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Abstract

Forecasting volatility is highly important for controlling financial risk, but it is a complex task
because financial markets are dynamic and uncertain conditions. This study compares nine
deep learning models to predict the S&P 500 21-day realised volatility. Financial price data
and VIX were collected from Yahoo Finance from 2008 to 2024. sentiment was derived by
using FInBERT and augmented to financial market data. Models evaluated include CNN, GRU,
LSTM, Bidirectional LSTM, PatchTST, Temporal Fusion Transformer (TFT), CNN-LSTM, GARCH-
LSTM, and GARCH-GRU. Each model was trained with financial market data and retrained after
augmented sentiment and then evaluated using MAE, RMSE, and QLIKE metrics. Results show
that attention-based transformer architectures outperformed recurrent and convolutional
baselines consistently across all metrics. PatchTST with sentiment achieved the best overall
performance with MAE: 0.0140, RMSE: 0.0192, QLIKE: 0.0330, with sentiment augmentation
improved only three of the nine architectures. Importantly, GARCH-hybrid models didn’t
perform well than standalone deep learning models, suggesting GARCH volatility brings
unnecessary information. Explainability techniques SHAP and LIME identified sentiment
contributed 3-6% of total feature importance. Key limitations include depend only on formal
news headlines without any social media data. The results may not apply to other stock
market index markets or companies. These findings suggest the value of combining
transformer architecture and sentiment analysis for forecasting volatility.
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1. Introduction

1.1 Background and Context

Volatility is an essential concept in financial markets because it shows price change of an asset
over time. Market with big moments and quick price change means high volatility and small
moments in price means low volatility, so markets will be sideways. It's important to
understand volatility for investors, hedge fund companies, and financial institutions to make
better financial decisions [1]. In finance, volatility is used for risk management of investments;
it is also used to calculate option pricing. It is used in portfolio allocation and banks to measure
value at risk to estimate losses and manage their risks properly. S&P 500 holds top 500 U.S
based companies from multiple industries, and it is the most actively reacting index to world
news with more liquidity. Long ago, econometric models like GARCH were used to predict
volatility . These models use past financial data to make predictions, but financial markets
depend on many factors. Afterwords, machine learning and deep learning models were used
because these methods can study large amounts of data which traditional models can't.
Additional data like news and social media came into light which holds emotions and opinions
of the public. This information can help to understand the market and improve volatility
forecasting [2].

1.2 Problem Statement and Motivation

Forecasting volatility is one of the challenging tasks in the stock market. Traditional models
like GARCH and its variants were used for this task because they are mathematically strong
and easy to understand but face difficulties in some situations. As financial markets are not
linear and prices may change suddenly, traditional models fail to capture these sudden
changes. In recent studies, deep learning models have shown better results in forecasting
volatility [3]. They can find sudden changes by learning different relations from complex data
which traditional models can’t. Deep learning models can capture complex nonlinear patterns,
but it's extremely difficult to interpret the decision. In the financial industry, it's very important
to understand the decision made by the model to implement their strategies. An accurate
system that can't be explained is difficult to trust and adopt . Another problem is considering
the sentiment of investors, shareholders, and public opinion about the market which is
available from news and social media can highly influence the price of the financial market.
Most of the volatility forecasting studies ignored sentiment data . This study is motivated by



these gaps and there is a need for a study that combines deep learning and explainability
along with sentiment analysis.

1.3 Research Gap

Most existing studies didn’t try different architectures of deep learning for forecasting
volatility where it becomes difficult to conclude which architecture is best, studies that
compare multiple architectures rarely used same data, same period or evaluation. Sentiment
data was explored separately but very few combined with deep learning architectures. Even
a few studies applied explainability tools like SHAP and LIME [4]. There is no study with all
three elements, comparison of deep learning models with sentiment features and
explainability for S&P 500.

1.4 Research Aim and Objectives

The aim is to develop and compare different deep learning models forecasting the next day
realised volatility of the S&P 500 index. 1.Training different deep learning architectures on
same data from 2008 to 2024, 2. Retrain all models after adding FinBERT Extracted news
sentiment features into each model and evaluate all models using evaluation metrics. 3. Then
apply explainability techniques to understand what contributes to model prediction and
discuss the impact of sentiment data. Collecting S&P 500 price data and calculating price-
based features, technical indicators, realised volatility measures and VIX data and separately
collect financial news headlines for sentiment analysis. Build and train deep learning
architectures for next day realised volatility forecasting using a 21-day look back window. Then
integrating FinBERT extracted sentiment features into each model and retrain, then providing
a paired set of results for before and after comparison. All the models evaluated using three
consistent metrics. Mean absolute error, root mean squared error and QLIKE — rank the
models to find the best model. Finally apply SHAP and LIME techniques on the best model to
find key features and amount of contribution of sentiment to forecast.

1.5 Research Question

How sentiment analysis improves the performance of deep learning model and explained by
using SHAP and LIME

This study contains 6 chapters; chapter 2 reviews the existing literature on volatility
forecasting techniques, deep learning methods, sentiment analysis, and explainable Al then
addresses the gaps. Chapter 3 contains a methodology covering data collection, feature
engineering, model architectures, integrating sentiment analysis, and evaluation of metrics.
Chapter 4 discusses the results, comparing model performance before and after including
sentiment and explaining finding through SHAP and LIME. Chapter 5 is a Discussion. Chapter
6 comes with the conclusion of the study by summarising key findings, addressing the main
research question, discussing limitations, and recommending directions for future research.



2. Literature Review

2.1 Introduction

In this literature review, volatility forecasting methods of S&P 500 like traditional methods,
machine leaning methods, and deep learning methods. Additionally, it discussed how
sentiment analysis and explainable Al help to increase forecasting performance. The purpose
is to explore existing studies and find a research gap to improve volatility forecasting. Machine
learning and deep learning techniques use financial data, which is already available, find
useful patterns, and predict feature values. Sentiment analysis recognises opinions and
emotions from textual data like news or social media, and explainable Al brings interpretability
among decisions of Al which improves transparency and trustworthiness. It starts by
introducing basic ideas and traditional methods followed by machine learning and deep
learning techniques. The sentiment analysis and explainable Al, and different ways of
evaluations are discussed and proposed a research gap at the end.

2.2 Financial Market Volatility and S&P 500

2.2.1 Definition and nature of volatility:

The change in the volume of a particular asset, stock, or index at a period is known as volatility.
If the forecasted volatility is high, then the moment of the Index or stock will be high in either
direction. If the forecasted volatility is low, then the moment of the market will be low, so the
market will be sideways. Some periods like pandemic, the volatility will be very high and some
important news, hearing, wars, shortage of stock may lead to high volatility. Panic selling in
the market is one of the major causes of high volatility [5]. Volatility helps to find better
opportunities for better profits, can decide how strong the moment will be, we can decide the
number of risks in the market at time by using volatility. Traders and investors can calculate
their risk and manage their portfolios. Volatility plays a keep role by helping participants to
build confidence in making decisions in the market .

2.2.2 Historical Volatility VS Implied Volatility:

Historical volatility is based on the past market price moments; it gives change in realised past
prices by calculating the annual standard deviation of historical daily logarithmic return which
are additive over time. Taking log return of most recent prices then calculating the standard
deviation and annualizing (252 trading days per year) is the formula for calculating Historical
volatility [6]. By using the rolling window for recent log returns we can calculate the
realised volatility. Calculating realised volatility is easy as it uses historical market data and
historical volatility is good at measuring realised risk.

Implied volatility is majorly based on the option pricing; it is not directly calculated from the
historical prices. It is implied from the current market prices of the options. These is no
formula to calculate Implied volatility; it is a numerical solution of an option pricing model like



Black-Scholes which uses current stock price, strike price, time of expiration and interest rates.
Newton-Raphson, Bisection, Brent’s methods are also included here. Option traders use
implied volatility to take positions; they won’t just depend on the price and direction: they
use implied volatility to find the support and resistance of market for nearest expiry. Traders
choose option strategies based on the current implied volatility [7].

2.2.3 Importance of volatility in Finance:

Volatility plays a major role in in risk management, traders and investors hedge their positions
in high volatile condition to lower their risks. It is the most influenced factor in derivatives and
option pricing. In Black-Scholes model, volatility represents the expected change in the Index
or stock price on which the premiums depend. Higher volatility may lead to increase in
premium of both calls and puts [8]. It also helps to measure the risk; higher volatility means
higher risk to investments in portfolio and balancing the portfolio with high and low volatile
assets to manage the overall the risk.

Knowing the change in price can assist in measuring the value of risk to take a position in the
market. By observing the change in volatility, the market conditions and trends can be
assumed to plan trades. Volatility helps investors to choose investments which match their
rules in the risk-reward ratio. Volatility helps to make decisions in taking entry and exiting the
market with better profits. The most important usage of volatility is in derivatives and option
pricing [9].

2.2.4 Characteristics of S&P 500:

The S&P 500 index contains top 500 companies from the United States, it includes different
industries like finance, technology, healthcare, services and retail. It shows the overall
performance of United States stock market because it holds biggest listed companies in the
country. It is also considered as important measure in global stock market. S&P 500 index and
stocks in it are actively traded so it has high liquidity in all market conditions . As it holds
many large companies it gives better view of the U.S stock market [10]. Moreover, long
historical data is available, so S&P 500 is a good choice for Volatility Forecasting Research.

2.2.5 Facts of Financial volatility:

Volatility Cluster: Prices in financial markets often form groups. When there is high volatility,
there is more chance of it staying volatile for a while. When prices are calm and stable, they
often stay calm. For example, if a company has bad news and its share prices are more volatile,
it may continue to be volatile and unstable for some time. Leverage Effect: Bad news creates
more volatility than equivalent to good news. If a company's shares fall by 10% because of
some fundamental news, then investors become panicked and trade more, and the market
becomes more volatile. A 10% rise won't create the same amount of volatility. Fat tails/excess
Kurtosis: High-volatility events happen more often than a simple model would expect. A
normal bell-curve distribution thinks high-volatility events are very rare, but in financial
markets, panic selling and buying happen more often than a model predicts. Mean Reversion



of Volatility- Volatility does not stay extremely high or low forever. After a period of chaos,
markets often become calmer again [11].

2.3 Traditional Volatility Forecasting Methods

Traditional models are developed to capture the behavior of the market that follows volatility
clustering, the leverage effect, which means having more effect from bad news than from
good news, and extreme price change happens more often than a normal distribution.

2.3.1 ARCH model:

The ARCH model, the Autoregressive Conditional Heteroscedasticity model, was created by
Engel in 1982. It says that volatility is based on changes in recent past prices. If there was a
big price change in the recent past, then the ARCH model expects the market to stay volatile
for a while. It is the first model which captures volatility clustering and explains that high-
volatility markets and calm markets happen in groups [12]. The limitation is that it can't
capture the leverage effect, where bad news creates high volatility more than good news, and
it requires many past observations to give accurate predictions and becomes more
complicated.

2.3.2 GARCH family:

The GARCH (generalised autoregressive conditional heteroscedasticity) model was introduced
by Bollerslav in 1986. It was an improvement of the ARCH model by including past price shocks
and past volatility in predicting future volatility. It became the best model for forecasting
volatility, as it was simple and worked well with a small amount of recent information. It is
good at capturing volatility clustering, but it treats good news and bad news in the same way,
which is not true, as financial markets become more volatile for bad news than good news .
The standard GARCH model failed to catch this difference [13].

2.3.3 EGARCH (Exponential GARCH):

The EGARCH (Exponential Auto Regressive Conditional Heteroscedasticity) model was
introduced by Nelson in 1991. It was an improvement of the GARCH model, which knows that
bad news creates more volatility than good news. Additionally, it uses logarithmic variance, so
the predicted values will always be positive. Overall, EGARCH is better than GARCH as it can
capture volatility clustering and leverage effect [14].

2.3.4 TGARCH (Threshold GARCH):

The TGARCH (Threshold GARCH) is also called GJR GARCH. It was developed by Glosten,
Jagannathan, and Runkle in 1993. It was another improvement of the standard GARCH model
that helped with the leverage effect. For the leverage effect, it uses a threshold function for
the change in price. The threshold was different for positive and negative price change. If the
price changes negatively, then the threshold will be higher, and it predicts more volatility in



the future. Both GARCH and TGARCH can capture the leverage effect, but TGARCH is directly
giving more importance to bad news than good news [15].

2.3.5 Stochastic Volatility models:

Stochastic volatility models are also used for market volatility, where GARCH models use past
market price data. SV models explain that volatility can't depend on itself, and it changes over
time, which can't be observed directly. It is considered a hidden process. Unlike GARCH
models, stochastic volatility models allow volatility to move randomly, so SV models are more
realistic because financial markets are unpredictable. ESV models are estimates because they
include advanced methods like Bayesian estimation or computer simulations, which is more
time-consuming than GARCH models [16].

2.3.6 Strengths and limitations of traditional econometric models:

Our traditional models for financial market volatility are mathematically robust, simple, and
easy to evaluate if the results were statistically reliable or not. But these models think that
patterns among variables are simple and fixed; that's why they can't capture the complex
patterns that appear in real markets. They also struggle when we include a lot of information,
like social media sentiment, news article sentiment, or any other external factors. In addition,
one model may not perform well in different market regimes, which means clam periods with
less volatility and financial market crisis [17]. These limitations welcomed machine learning
and deep learning methods, where they can learn more complex nonlinear relations from the
data without depending on fixed mathematical rules and can include additional factors like
sentiment from news and social media. These methods can handle large amounts of data and
can achieve better predictions. As the financial markets are more complex and data rich,
machine learning and deep learning become more popular as they can adapt to different
market conditions by making use of more information which traditional econometric models
can't handle.

2.4 Machine Learning for Financial Forecasting

2.4.1 Overview of ML approaches in financial forecasting

Unlike traditional econometric models, machine learning models can learn from past data and
find complex nonlinear patterns. Machine learning techniques look at past financial data and
predict volatility. Different machine learning approaches are; Random Forest: It performs
many decision trees to predict and choose the majority prediction as final [18]. It can identify
hidden patterns in complex financial data; it can also give important futures for making that
prediction. Support vector regression: It is also using historical data to find patterns and
forecast future values. Moreover, it is suitable for dataset with less data and contains
complicated patterns. So, it is capable of finding both simple and complex patterns. XGBoost:
It keeps improving its prediction by learning from past errors, which makes it more powerful.
So, it can achieve accurate results by finding complex relations from the training data and



simple patterns as well. Light GBM: It is much faster than XGBoost so it is highly useful when
both speed and accuracy matter because it can process a large dataset in less time [19].

2.4.2 Comparison with econometric (GARCH family) models:

Although machine learning and GARCH models learn from past data and predict future values,
GARCH models use fixed rules and assumptions mainly based on past returns and past
volatility, but ML can learn from more complicated data, such as financial information,
technical information, sentiment information and more. So, Machine learning can predict well
even though market behavior changes suddenly. Many comparing studies stated that ML
methods are better than traditional methods [20].

2.4.3 Limitations of Machine Learning:

Machine learning methods have some limitations when they are applied for financial data.
When the available data is small and learning patterns which may not repeat in future and
end making falls predictions. Mainly, ML models treat information like tables, but they should
treat it like a sequence [21]. Which makes ML models harder to understand than traditional
econometric models.

2.5 Deep Learning Models for Volatility Forecasting

Artificial Neural Networks (ANN): ANN is a system which is inspired by the human brain,
basically it is made up of three layers- input layer which takes the information, hidden layer
processes the information and results come from output layer. ANN can learn hidden patterns
from raw data without manually selecting the features and without needing every rule to be
programmed. But ANN has some limitations which is it can't store past information and fails
to understand the sequential patterns [22], so ANN is less used for time-based data.

Convolutional Neural Networks (CNN): CNNs were created for the application of images. It
understands the small information from the data, for example, in images it observes the
shapes, edges, and uses them to understand bigger things. Afterwords, by using 1D
convolutions, CNN is adapted to time-based data like the stock market. CNN is helpful in
finding short-term patterns from financial data which also contains long-term patterns [23].
So, CNN can pair with a model which can find long term patterns, so better predictions can
be forecasted.

Recurrent Neural Networks (RNN): RNN is a type of Al model, which is designed for sequential
data like speech, whether stock market. It has a special thing called hidden state which can
carry information from the previous step. So, RNN is suitable for financial data, which is
sequential, but it has a problem called vanishing and exploding gradients. Therefore, it can't
remember patterns that happened long ago [24].

Long Short-Term Memory (LSTM): LSTM is a model that is designed to fix the older information
forgetting problem. LSTM has three special controls that are input gate which decides what



new information to store, forget gate which decides what new information to forget and
output gate which decides what information to pass to next step. It also has a cell state which
stores information that is important from long ago [25]. As financial markets always form
volatility clustering, LSTM can capture long-term dependencies from the financial data, It is
good at handling long term patterns, but it demands a lot of computational power, needs to
adjust many settings, and may not work with unseen patterns [26].

Gated Recurrent Unit (GRU): GRU is a faster model than LSTM, as it uses less gates than LSTM.
It trains with fewer parameters on the training data and produces better results. When
researchers compared LSTM and GRU, both worked well, but GRU is much faster [27].

Bidirectional LSTM (Bi-LSTM): Bi-LSTM model reads the data from two directions, but normal
LSTM reads from past to present where Bi-LSTM reads the sequence forward and backward.
It can understand more context from the data as it reads the earlier part and later part of the
sequence. Mainly, it is used for speech recognition, language understanding, and performing
better than LSTM [28].

Transformer Models: Transformers look at the entire data at a time and find patterns by using
an attention mechanism. They assign weights to important parts of data and find connections
in the data more easily. The training will be done faster as they can train many parts of the
data at the same time. Transformer models are becoming more popular for time series data
like financial data. The Temporal Fusion Transformer model uses a self-attention mechanism
to train and mainly provides interoperability, which means major contribution of the
predictions [29]. PatchTST is a transformer model that creates patches and reads those
patches as tokens to a transformer [30]. TFT and PatchTST are two different transformer
models that can learn time series financial data.

Hybrid Models: These models contain two different models, where first model learns short-
term dependencies and second model learn long term dependencies. Taking the output from
the first model and feeding to second can learn more informative patterns from the data. for
this hybrid approach traditional GARCH model pairing with LSTM and GRU. Mechanism of
EGARCH and TGARCH is also present in second models, so using GARCH as first model will be
a correct approach and many studies stated that GARCH-LSTM produced better results [31].

2.6 Sentiment Analysis in Financial Markets

Deep learning models learn patterns from financial prices and making predictions but
including sentiment of investors, options of the investors and public will provide much
important information to the models. As S&P 500 indexes hold the major listed companies,
the market reacts very quickly, and the financial price includes all the available information
like (news, reports, events). Investors are not always logical; they become too excited or too
scared or just follow the crowd. For example; bad news makes the price decrease [32], then
investors may panic and start selling, which drives down more than usual or good news makes
the price to increase then investors become more confident and buy which cause the price to



rise more than usual. So, knowing the sentiment and understanding the behavior of the
market can produce better volatility [33]. News and social media are the major sources where
social media is fast but contains a lot of false information, where news is slower but contains
direct information which holds true investor options and sentiment of the market's behavior.

Sentiment extraction is a way of finding emotions from text; whether news articles sound
positive, negative, or neutral. Lexicon-based methods use a list of words with assigned
meanings. VADER and TextBlob identify sentiment by checking words and rules [34]. They are
fast and easy to understand but may struggle with complex financial language. FinBERT is a
sentiment analysis model which is trained on financial terms, so it can understand the news
related to S&P 500. FinBERT categorises the financial text into positive, neutral, and negative
categories. FinBERT can capture meaning and context of the word instead of simply counting
positive or negative words, so it extracts better sentiment results, but it requires more
computational power and time [35]. Adding sentiment information like news, social media
opinions or investor emotions can enhance predictions of the volatility when compared with
using historical financial prices and technical indicators. Results may not be same always,
sentiment-based predictions may vary with source of data. Models become more complex by
using deep learning and sentiment analysis; it's difficult to understand the decisions of the
models. So explainable Al will help to interpret the decisions of the models.

2.7 Explainable Artificial Intelligence (XAl) in Finance

Models are more complex as they use deep learning and sentiment analysis, and it is hard to
understand the decisions. These models are considered black boxes because we can't see how
they make decisions. Interpretability means knowing why model make that prediction [36]. In
finance it is important to understand the decisions by the models, deep learning models are
powerful but difficult to understand and GARCH models are easy to understand but not always
powerful. Finance needs a balance between accuracy and understanding, so people can trust
the model's prediction and make use of it.

Feature importance is a way to understand the model by ranking the features to make
predictions. It is used in tree-based models like random-forest to know the most important
features, which is known as intrinsic explainability because the model itself explains. But in
the case of complex deep learning models, there are methods called SHAP and LIME to explain
decisions, and it is known as post hoc explainability. SHAP (Shapley additive explanation)
explains the decision of Al by showing how important each feature is to make the perditions.
It is based on Shapley values from game theory that is, taking the contribution of everyone in
every possibility to calculate the Shapley values [37]. LIME (local interpretable model agnostic
explanation) explains one prediction by approximating one complex model to a simpler
interpretable model around that prediction [38]. Attention mechanisms and integrated
gradients are also used to explain the decision of Al main for neural networks. All the XAl
methods explain how models predict volatility and show factors that affect forecasts such as
lagged returns, news sentiment, or important time periods.



2.8 Evaluation Metrics for Volatility Forecasting

Evaluation of the models will be done by using some metrics like accuracy, F1-score, recall,
and precision, but here we are dealing with regression problems, so some error-based metrics
are MAE, RMSE, and QLIKE. MAE (Mean Absolute Error): It calculates the average difference
between the model predicted values and actual values. Lower MAE value says the model is
better on average. RMSE (Root Mean Squared Error): it is like MAE but gives more importance
to large error because it squares the difference before averaging. A model with high RMSE
value means occasionally making mistakes which are very large, should avoid those models in
finance. Qlike: Itis an industry standard metric particularly suited for volatility forecasting [39].
It gives more importance to underestimating volatility than overestimating it, which
captures real world financial risk.

2.9 Research Gaps and Critical Synthesis

From the literature on deep learning architectures, some studies have reported that LSTM
models achieve better results than other models, while others have found that hybrid models
perform better than transformer-based models[40] . However, there is no common
comparison across different deep learning architectures. Although sentiment
information can improve prediction accuracy, earlier sentiment analysis approaches
relied on basic word-count methods that fail to capture context and the specific language
used in financial texts, rather than using models such as FinBERT. Some studies have also
applied explainability techniques to improve model interpretability, but they have not clearly
discussed how sentiment information contributes to the models’ ability to predict volatility.
Therefore, there is a research gap in comparing different deep learning models for forecasting
S&P 500 volatility using sentiment analysis, while also applying explainability techniques to
understand how sentiment data contributes to the prediction results.

2.10 Summary

This chapter gives information about volatility in the stock market then discusses features of
S&P 500, then discusses traditional volatility methods, then how it updated to machine
learning and why it moved to deep learning. And then sentiment analysis, explainability and
evolution methods helped to judge them models. The main research gap that previous studies
didn’t compare different deep learning models that include sentiment analysis and
explainability in one complete framework for forecasting volatility for S&P 500. This study aims
to fill the gap by comparing deep learning models under the same conditions using sentiment
analysis and explaining how models make predictions. Next chapter will discuss the
methodology used to address this gap. It will describe the data sources, the models used, how
sentiment analysis is included, and the methods used to evaluate the results. This will show
how the research was carried out.



3. Research Methodology
3.1 Introduction and Research Design

This chapter implements the methodology for the research question, which focuses on
comparing different deep learning models under the same conditions for forecasting volatility,
incorporating sentiment analysis from news data, evaluating the performance of the models,
and understanding which input features drive the model predictions. The study follows a
guantitative, comparative experimental approach implemented through a five-stage pipeline.

In the first stage, daily financial data and CBOE volatility (VIX) data for the S&P 500 index are
obtained from open-source datasets. In the second stage, the required features are
engineered based on the stylised facts of volatility, and fixed-length sequences are created for
training the deep learning models. In the third stage, sentiment analysis is extracted from
open-source financial news headline data using FInBERT. The sentiment features are then
incorporated with the financial data, and the deep learning models are trained using the same
hyperparameters to ensure a fair comparison under consistent conditions. Finally, using
explainability techniques to understand how each feature drives the predictions of the model,
especially sentiment analysis.

3.2 Research Design
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Figure-1: Research Design
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This study is a positivist philosophy, as financial data can be calculated by numbers and didn’t
use any personals to study the financial market. The approach is deductive, as it starts with
ideas from previous studies and tests those ideas, for example, sentiment analysis can
improve the predictions of models. As it includes comparing models on the same basis, it uses
more numbers and statistics, so research is quantitative. And the data used in this study is
secondary, as financial data is obtained from the yahoo finance library and sentiment dataset
is downloaded from Kaggle. There is no survey conducted in this study for sentiment analysis.



3.3 Data source and collection

This study requires financial data of S&P 500 and sentiment data like news from headlines or
social media posts related to S&P 500. Yahoo Finance provides the financial data through
yfinance library, values of open, high, low, close and volume by using SPY ticker which contains
genuine trader volume and closing prices of VIX is taken which contains volatility from options.
Start and end dates based on dates of news dataset. For sentiment data, open-source dataset
is downloaded from Kaggle website, “S&P 500 news headlines dataset” contains news
headlines related to S&P 500 from 2008 to 2024, which covers major crises like 2008 stock
market crash, COVID-19 and 2022 correction driven by inflation. So, comparisons include
many high volatile periods.

3.4 Feature Engineering

Open, high, low, close, volume and VIX are already available from the source, and by using
those data, some more features are engineered, so models can learn useful patterns to predict
volatility. Return based futures like log returns tell how big the recent price moments, absolute
returns tell same without direction, squared returns highlight the big moments in prices.
Negative return flag can be helpful for leverage effect; skewness tells big moments are more
likely to be upside or downside. Kurtosis tells how often big moments happen [41]. High-low
range, over night gap holds the information of day range, gaps where average true- range tells
the complete moment of the day. Realised volatility is the overall moment of the price for a
recent period, which is the target. A simple moving average calculates the average of recent
closing prices. Relative strength index is the most popular indicator used to know how strong
the moment is, whether the upside or downside. Moving average convergence divergence is
short term trend compared to long term trends by using exponential moving average which
gives more importance to recent values. Bollinger band is used to know how volatile the
market is; more width means high volatile [42]. Unlike realised volatility, Parkison volatility
uses high and low prices instead of closing prices to calculate the volatility [43]. 21 days
realised volatility is the target, as 21 trading days in a month.

3.5 Preprocessing the data

Rolling features like realised volatility 63 column contains 63 null values because it needs 63
past values to construct, so 63 rows were removed. In this process, many other null values
from rolling features were removed. By exploratory data analysis, univariate summary
statistics and distribution plot were produced for all engineered features to observe fat tails.
Time series plots of returns and realised volatility were observed for confirming volatility
clustering. Correlation between features was observed using heatmap. Realised volatility and
vix were plotted to observe how they coincide. Train and test splits were partitioned at the
80:20 ratio. Scaling is done by using min max scalar on training data and used the rules on the
test data. The scaling rules were saved, so model predictions can convert back to normal
values . Then sequences were created to feed three-dimensional data into deep learning



models with a lookback window of 21 trading days [44]. So, to predict volatility at day-t,
models take days t-21 to t-1, then tensor will be (samples, 21, 26) for predictors and (sample,
1) for target. 21 observations were lost while splitting, and lookback windows were
constructed after splitting by ensuring no test data contain in training sequence.

3.6 Model Architectures

Nine different architectures were implemented with identical input tensor of shape (21,26), a
single-unit linear output layer, mean squared error loss, and the Adam optimizer, so
differences in performance are based on architecture and hyperparameters.

3.6.1 Convolutional Neural Network (CNN)

A one-dimension Convolutional Neural Network was developed to predict volatility by taking
sequential input by processing through 3 convolutional blocks. The first block contains 2
conv1D layers with a filter size of 32, a kernel size of 5, ReLU activation, and same padding.
Each layer is followed by batch normalisation to stabilize and fasten the training process. A
maxpooling1D layer is used to reduce sequence dimensionality [45], and then a dropout layer
is used with 0.10 rate to avoid overfitting. The second block contains 2 convlD layers with a
filter size of 64, so network can learn complex patterns and kernel size of 5, ReLU activation,
same padding for both layers followed by batch normalisation and maxpooling1D, and higher
dropout rate with 0.20. The third block contains a convlD with 128 filter size and a higher
dropout rate of 0.30. Graduale increase in dropout rates helps avoid overfitting . Then, global
average pooling is used to compress the sequential features and followed by a fully connected
layer with 32 neurons, ReLU activation, and dropout rate of 0.40. Finally, a dense layer with a
single neuron produces the output of the network [23]. The CNN model was compiled with
Adam optimiser with learning rate, mean squared error as loss function, and mean absolute
error is an evaluation metric. Then the model was trained for 30 epochs with a batch size of
32 and 0.2 validation split. Three callbacks were used during the training- EarlyStopping,
ReducelLROnPlateau and ModelCheckpoint. EarlyStopping stop training when validation loss
does not improve for 8 consecutive epochs and restores the model weights from best
validation loss epoch. ReduceLROnPlateau reduced the learning rate by a factor of 0.5 when
the validation loss didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the
model with the best validation performance.

3.6.2 Gated Recurrent Unit (GRU)

A Gated Recurrent Unit neural network was developed for forecasting volatility; it is a
recurrent neural network which can capture temporal patterns from sequential data with less
parameters. The first GRU layer contains 32 units and returns sequences = true, which allows
the complete sequence of hidden states to be passed to the next GRU layer. Then batch
normalisation is applied to stabilise and fasten training, and dropout with 0.25 is used to avoid
overfitting. The second layer is also similar but with 64 units which allow the network to



capture complex patterns and return sequences is true, so sequential information is passed
to the nest GRU layer. Then batch normalisation to compress the sequential information and
dropout rate with 0.30 were used for more generalisation. The third GRU layer with 128 units
was used and return sequences is false which means only final output is passed to next layer
which means recurrent layer summaries the sequence into a single representation for the
regression layer [46]. GRU architecture gradually increases capacity from 32 to 128 units,
which enables networks to learn increasingly complex patterns where batch normalisation
and dropout brings stability and generalisation [47]. The GRU model was compiled with Adam
optimiser with learning rate, mean squared error as loss function, and mean absolute error is
an evaluation metric. Then the model was trained for 30 epochs with a batch size of 32 and
0.2 validation split. Three callbacks were used during the training- EarlyStopping,
ReducelLROnPlateau and ModelCheckpoint. EarlyStopping stop training when validation loss
does not improve for 8 consecutive epochs and restores the model weights from best
validation loss epoch. ReduceLROnPlateau reduced the learning rate by a factor of 0.5 when
the validation loss didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the
model with the best validation performance.

3.6.3 Long-Short Term Memory (LSTM)

A Long Short-Term Memory neural network was developed for forecasting volatility; it is a
special neural network which can learn long-term relations through their internal memory
mechanisms which makes them suitable for capturing patterns and relation from sequential
data. The first LSTM layer with 128 units, return sequences true and dropout rate of 0.25. This
configuration learns more patterns then output information at every time step and drops 0.25
of data. The second layer with 64 units and return sequences is true. Here, keeping the
sequence output, this layer again processes and improves the temporal patterns learned from
the first layer. The third layer with 32 units and return sequences is false, which means only
the hidden representations were passed to the next layer, which combines the learned time-
based information into a fixed size representation that can be used for final prediction and
dropout with 0.40 is also applied. Then a fully connected dense layer with 32 neurons and
ReLU activation is used as a regression head. It processes all the patterns and relations from
features and target variables. Before the final prediction, a high dropout rate of 0.50 was
applied to avoid overfitting. The LSTM model was compiled with Adam optimiser with learning
rate, mean squared error as loss function, and mean absolute error is an evaluation metric
[48]. Then the model was trained for 30 epochs with a batch size of 32 and 0.2 validation
split. Three callbacks were used during the training- EarlyStopping, ReduceLROnPlateau
and ModelCheckpoint. EarlyStopping stop training when validation loss does not improve for
8 consecutive epochs and restores the model weights from best validation loss epoch.
ReducelLROnPlateau reduced the learning rate by a factor of 0.5 when the validation loss
didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the model with the best
validation performance.



3.6.4 Bidirectional-LSTM

Bidirectional LSTM model takes the input shape and process it by two Bi-LSTM layers first one
contains 128 neurons with return sequence true and second one contains 64 neurons with
return sequence false, each layer was followed by dropout layer of 0.20 rate. Then three dense
layers with 64 neurons, 32 neurons and 16 neurons with relu activation and 0.50 rate of
dropout layer. Finally, an output layer. This Bi-LSTM architecture can learn patterns from the
sequence in both directions to make predictions [49]. The Bi-LSTM model was compiled with
Adam optimiser with learning rate, mean squared error as loss function, and mean absolute
error is an evaluation metric. Then the model was trained for 30 epochs with a batch size of
32 and 0.2 validation split. Three callbacks were used during the training- EarlyStopping,
ReducelLROnPlateau and ModelCheckpoint. EarlyStopping stop training when validation loss
does not improve for 8 consecutive epochs and restores the model weights from best
validation loss epoch. ReduceLROnPlateau reduced the learning rate by a factor of 0.5 when
the validation loss didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the
model with the best validation performance.

3.6.5 Patch Time Series Transformer (PatchTST)

PatchTST model designed to take the input shape and process by one-dimensional
convolutional layer with 64 neurons and a kernel size of 4 was applied to capture local
relations and create useful patterns from nearby observations. The resulting observation is
passed to a transformer encoder which uses multi-head self-attention with two attention
heads and a key dimension of 32. So, model can learn relations between different positions in
the sequence. A residual connection was used to add original output to attention output, then
layer normalisation is used for more stability. A feed forward network with two dense layers
with 64 relu units, then a layer matching the input feature dimension, then processes the
representation. another residual connection and layer normalisation complete the encoder
block [50]. Finally, the encoded features are flattened into a single vector and passed through
a 32-unit relu dense layer then an output layer with a single neuron produces the prediction.
The PatchTST model was compiled with Adam optimiser with learning rate, mean squared
error as loss function, and mean absolute error is an evaluation metric. Then the model was
trained for 100 epochs with a batch size of 32 and 0.2 validation split. Three callbacks were
used during the training- EarlyStopping, ReducelROnPlateau and ModelCheckpoint.
EarlyStopping stop training when validation loss does not improve for 8 consecutive epochs
and restores the model weights from best validation loss epoch. ReduceLROnPlateau reduced
the learning rate by a factor of 0.5 when the validation loss didn’t improve for 3 consecutive
epochs. ModelCheckPoint saved the model with the best validation performance.

3.6.6 Temporal Fusion Transformer (TFT)

Temporal Fusion Transformer architecture combines recurrent processing, gated residual
networks, and self-attention for prediction. After getting input shape to input layer, LSTM layer



with 128 neurons, return sequence and 0.20 dropout is used to capture temporal patterns
while avoiding overfitting. Now, gated residual network processes the LSTM output using two
dense layers with 128 units. The transformed representation was controlled by a separate
gating mechanism which is then combined to the original input by a residual connection. Then
layer normalisation is used to get more stability while training. Next, a multi-head self-
attention layer with four heads and a key dimension of 32 with 0.20 dropout was applied to
capture meaningful patterns from the different time steps. Another residual connection and
normalisation were applied. Then a second GRN repeats the gated transformation and
residual structure [51]. Finally, global average pooling converts the time series features into
a vector. Then regression head with two dense layers with 32 and 16 relu units, 0.20 rate of
dropout between them, and finally a single neuron output layer predicts the final output. The
TFT model was compiled with Adam optimiser with learning rate, mean squared error as loss
function, and mean absolute error is an evaluation metric. Then the model was trained for 30
epochs with a batch size of 32 and 0.2 validation split. Three callbacks were used during the
training- EarlyStopping, ReduceLROnPlateau and ModelCheckpoint. EarlyStopping stop
training when validation loss does not improve for 8 consecutive epochs and restores the
model weights from best validation loss epoch. ReduceLROnPlateau reduced the learning rate
by a factor of 0.5 when the validation loss didn’t improve for 3 consecutive epochs.
ModelCheckPoint saved the model with the best validation performance.

3.6.7 Hybrid CNN-LSTM

This architecture combines convolutional and recurrent layers to capture both local patterns
and long-term time series relations from sequential data. The model takes the input then two
one-dimensional convolutional layers with 64 filters and a kernel size of 2, same padding and
relu activation; these layers learn local temporal dependencies [52]. A dropout rate of 0.20 is
applied after the convolutional block to avoid overfitting. The extracted patterns then
passed to an LSTM block; first LSTM layer contains 64 units and return sequences, allowing
the next LSTM layer to process the complete temporal features. The second LSTM layer with
32 units return only the final output, which is a low-dimensional representation of learned
features and 0.20 rate of dropout layer was used for regularization. Finally, a fully connected
dense layer with 64 relu activated neurons with a 0.40 dropout layer and then a single neuron
dense output layer generates the final output [53]. The CNN-LSTM model was compiled with
Adam optimiser with learning rate, mean squared error as loss function, and mean absolute
error is an evaluation metric. Then the model was trained for 30 epochs with a batch size of
32 and 0.2 validation split. Three callbacks were used during the training- EarlyStopping,
ReducelLROnPlateau and ModelCheckpoint. EarlyStopping stop training when validation loss
does not improve for 8 consecutive epochs and restores the model weights from best
validation loss epoch. ReduceLROnPlateau reduced the learning rate by a factor of 0.5 when
the validation loss didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the
model with the best validation performance.



3.6.8 Hybrid GARCH-LSTM

This is a hybrid architecture which combines traditional volatility models with deep learning
to improve volatility predictions. Initially, daily log returns are scaled by 100 and a GARCH (1,1)
model with constant mean and normal distribution is fitted using training data from 2008 to
2020. Those fitted GARCH parameters were applied to full return series to generate annualized
conditional volatility. This volatility is added as an additional feature to the training and testing
data. GARCH residual targets and features were separately scaled using the Minmax Scalar.
Then sequences were created by using look back period (21) which allows LSTM to learn time
series patterns. Then neural networks with two LSTM layers with 128 and 64 units where first
returns sequences to second layer and second layer pass final representation. Both LSTM
layers used 0.02 dropouts for regularization. The regression head contains three dense layers
with 64, 32, 16 relu neurons, then output layer with a single neuron producing prediction [31].
The GARCH-LSTM model was compiled with Adam optimiser with learning rate, mean squared
error as loss function, and mean absolute error is an evaluation metric. Then the model was
trained for 30 epochs with a batch size of 32 and 0.2 validation split. Three callbacks were
used during the training- EarlyStopping, ReducelROnPlateau and ModelCheckpoint.
EarlyStopping stop training when validation loss does not improve for 8 consecutive epochs
and restores the model weights from best validation loss epoch. ReduceLROnPlateau reduced
the learning rate by a factor of 0.5 when the validation loss didn’t improve for 3 consecutive
epochs. ModelCheckPoint saved the model with the best validation performance.

3.6.9 Hybrid GARCH-GRU

This architecture combines GARCH volatility information with a Gated Recurrent Unit (GRU)
network to find time series relation from financial temporal data. The model takes input shape
and process by GRU layer containing 128 units and returns sequences, enabling the network
to maintain sequential information for next layer and dropout rate of 0.2 which avoids
overfitting. Then, the sequence is passed to a second GRU layer containing 32 units, but this
layer only returns the final form, which is a compact summary of the temporal patterns. Then
a 0.2 drop out layer was used for regularization. Finally, the information was passed to fully
connected dense layers with 32 and 16 relu activated neurons [54]. These layers again refine
the learned features before producing output. Then, a single neuron dense output layer gives
prediction [55]. The GARCH-GRU model was compiled with Adam optimiser with learning rate,
mean squared error as loss function, and mean absolute error is an evaluation metric. Then
the model was trained for 30 epochs with a batch size of 32 and 0.2 validation split. Three
callbacks were wused during the training- EarlyStopping, ReduceLROnPlateau and
ModelCheckpoint. EarlyStopping stop training when validation loss does not improve for 8
consecutive epochs and restores the model weights from best validation loss epoch [56].
ReduceLROnPlateau reduced the learning rate by a factor of 0.5 when the validation loss
didn’t improve for 3 consecutive epochs. ModelCheckPoint saved the model with the best
validation performance.



3.7 Sentiment Integration

3.7.1 News Dataset Loading and EDA:

The news dataset is loaded into the notebook by mounting Google Drive into Google Colab by
using drive integration. The file path and required column names were defined, and headlines
were stored in the title column, and dates were stored in date column. Initial exploratory data
analysis was performed to understand the dataset. The dataset shape was examined to
determine the number of observations and variables, by using the tail (), info () and describe
() functions we know information about records, datatypes and statistical characteristics;
missing values also found. The date column is converted into a standard datetime format,
where invalid entries are converted to missing values. Then, check the data by displaying the
total number of headlines, unique dates, date range, missing headlines, and duplicate
headlines for further processing.

3.7.2 News Data Cleaning and FinBERT Sentiment Analysis:

The news dataset was cleaned to improve data quality before sentiment analysis. Rows with
missing headlines or dates were removed, and duplicate headline date entries are removed
to avoid redundant data. A light text cleaning function applied to every headline to clean URLs,
tags and whitespaces. After cleaning, empty headlines were also deleted and displayed the
ready dataset for sentiment analysis. For sentiment classification, FinBERT which is a pre-
trained model developed ideally for financial text, was loaded from a hugging face
transformers library. The tokenizer converts each headline into a model suitable format and
model is transferred to available GPU or CPU and set to evaluation mode. The
explain_finbert_prediction() function tokenizes each headline and gets its model output
without calculating gradients. A SoftMax function converts the output logits into probabilities
for the available sentiment classes. The sentiment with the highest probability is selected as
predefined classification . It prints a headline with sentiment labels and its probability scores,
and final predicted sentiment classification of FinBERT model for one example news headline.

3.7.3 Applying FinBERT Sentiment Analysis to the Full News Dataset:

The model was applied to the completely cleaned news dataset. A text- classification pipeline
from the hugging face transformers library was created using the previously loaded tokenizer
[57]. It was configured to use the available GPU when CUDA is available; else CPU was used.
Here, the cleaned text was converted into a list of batch processing. The truncation=True and
max_length = 128 parameters were used to ensure that headlines with more than input length
were truncated, and headlines were processed in batches of 64 to reduce memory size and
improve processing efficiency. FinBERT produced a probability score for three sentiment
classes for every headline. The scores were stored as prob_positive, prob_negative,
prob_neutral columns in the news dataset. Probability values show the confidence that each
headline belongs to the sentiment category. Then the final sentiment label was assigned to
each headline by comparing three probability scores. The sentiment score with highest



probability is selected as the predicted sentiment of that headline. Finally, the distribution of
the predicted sentiment categories was visually represented by bar chat.

3.7.4 News Sentiment Score and Daily Aggregation:

From the positive, negative, and neutral probabilities from FinBERT, net sentiment was created
by subtracting the probability of negative sentiment from the probability of positive sentiment
for every headline. This gives a range of value from —1 to +1, which means higher value
indicates strongly positive sentiment, and lower value indicates strongly negative sentiment
and values near to O indicate neutral sentiment [58]. To understand how sentiment was
distributed with headlines across the dataset, histogram was used to represent visual
distribution, and descriptive statistics were also observed to get more clarity about count,
mean, minimum and maximum values. As the financial dataset was organized on a daily basis,
the headline sentiment scores were aggregated by date. In the case of multiple headlines per
day, the mean sentiment score was calculated to produce a daily sentiment measure. Total
number of headlines for each day was calculated and stored in headline count. This gives daily
measure of overall sentiment in the news.

3.7.5 Checking Trading days and News Coverage:

To check the overlap between financial data and sentiment data, unique dates from financial
price dataset and dates from news were normalized and number of trading days and number
of days with new and number of overlapping dates were calculated. Then coverage of news
data across trading days was calculated as percentage. Especially, test period coverage was
examined by using split data, because test period is more important for evaluation relation
between sentiment and financial market data. This important to observe whether the news
observations were sufficient to the corresponding trading days before merging.

3.7.6 Merging News Sentiment with Financial Data:

Now, the daily sentiment data was merged with the financial price data using data as the
index. Financial data was copied into df _sent, and both datasets were normalized, so their
dates were in the same format. After merging the datasets, missing daily sentiment values
was checked, has_news variable was created to separate days with news available, and no
news recorded and take values as 1 and O respectively. For days without available news, the
daily sentiment values were forward filled using the previously available sentiment values. If
no daily sentiment hits at the beginning and no previous value, then those observations were
replaced by zero [59]. And headline counts for days without news, also replaced by zero. Then
a five-day moving average of daily sentiment was calculated and stored in sentiment_ma5.
Rolling measure smooths short term fluctuations in daily news sentiment and provides a more
stable representation of the recent sentiment trend [60]. For initial observations, when
complete five days were not available, backward filling was used. Finally, df_sent dataset
contains financial features with daily news sentiment. This dataset is used for training models
and observing how it improves the performance of models.



3.7.7 Sentiment-Based Model Preparation:

After adding sentiment features to financial features, the data was split into training and
testing sets using 1 January 2021 as split date. The features and target variable were scaled
using minmaxscaler, and then 21 days sequences were created by using lookback period [61].
For hybrid models like GARCH-LSTM and GARCH-GRU require an extra feature which is GARCH
volatility. Instead of predicting realised volatility directly, hybrid models predict residual
volatility, which is difference from GARCH volatility and realised volatility. Then the residuals
and input features were scaled and created sequences for model training and testing [62]. All
the models were retrained with sentiment integrated data and tested with evaluation metrics.

3.8 Evaluation of the model:

To evaluate the forecasting performance of each model, three evaluation metrics are used:
mean absolute error, root mean squared error, and QLIKE. Each metric captures a different
part of prediction performance; that's why these three metrics are used instead of depending
on a single metric. After training the models on training data and making predictions on test
data, the actual values and predicted values were evaluated using these metrics. But during,
all the models use scaled values which are between 0 to 1. These scaled values were not
appropriate for evaluation. So, before calculating MAE, RMSE, and QLIKE, the predicted and
actual volatility values were converted back to their original values using MinMaxScaler fitted
on the training data [63]. All the models were trained on the test dataset. This data was not
used during training and validation. For the standard deep learning models, predictions are
made directly on the test data. But GARCH-LSTM and GARCH-GRU first predict the residual
component, and then residuals add to the GARCH volatility forecast to predict the final
volatility. While the models use different methods for predictions, they were all evaluated
against the same actual Next_Day_RV_21 values from the test period. This makes sure all the
models before and after sentiment were compared fairly [64].

3.9 Model Comparison

Each model was trained twice, first time using only financial market prices and technical
features, and second time retrained with two extra sentiment features added. Everything else
was the same as different — same train/test split, the same MinMaxScaler, same lookback
window (21 days) and same callbacks with earlystopping, learning rate reduction and model
checkpointing. So only input features change and any change in performance can be fairly
linked to sentiment and not other settings. Improvement is measured as difference between
before and after was divided by before and multiplied by 100. A positive percentage tells that
error was decreased after integrating sentiment, which means model improved its
performance by using sentiment. Compared by a single metric to decide the best model is not
fair, because each metric measures different kinds of errors. Each model was ranked
individually for MAE, RMSE, and QLIKE with rank 1 given to the model with the lowest error
[65]. Then the overall score was calculated by adding three ranks. A lower overall score means



the model performed well across all three measures. This makes sure that a model was not
considered best just because it performs very well on one metric but poorly on the other two.

3.10 Explainability:

Deep learning models are treated as black boxes, which means they do predictions but can’t
explain why. Even strong evaluation metric confirms a model was predicting well they do not
reveal the factors that model is using to make prediction. To address this, two explainable
techniques were applied. SHAP tells which feature was most important from the data to make
prediction [66]. LIME explains the local view what influenced the prediction more.

SHAP explains how model make predictions by using game theory, it treats features as players
and give value to each feature according to contribution to make predictions, if the value is
high holds strong influence in prediction where low shape value or near to zero holds less
influence. The gradient explainer variant of SHAP was used to calculate SHAP values as models
were already trained, so there is no need to test every combination of features to create a
reference point, 50 samples are randomly chosen from the test data. SHAP values are then
calculated for another 50 test samples. This gives a value for each sample, time step, and
feature. To find the overall importance of each feature, the absolute SHAP values are averaged
across all 50 samples and all 21-time steps [67]. The SHAP values for the two sentiment
features, daily_sentiment and sentiment_ma5, were combined to calculate their share of the
model's total feature importance.

LIME makes small changes in the input, tests the model, and observes how predictions
change. Then LIME uses a simple linear model to study these results and identify which feature
has more effect [68]. It doesn’t need how the model works internally; it uses the model’s input
and outputs. Since the models use input data with 21-time steps and 28 features, the data is
first converted into a single list of 588 values before being given to LIME. Each value is given a
name, so it is clear which feature and time step it belongs to. A wrapper function then changes
the data back into its original 21 x 28 shape before sending it to the model. This happens in
the background, so LIME does not need to know about it. For each explanation, LIME creates
500 slightly modified versions of the input. This provides a good balance between reliable
results [69]. To calculate the importance of sentiment, the explanations were collected
from 20 test samples and combined.

4. Results and Analysis

This chapter discusses the results of all the deep learning models developed in this study. The
results are organised into three parts. The first part evaluates the nine base models trained
using only market and technical features. The second part examines the same nine
architectures retrained with news sentiment features added, assessing whether sentiment



improves forecasting performance. The third part presents the explainability analysis using
SHAP and LIME, revealing which features affect the predictions.

4.1 Model’s performance without Sentiment:

Model MAE RMSE QLIKE
0 CHMN 0047632 0.063190 0.438225
1 GRU 0023624 0.033975 0.045316
2 LSTM 0.017855 0.024050 0.039493
3 Bi-L5TM 00192581 0.024735 0.057756
4 PatchTST 0.016398 0022344 0.036504
b TFT 0.016607 0022675 0033357

6 CHM-LSTM 0019734 0023906 006371
7 GARCH-LSTM 0030800 0.033516 0.282385

8 GARCH-GRU 0032348 0035925 0.426776
Figure-2 evaluation metrics of non-sentiment models
Individual model results:

The CNN uses filters to find local patterns and relations in the 21-day input data. This works
well in the short term, but it struggles to remember information from the long term as it
doesn’t have any recurrent or attention mechanism. As a result, it was the worst performing
model with an MAE of 0.0476 and QLIKE of 0.4382. The GRU was much better because has
gates which allow it to learn sequence efficiently and achieve better MAE than CNN but still
weaker than advanced recurrent models. The LSTM performed much better as it has
dedicated cell state to remember important information from long periods. So, it learned
patterns from long term and achieved MAE of 0.0179 and QLIKE of 0.0395. The Bi-LSTM
processes the sequence in both forward and backward directions. However, this did not
improve performance in this study. It was slightly worse than the standard LSTM on all three
measures.

Best Base Model:

PatchTST was the best baseline model. It splits the time series into small patches and uses
self-attention to compare these patches. This allows the model to find important patterns that
may be far by several days. PatchTST achieved the best results on all three metrics. The TFT
was a very close second. It uses attention with other mechanisms that help the model decide
which information is important. Its MAE was 0.0166. This tells that attention-based models
are particularly effective for forecasting volatility. The CNN-LSTM combines CNNs for finding
local patterns with an LSTM for learning patterns over time. It performed reasonably well for
RMSE, achieving 0.0239, but its QLIKE score was 0.0637. The two GARCH hybrid models



performed poorly compared with the other deep learning models. Their QLIKE scores were
much higher than those of the attention-based models.

PatchTST was the best overall model. It achieved the lowest MAE, RMSE, and QLIKE, so its
performance was not dependent on just one evaluation measure. One reason for its success
is the way it divides data into patches. It doesn't treat every day separately; it groups nearby
days together. Then, use self-attention to compare different patches. This means that
information from a volatility period several days earlier can directly influence prediction.
Recurrent models such as LSTM must pass information through a sequence of steps, which
can make older information weaker over time. This is useful because volatility often shows
persistence and clustering. In other words, periods of high volatility tend to be followed by
higher volatility, and low-volatility periods tend to continue as well.

The hybrids follow a residual learning design; GARCH (1,1) is fitted to percentage log returns,
and its parameters were then fixed and applied to the full sample to generate conditional
volatility, then it was added as a 27th input feature. The neural network is not trained to
predict volatility directly but to predict the residuals which means the difference of realised
volatility that GARCH leaves unexplained, with the final forecast reconstructed by adding the
two components. Here both GARCH-LSTM and GARCH-GRU predicted the volatility but
comparatively worse than recurrent and attention-based architectures.

4.2 Impact of Sentiment Analysis:

Two sentiment variables were added to the original 26-features input set. Financial news
headlines were scored with FinBERT, a transformer pre-trained on financial text and fine-
tuned for three-class sentiment classification. Each headline received a net score as P(positive)
- P(negative), between -1 and +1, and these were averaged by trading day to produce
daily_sentiment. A five-day rolling mean, sentiment_ma5, was then computed to smooth day-
to-day noise and capture the prevailing weekly tone of market news. This expanded the
feature set to 28 (29 for the GARCH hybrid models, which also carry conditional volatility). All
nine architectures were retrained from scratch on the identical train/test split, lookback
window and hyperparameters, so any difference in performance is attributable solely to the
sentiment inputs.



4.2.1Model comparison before and after sentiment:

Model MAE Before MAE After RMSE Before RMSE After QLIKE Before QLIKE After

0 CNN 0.047632 0021728 0.063190 0.028964 0.438225 0.062878
1 GRU 0023624  0.022477 0.033975 0.033524 0.045816 0.043536
2 LSTM 0017855 0.017814 0.024050 0.023894 0.039493 0.040527
3 Bi-LSTM 0019281 0021713 0.024755 0.030948 0.057786 0.044387
4 PatchTST 0016398  0.013957 0.022344 0.019210 0.036804 0.032972
5 TFT 0.016607  0.023676 0.022675 0.028628 0.038387 0.061432
B CHN-LSTM 0019734 0035245 0.023906 0.052558 0.063701 0.095859
T GARCH-LSTM 0.030800  0.038877 0.033816 0.040792 0.282385 0.604968
8 GARCH-GRU 0032348  0.040224 0.035925 0.043343 0.426776 0.801227

Figure-3 Evaluation metrics of models before and after sentiment

The CNN improved significantly in all three metrics when sentiment features were added. MAE
and RMSE decreased by 54% while QLIKE decreased by 85%. This means sentiment
information provided long term information which CNN missed to learn. the GRU improved
small but consistent in MAE, RMSE and QLIKE. the LSTM was unchanged but small
improvement in MAE and RMSE, small decrement in QLIKE. This tells that sentiment
information was already learned by the LSTM by its own mechanism. the Bi-LSTM gave a
mixed result, that MAE and RMSE worsened but QLIKE improved by 23%. PatchTST was the
only model that showed a clear and strong improvement across all three performance
measures. Even though it was already performing very well, adding sentiment improved its
results further: MAE improved by 14.6%, RMSE by 14.0%, and QLIKE by 10.4%. TFT
performance got worse on all three measures, with QLIKE becoming 60% worse. CNN-LSTM
face the big drop in performance; MAE is 98% worse. This tells that model learned noise from
the sentiment data but not useful patterns. The CNN may pick up this noise and pass to LSTM.
GARCH-LSTM and GARCH-GRU also became worse after adding sentiment data.

4.2.2 Overall Impact of Sentiment:

Only 3 out of the 9 models improved across all three measures. One of these was the CNN,
which had started with particularly poor performance. Therefore, the main conclusion is that
FinBERT-based news sentiment does not generally improve volatility forecasting. In fact, when
looking at all the models together, sentiment was more likely to hurt performance than
improve it. However, sentiment did clearly help PatchTST, which was already the best model.
This is important in practice because you would normally use the best-performing model,
rather than choosing a model based on the average performance of all models. The different
results across models are also important. PatchTST uses attention, so it can decide when
sentiment is useful and when it should be ignored. This allows it to filter out some of the noise



in the sentiment data. Finally, the sentiment data itself may provide only limited new
information. Sentiment is carried forward on days when there is no new news and is relatively
smooth over time. This means that much of the information it contains may already be
captured by the existing volatility variables. This tells that sentiment did not help most models,
but it helped the strongest model, PatchTST. This suggests that sentiment can be useful when
the model is good enough to identify and use the parts of the sentiment signal that matter.

4.2.3 Best Performing Sentiment Model:

From all the models with and without sentiment information, PatchTST with sentiment ranked
first, with MAE 0.013997, RMSE 0.019210 and QLIKE 0.032972, achieved the first rank among
three metrics. The base patchTST was the second. Compared to the best base model, the
improvement was real but moderate; MAE and RMSE gained 14% and QLIKE is 10%
improvement. So, sentiment added useful information only when the model has the capacity
to weight it selectively. We can say model architecture is more important than simply adding
features to the input data.

4.3 Model Ranking and Overall Comparison:

Model MAE RMSE QLIKE MAE Rank RMSE Rank OQLIKE Rank Owverall Rank
0 PatchTST_Sentiment 0.013997 0.019210 0.032972 1.0 1.0 1.0 3.0
1 PatchTST 0.016398 0.022344 0.036804 2.0 2.0 20 6.0
2 TFT 0.016607 0.022675 0.038387 3.0 3.0 3.0 9.0
3 LSTM_Sentiment 0.017314 0.0238584 0.040527 4.0 4.0 50 13.0
4 LSTM 0.017855 0.024050 0.039493 50 6.0 4.0 15.0
3 Bi-LSTM 0.019281 0.024755 0.057786 6.0 7.0 9.0 22.0
6 CNN-LSTM 0.019734 0.023906 0.063701 7.0 5.0 12.0 24.0
7 Bi-LSTM_Sentiment 0.021713 0.030948 0.044387 8.0 10.0 7.0 250
8 GRU_Sentiment 0.022477 0.033524 0.043536 10.0 11.0 6.0 270
9 CNN_Sentiment 0.021728 0.028964 0.062878 9.0 9.0 11.0 29.0
10 TFT_Sentiment 0.023676 0.028628 0.061432 12.0 &.0 10.0 30.0
1 GRU 0023624 0033975 0.045816 1.0 13.0 8.0 32.0
12 GARCH-LSTM 0.030800 0.033816 0.282385 13.0 12.0 14.0 39.0
13 GARCH-GRU 0.032345 0035925 0426776 14.0 14.0 15.0 43.0
14 CNN-LSTM_Sentiment 0.039249 0.052558 0.095859 16.0 17.0 13.0 46.0
15 GARCH-LSTM_Sentment 0.036877 0.040792 0.604968 15.0 15.0 17.0 47.0
16 GARCH-GRU_Sentment 0.040224 0.043343 0.801227 17.0 16.0 18.0 51.0
17 CNN 0.047632 0.063190 0.438225 18.0 18.0 16.0 52.0

Figure-4 All 18 models



In the overall model comparison, attention-based models performed best then followed by
LSTM models. The GARCH hybrid models and the basic CNN performed the worst. Adding
sentiment did not automatically make a model better. Only three of the top nine models
included sentiment. While the sentiment models of TFT, CNN-LSTM, and both GARCH models
were in the lower half of the rankings. Overall, the results suggest that the model architecture
is more important than adding sentiment features.

4.3.1 Best overall model

S&P 500 Volatility Forecasting using PatchTST_Sentiment
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Figure-5 Actual and patchTST predicted volatility (with sentiment) comparison

PatchTST with sentiment was the best model out of all models. It achieved the lowest MAE
(0.013997), RMSE (0.19210) and QLIKE (0.032972), giving it the best possible overall rank. Its
strong performance is mainly because it combines patching and attention. Patching groups
nearby trading days together, which helps reduce daily noise while keeping important short-
term patterns. The attention mechanism then allows the model to look at different parts of
the sequence and remember important periods of high or low volatility. It can also use
sentiment when it is helpful and ignore it when it is not, which explains why patchTST
benefited from sentiment while many other models became worse.

All the three metrics agreed for the best models, that patchTST_sentiment, patchTST and TFT
ranked 1%, 2", and 3@ on MAE, RMSE and QLIKE. This is important as each metric calculates
errors in a different way. Some models get different ranks within metrics. CNN-LSTM ranked
5t on RMSE but 12t on QLIKE. This tells that it can make reasonably accurate predictions on
average, but it is less realiable when estimated volatility particularly during high volatility
periods. GRU_Sentiment showed the opposite pattern: it ranked better on QLIKE than on MAE
and RMSE, meaning its daily predictions were less precise, but it was better at avoiding serious
underestimation of volatility. Overall, for risk management, QLIKE is particularly important
because underestimating volatility can be more dangerous than overestimating it.



4.4 Explainability Results:

Both explainability methods were applied to the best-performing model,
PatchTST_Sentiment, using its full 28-feature input over the 21-day lookback window. SHAP
values were produced with a Gradient Explainer using 50 randomly drawn background
samples and 50 explained samples producing an array of shape (50,21,28). LIME was applied
to the same model after flattening each sequence into 588 time-stamped features that are 28
*21.

4.4.1 SHAP results:

SHAP Feature Importance
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Figure-6 SHAP features importance

Global importance was computed as the mean absolute SHAP value for each feature, averaged
across all samples and all timesteps. The top five features are hl_range, ATR, abs_return,
parkinson_vol and rsi_14. These are mainly measuring how much prices are moving or how
volatile the market is, rather than whether prices are going up or down. This means the model
is mainly using information about price movement and volatility to make predictions. The
Parkinson volatility and high-low range are especially useful measures of volatility, so their
high importance suggests that the model is learning sensible financial patterns. RV_5 is the
sixth most important feature, showing that volatility from the last few days is useful for
predicting future volatility. neg_return_flag is seventh and captures the leverage effect,
meaning that negative returns can lead to higher future volatility than positive returns of the
same size.



Share of Model Attention Given to Sentiment (SHAP)
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Figure-7 Share of sentiment features

Two sentiment features were not in the top 10, daily sentiment and sentiment_ma5 has 3.21%
of model total SHAP importance which is less than average of 28 features (3.57%). It must be
more than 7.14% for two sentiment features. It means the model depends on prices and
volatility information. Sentiment does help but only small additional information.



4.4.2 LIME results:

LIME explanation — sample -1
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Figure- 8 LIME explanation of one prediction

This forecast was mainly affected by information from 21 days ago instead of the most recent
data. The three most important features were RSI_14, ATR, and negative return flag. RSl and
the negative return indicator increased the predicted volatility, while ATR reduced the
prediction. Recent price information had a smaller effect and reduced prediction. No
sentiment feature was in the top 10 important features for this forecast. LIME showed
sentiment contributed about 5.96% of the total model explanation. This is lower than the
average of 28 features (7.14%). So, this tells that sentiment has a small role while price and
volatility features are much more important for model prediction.

4.4.3 SHAP and LIME:

Explainability techniques give the same overall conclusion. SHAP and LIME both show that
sentiment is less important than most other features. Sentiment has 3.21% of importance
according to SHAP and 5.96% according to LIME, compared with 7.14% if all features were
equally important. Both identify similar important features; those were ATR, abs_return,
RSI_14 and negative return indicators. Overall, both techniques tell that sentiment analysis is
useful but plays a secondary role, influencing roughly 3%-5% of the model’s prediction, while
recent price and volatility information remains much more important.



5. Discussions

5.1 Model performance

The test data is from 2021 to 2024, which contains three different market conditions. This
was a little bit challenging but useful for testing models. 2021 to early 2022 was the
recovering from COVID-19, the models like LSTM, Bi-LSTM, and PatchTST performed well.
because these models are good at remembering past information from the data. 2022
bear market where market behavior changed a lot, volatility became higher with sudden
spikes. Where models like CNN and GARCH-based hybrid models fail to capture.
Because CNN focuses on local patterns but doesn’t have any memory techniques to
carry high volatility information overtime. 2023 to 2024 market recovered in 2023 and
volatility became more stable, which was one of the facts discussed in literature review.
Models understand these patterns and captured mean reversion better. PatchTST was
the strongest overall model, with lowest MAE - 0.0164 without sentiment dataand 0.0140
with sentiment data. As patchTST divides 21-day lookback window into patches and uses
attention mechanism to decide which parts of the data are more important, this helped
to understand every pattern of the market in different conditions. TFT also performed
better, as it uses LSTM memory, and attention-based feature selection became an
advantage to handle different market conditions.

5.2 Role of News Sentiment in Volatility Forecasting

Correlation: sentiment vs volatility measures
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Fig-9 correlation of sentiment and volatility



The EDA showed a negative relation between sentiment and volatility. Sentiment score
has -0.145 correlation with 21 day realised volatility and 5-day average sentiment has
more negative correlation of —-0.264. It means more negative news linked to high market
volatility, and positive news was linked with calm markets with less volatility. This
supports the idea that sentiment scores hold some useful information which prices-
based indicators don’t. 21 days realised volatility is based on past returns, so it reacts to
events already happen, but negative news can tell big moments may happen soon before
it is completely captured in 21day realised volatility. So, models get information about
what may happen in future from sentiment features which indicators like RSI, MACD and
Bollinger band width can’t provide as they were also calculated from past data. But still
sentiment didn’t improve the performance of all models. PatchTST benefited more from
sentiment because its patching and attention mechanism was able to find import
patterns from sentiment within the historical data. Instead of treating every observation
equally, the patchTST model focuses more on time periods where sentiment was
particularly important. TFT did not benefit from sentiment, which says that TFT decided
that existing market features were more useful than sentiment and therefore sentiment
got less importance while training. GARCH based model performed worse when
sentiment was added, which tells that the information from sentiment may already be
captured by GARCH. As a result, additional sentiment features may become
unnecessary. There was a limitation in how sentiment data was handled. Some days with
no news headlines, the previous sentiment value was carried forward to the nest day.
Because previous news was still in trend and people follow the same previous news and
execute their trades. During the test period, news data was available for 786 out of 796
days, about 99%, but for training period, coverage was only about 87%. This means the
model sometimes received as old sentiment value as if it represented the current day.
This may lead to, model to think previous sentiment continues to be relevant. Overall,
sentiment can improve volatility forecasting, but the usefulness of sentiment depends on
the model and how the model is handling sentiment information. PatchTST benefited the
most, but TFT and GARCH-based models did not benefit much. This tells that sentiment
is not automatically useful; the model must be able to extract the useful patterns and
relations from it.

5.3 GARCH hybrid models

GARCH hybrid models, using both LSTM and GRU, did not perform well compared to
other models. adding GARCH volatility as an extra feature appeared to add noise instead
of useful information. GARCH (1,1) is good at learning volatility clustering, its statistical
results showed that the training data is learned well, but GARCH has weakness, it does
not respond well to sudden changes in market conditions. For example, volatility was low
in 2021 but became much higher in 2022. GARCH forecasts can be slow to adjust to a
new market condition. The hybrid model was that GARCH would find volatility patterns,
and LSTM or GRU would learn the remaining patterns. But this did not work well. The



standalone LSTM performed much better than GARCH-LSTM. The reason may be GARCH
forecast contains information already in features such as RV_5and RV_21. Which creates
overlap between the features and becomes harder for LSTM and GRU to find useful
patterns.

5.4 Limitations

In this study, if there was no news on a day, the previous day’s sentiment was used by
carrying forward and no social media data like Twitter or Reddit was used, which may
provide more immediate public sentiment. These results may not be the same for other
indexes or companies. The test set covered 794 days, which may not be long enough to
make strong conclusions. This study was conducted using Google Colab which has
limited access to T4 GPU. Deep learning and FIinBERT models expect more
computational resources.

6 Conclusion

This study compared nine deep learning models for forecasting 21-day realised volatility
of S&P 500. Each model was evaluated before augmenting FinBERT derived sentiment
from news and after augmenting sentiment feature, then applying SHAP and LIME to
explain model predictions. Attention-based transformer models consistently
outperformed convolutional and recurrent models. PatchTST with sentiment achieved
the best results across all three metrics, MAE:0.0140, RMSE: 0.0192, QLIKE: 0.0330.
Showing that patching and attention made it easy to learn financial patterns and
sentiment as well. GARCH hybrid models underperformed deep learning models,
showing that GARCH derived conditional volatility becomes useless, may be information
was already captured by financial features. Sentiment features didn’t improve the
performance of all models, which means that model capacity is more important than
including many features. SHAP and LIME confirmed sentiment features hold lower
importance than some engineered features like high-low range, ATR and absolute return.
Sentiment features contributed 3-6% of total feature importance.

Reflection

This project helped me to understand deep learning model architectures, making use of
additional data like sentiment. Before, | expected sentiment to improve most models, but
different results challenged that expectation and highlighted the importance of model
capacity. Working with FinBERT and different architectures needs careful planning and
fair comparison and train-test splits. Applying SHAP and LIME showed that explainability
is more than just displaying results; it helps to understand what models actually learn. In
the future, | would include sentiment from social media and a longer testing period.
Finally, this study showed that integrating strong architecture with interpretable



techniques produces more trust and effective forecasting system.
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