes.
To capture this behavior and give the neural network a better measure of risk, a Gen-
eralized Autoregressive Conditional Heteroskedasticity (GARCH) model was added
to the feature engineering steps.
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The return changes and conditional variance of the stock are modeled using
a standard GARCH(1, 1) framework, which follows these equations: rt = µ +

εt, εt = σtzt, zt ∼ N (0, 1) σ2
t = ω+αε2t−1+βσ2

t−1 where rt is the log return of
the stock price at time step t, µ is the average return, and εt is the random shock term
scaled by the conditional standard deviation σt. The variance equation uses three key
parameters: the baseline constant variance ω, the ARCH coefficient α (how fast the
model reacts to recent shocks), and the GARCH coefficient β (how long volatility
shocks persist over time).

Empirical tests confirm that a GARCH(1, 1) setup is sufficient for financial
stock returns. It captures volatility clusters well without the risk of overfitting
that comes with more complex parameters. This conditional volatility metric σt is
dynamically generated for each sequence and passed straight into the input layer of
the recurrent neural network. This allows the architecture to map the links between
shifting volatility and option premiums. Also, instead of training the network on raw
nominal prices, the pipeline converts asset values into a continuous moneyness ratio
(St/K). This abstraction decouples the network weights from absolute price scales,
preventing overfitting and helping the model generalize better across different price
levels.

2.4 Data Preprocessing, Cleaning, and Filtering

Before training the network, the raw data was cleaned and filtered. This step
removes market noise and ensures that the historical sequences are consistent.

2.4.1 Liquidity Constraints and Microstructural Filtering

Options chains often contain inactive or illiquid rows, especially for strike
prices far from the current stock price. To remove these uninformative points, an
automated liquidity filter was used. Option records with a last trade price (Clast) of
$0.10 or less, or those with zero trading volume, were deleted from the dataset. This
step prevents tiny price fractions from disrupting the training process, helping the
model learn faster and more stably.
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2.4.2 Temporal Alignment and Sequential Grouping

To create the sequential inputs for the network, quote timestamps and contract
expiration dates were matched. This alignment allowed the calculation of the exact
Days to Expiration (DTE) and the removal of rows with zero or negative time left.

Next, the data was split into separate sequences, sorted by date and grouped
by strike price (K) and expiration date (T ). For the model to process these segments
smoothly, we required each contract group to have at least 19 consecutive daily rows.
This number matches the sum of the 14-day look-back window and the 5-day forecast
horizon. To keep the training stable, only contract groups with 50 or more continuous
historical days were kept.

2.4.3 Feature Scaling and Normalization

The final step in the data pipeline scales the inputs. Neural networks are highly
sensitive to the scale of input features. To ensure stable calculations, all features
were mapped into a (0, 1) range using a MinMaxScaler. This prevents large values,
such as the absolute Apple stock price, from overshadowing smaller features during
training. The transformation applied to each feature component x is written as:

xnorm =
x− xmin

xmax − xmin
(2.1)

where xmin and xmax are the minimum and maximum values of the feature in the
training set. This scaling ensures that all inputs contribute fairly to the network
updates.
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3. ADVANCED LSTM ARCHITECTURE AND FINAL RESULTS

To evaluate data-driven option pricing in practice, a transition from standard
sequential neural networks to an optimized multi-input topology was executed. Fi-
nancial time series contain completely different types of data: historical non-linear
price trajectories, autoregressive volatility parameters, and fixed future contract con-
straints. To combine these features, a multi-horizon neural network was constructed
utilizing the Keras Functional API. This setup tracks historical sequences and future
dependencies inside a single execution graph.

3.1 Multi-Input LSTM Architecture and Network Topology

It should be emphasized that the final configuration of the proposed neural
network represents the culmination of a highly iterative development process. The
optimization lifecycle involved benchmarking several intermediate setups, including
baseline feedforward networks and single-input sequential models. While a deep
analysis of those early training runs falls outside the scope of this work, their em-
pirical feedback helped isolate the optimal network components. Ultimately, the
final consolidated architecture was engineered as a dual-branch system with two
independent input tracks that merge just before the final output layer. This configu-
ration keeps the network flexible while keeping it strictly tied to the actual contract
expiration limits.

3.1.1 Temporal Input Layer and Feature Set

The primary branch of the architecture is designed to ingest a historical se-
quence matrix. If w is the length of the rolling look-back window, the main temporal
sequence is formally defined as:

Xt = {xt−w+1, . . . , xt}, xt ∈ Rd, (3.1)

where the historical window size is set to exactly fourteen trading days (w = 14).
The parameter d = 5 is the number of features inside each time step.

The engineered feature set includes five metrics: the historical option price
series (Ct), the time left to maturity in years (τt), and the moneyness ratio (St/Kt),
which maps the stock price against the strike price to capture the non-linear shape of
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option payoffs. Additionally, the feature set integrates the conditional volatility (σt)
calculated from the GARCH(1,1) model, and a normalized time encoding feature
that rescales the timeline inside each sliding window between 0 and 1 to stabilize the
recurrent pattern recognition.

3.1.2 Recurrent Encoding Layer

To track temporal dependencies, volatility clustering, and short-term momen-
tum from the sequenceXt, thematrix is passed directly to a Long Short-TermMemory
(LSTM) layer configured with 32 hidden units. The hidden state transformation is
written as:

ht = LSTM(Xt), ht ∈ R32. (3.2)

Since recurrent models easily overfit on noisy financial data, a regularization layer
was applied right after the LSTM block. A Dropout layer with a 0.3 rate drops
random weights during training, creating the regularized state vector h̃t:

h̃t = Dropout(ht). (3.3)

3.1.3 Contextual Branch and Multi-Horizon Output

Simultaneously, the secondary branch of the architecture processes a future-
oriented vector containing the exact expiration paths across the forecast horizon.
This conditioning sequence is a vector of normalized time values for the nextH = 5

trading days:
D = (τt+1, τt+2, . . . , τt+5). (3.4)

The vector D is flattened and routed to a concatenation layer, where it merges with
the regularized historical hidden state vector h̃t. This step builds a combined feature
matrix with a size of 32 + 5 = 37:

Xcombined = [h̃t ∥ D]. (3.5)

This structure forces the network to calculate the time decay (Theta) for each indi-
vidual prediction step. Finally, the combined vector Xcombined goes through a fully
connected dense layer with a linear activation to output the final multi-step price
forecast:

Ĉ = (Ĉt+1, Ĉt+2, . . . , Ĉt+5), (3.6)
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where Ĉt+i is the predicted call option price at the future step t+ i.

3.2 Model Training and Convergence Dynamics

The network parameters were optimized by minimizing the Mean Squared
Error (MSE) loss function across all forecast steps at the same time:

L =
1

H

H∑
i=1

(Ct+i − Ĉt+i)
2, (3.7)

where Ct+i is the actual market price of the option contract at step t+ i. The training
routine utilized the Adam optimizer, which updates individual learning rates using
the gradient moments.

Figure 3.1: Training and Validation convergence trajectories across optimization
epochs for Mean Squared Error (MSE) and Mean Absolute Error (MAE).

The training limit was set to 100 epochs, augmented by an early stopping rule
based on validation loss stabilization. As shown in Figure 3.1, stable numerical
convergence was achieved at exactly the 32nd epoch. The loss lines show a steady
exponential drop without any unstable behavior. Notably, the validation errors stay
slightly below the training errors (validation MSE stops near 0.0003, while training
MSE reaches 0.0011). This occurs because the dropout layer only filters weights
during training runs. This convergence path shows excellent generalization and
confirms that the setup does not suffer from overfitting.
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3.3 Comparative Performance Analysis and Multi-step Forecasting

To evaluate the predictive accuracy of this optimized multi-input LSTM net-
work, its performance was benchmarked against three implementations of the Black-
Scholes-Merton model: a classic setup using 20-day historical volatility, an advanced
version using GARCH(1,1) conditional volatility, and an ideal version using full re-
alized volatility. The final metrics compiled across the 5-day forecasting horizon (t1
to t5) are detailed in Table 3.1.

Table 3.1: Predictive Performance Metrics Across the 5-Day Forecast Horizon

Step Model MAE RMSE MAE rel RMSE rel
t1 LSTM 0.8196 1.6153 0.0206 0.0405

BS 2.2638 4.4377 0.0568 0.1113
t2 LSTM 1.3112 2.3120 0.0328 0.0579

BS 2.2590 4.4295 0.0566 0.1109
t3 LSTM 1.5562 2.7890 0.0389 0.0697

BS 2.2546 4.4236 0.0564 0.1106
t4 LSTM 1.7773 3.2183 0.0444 0.0803

BS 2.2476 4.4173 0.0561 0.1102
t5 LSTM 2.0259 3.6206 0.0505 0.0902

BS 2.2465 4.4179 0.0560 0.1101

3.3.1 Analysis of Short-Term Forecasting Performance

At the first prediction step (t1), the recurrent network shows a clear advantage
over the analytical baseline. The optimized LSTM model reaches a Mean Absolute
Error (MAE) of $0.8196 and an RMSE of $1.6153. Meanwhile, the Black-Scholes
model with GARCH volatility gives an MAE of $2.2638 and an RMSE of $4.4377.
Thismeans the proposedmodel reduces the pricing error immediately by 63.8%. This
performance gap can be attributed to theLSTM’s ability to learn latentmicrostructural
traits and complex pricing surfaces straight from real asset data. On the other hand,
the Black-Scholes formula cannot escape its rigid log-normal assumptions, even for
short-term predictions.
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3.3.2 Error Progression and Long-Term Predictive Stability

As the forecast horizon expands from t2 through t5, a clear divergence in error
propagation mechanics can be observed between the two modeling setups. Across
the 5-day horizon, the Black-Scholes model shows a flat error profile, where its MAE
hovers rigidly around the $2.25 mark (2.2638 at t1 and 2.2465 at t5). This behavior
is mathematically consistent with the status of the BSM model as a static analytical
framework; since it evaluates prices using raw daily inputs at each specific point
instead of building on past forecasts, it does not accumulate tracking errors over time.

In contrast, the optimized LSTM network exhibits a gradual, expected rise
in its error metrics. The MAE moves from $1.3112 at t2 to $2.0259 on the fifth
day (t5). This increase is a natural consequence of the cumulative accumulation of
stochastic noise inherent inmulti-step ahead financial forecasting. Crucially, however,
the rate of error propagation remains linear and tightly controlled. This proves the
model’s structural stability and confirms that the network does not suffer from the
sudden exponential error spikes common in recurrent models. Even at the furthest
forecast boundary (t5), where the network faces its maximum uncertainty (MAE =
$2.0259), the LSTM still completely outperforms the Black-Scholes results at any
point of the testing window. Throughout the entire cycle, the relative error (MAErel)
of the LSTM remains constrained under 5.05%, confirming that the dual-branch
configuration generalizes successfully.

3.4 Web Interface Deployment and Future Extensions

To display the practical utility of the trained deep learning framework, a pro-
totype web interface was developed in Python utilizing the Streamlit framework and
deployed. This interactive environment allows for the immediate visualization of op-
tion pricing trajectories, historical factual backtesting, andmodel comparison graphs.
The graphical user interface layout is illustrated in Figure 3.2.

The current interface works by processing local files and pre-calculated se-
quences to render pricing curves smoothly. However, it is critical to note that
building a functional real-time option calculator requires a fundamentally different
architecture. A production-grade real-time system relies on a continuous client-server
configuration, where user-driven inputs trigger automated API parsing and immedi-
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Figure 3.2: Layout of the analytical prototype dashboard showcasing multi-step
option price forecasting and model comparison visualization.

ate server requests. These asynchronous requests must be processed by a dedicated
remote server hosting the trained Keras execution graph to yield low-latency up-
dates. Consequently, the transition from a local visualization setup to an active,
server-driven real-time calculator is designated as a key direction for future research.
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CONCLUSIONS

This thesis provides a comprehensive empirical and theoretical investigation
into data-driven derivative pricing frameworks, evaluating the performance of non-
parametric architectures against classical financial models under non-stationary mar-
ket regimes. The analytical and quantitative outcomes of this study confirm that
the main research goal has been successfully achieved by building an optimized
multi-input Long Short-Term Memory (LSTM) network and validating its forecast-
ing superiority over traditional benchmarks.

Based on the initial theoretical tasks of the research, the investigations detailed
in Section 1 confirmed that while the analytical Black-Scholes equation remains an
elegant mathematical baseline, its strict reliance on constant asset volatility and log-
normal return distributions fails to capture real-world option characteristics. This
limitation manifests empirically as the volatility smile or volatility skew. To ad-
dress these drawbacks, the selection and justification of a non-parametric recurrent
architecture were covered in Subsection 1.3, proving its capacity to map complex,
high-dimensional pricing surfaces directly from continuousmarket data flowswithout
requiring restrictive stochastic assumptions.

To bridge this theoretical gap with empirical data, a robust data harvesting
and feature engineering infrastructure was constructed, as described in Section 2.
Utilizing a master dataset of approximately 800,000 Apple Inc. (AAPL) option
observations, microstructural noise and illiquidity artifacts were eliminated through
the strict filtering rules outlined in Subsection 2.4. A central component of this data
pipeline is the econometric layer developed in Subsection ??, where aGARCH(1, 1)

framework was integrated to model time-varying variance clustering. Feeding this
conditional volatility metric alongside a normalized moneyness ratio (St/K) into the
temporal branch of the final network architecture prevented target scale overfitting
and allowed the model to adapt dynamically to shifting volatility regimes.

The empirical benchmarking conducted in Subsection 3.3 yields strong quan-
titative validation of the hybrid network’s multi-step predictive capabilities. At
the immediate short-term forecasting horizon (t1), the optimized multi-input LSTM
model achieved a Mean Absolute Error (MAE) of $0.8196 and a Root Mean Squared
Error (RMSE) of $1.6153. Compared to the most competitive analytical variant—the
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Black-Scholes model operating with GARCH volatility ($2.2638)—the proposed ar-
chitecture achieved an immediate 63.8% reduction in pricing error. Furthermore, over
an extended five-day horizon, the rolling-window iterative prediction loop demon-
strated excellent structural stability. Although the accumulation of stochastic noise
caused the LSTM’s error to rise linearly to anMAE of $2.0259 at t5, its predictive ac-
curacy completely outperformed the static Black-Scholes calculations at every tested
forecasting step.

Finally, to fulfill the practical software objectives of the study, the trained
predictive model was transitioned into a functional application environment, as de-
tailed in Subsection 3.4. A user-friendly analytical option pricing calculator was
successfully developed in Python using the Streamlit framework and deployed. This
web interface allows for immediate option chain visualization, historical backtesting,
and interactive comparative analysis of pricing errors, effectively bridging complex
machine learning outputs with operational risk management tools.

In conclusion, the predictive framework developed in this study represents a
reliable and mathematically sound tool for derivatives pricing under realistic, volatile
market conditions. The ability of the recurrent topology to organically reconstruct the
latent volatility surface from sequential data blocks provides a significant advantage
for modern financial engineering and asset risk assessment.
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