Democratic and Popular Algerian Republic
Ministry of Higher Education and Scientific Research

Yahia Fares University of Medea
Faculty of Sciences
Department of Mathematics and Computer Science

Final Master Project

Submitted for Obtaining The Master’s Degree in
Computer Science

Speciality: Applied Artificial Intelligence

AlI-Driven Market Trend Prediction,
Business Strategy Advisor and Sentiment
Analysis

Prepared and Presented by: Supervisor and Co-Supervisor:
YAGOUB MERIEM Dr. BENSAISSA AZZEDINE

DJELLEL SOUNDES FERIAL Dr. MAZARI AHMED CHERIF

2024-2025



First'and foremost, | thank Allah, the Most Gracious, The most Merciful, for granting me the
strength, patience, and guidance throughout this journey. Without His divine mercy and blessings,
none of this would have been possible.

Mr Benaissa, you were not only a supervisor, but a mentor in every sense of the
word. Your wisdom taught me more than academic knowledge, it taught me how to think with
clarity, to work with integrity, and to persist with dignity.
Your door was always open, your words always thoughtful, and your trust in me was a powerful
‘ reminder that | was capable.
There are people we meet who leave quiet marks on our lives not through grand
gestures, but through their sincerity, generosity, and belief in others. You are one of those people.
From the bottom of my heart, thank you. This achievement will always carry your imprint.

I would like to express my deepest gratitude to Mr. Mazari Ahmed Cherif,
My co-supervisor, for his invaluable support, wisdom, and encouragement. His guidance has been a
beacon throughout this academic endeavor.

To my dear Father, thank you for your wisdom, your steady presence, and for

believing in me even when I couldn’t believe in myself. Your support was the backbone of my perseverance.

To my beloved Mother, whose prayers lit my path and whose unconditional love
gave me strength in moments of doubt thank you for being my haven. Your sacrifices are etched in my heart forever.

To my wonderful sisters, Zineb and Selma, and my brothers, Farouk, Ibrahim,
Abdelkader, and AbdelFetah, | am truly blessed to be surrounded by such a loving family and to my future
husband that’s gonna be lucky to have me.

A special thank you to my soul sister and bestfriend Soundous. Sharing this journey with you made every step
lighter and more meaningful. Your strength and kindness have inspired me greatly.

| also extend my heartfelt thanks to Soundous’s family who’s been like a family of mine,
her parents, her sisters, Razane and Chiraze, her brothers Mohamed Yacine, Rahim, Yanis,
and of course little Wateen, for their warmth, encouragement, and genuine support that felt like home.

To my dear friends and colleagues, thank you for the shared moments, the support, the laughter during
stressful days. Your presence made this path less lonely and more meaningful. I carry with me not only |
the lessons of this journey, but the warmth of the people who walked beside me.

A special thank you to my dear friends Djihad and Riyad, whose constant support, sincere advice, and
uplifting presence brought light to some of the hardest moments.

And lastly, to Myself. Meriem for holding on, for showing up every day, It was definitely hard,
moments of doubt, fatigue, and frustration often weighed heavily, but it is precisely

through those trials that we grow. The struggles, the late nights, the setbacks...

all of it shaped me, and reminded me of what truly matters. 72
Because in the end, it’s not just the destination, /]ﬁ
but the person you become along the way. ‘ 4\\N
Thank you for not giving up.

To all of you: thank you for being part of this chapter of my life. -
This achievement is as much yours as it is mine <3 N\



There are moments in life when words feel too small to hold the weight of our gratitude. This is one
of those moments. As | reach the end of this journey, I look back and see the people who walked
with me, lifted me, and never let me fall. This is for them with all my heart.

To my beloved mother your prayers were my anchor, your love my quiet strength. Through every
hardship, your unwavering faith in me never wavered. You saw light in me, even when | couldn’t
see it myself. | owe every victory to your boundless patience, your sleepless nights, and your
unconditional

love. You are my first teacher, my eternal guide, and the heart of my story.

To my father, Yacine you have been my pillar of strength. You showed me that true courage means facing fear and
walking forward anyway. Fear is temporary, but regret is forever. You didn’t just say those words you lived them.
You inspired me to fight, to persist, to believe. Your faith in me gave me the power to believe in myself.

To my sisters, Razane and Chiraze, thank you for your love, your laughter, and your quiet cheerleading.
You reminded me of joy, even on the hardest days.

To my brothers Yacine and Nazime, Yanis and Wateen you are the bright sparks that kept my spirit alive. Your
innocence, your curiosity, and your belief in me became my daily dose of motivation. | dreamed higher because of
you.

To my husband, Rafik how do I even begin? You have been my calm in the storm, my strength when I was weak,
and my safe haven in the chaos. In my moments of silence, your love spoke loudest. In my moments of despair, your
belief held me up. You never let go. You are not just a part of this achievement; you are the reason it was possible. |
thank Allah for choosing you for me.

To my dearest friend and soul sister, Meriem, and the wonderful Yagoub family, your generosity,
warmth, and support turned heavy days into bearable ones. You gave me more than friendship, you
gave me family. I will forever cherish you.

Finally, I want to thank Myself for showing up when no one was watching, for working through the
doubt and fatigue, for believing when it would’ve been easier to walk away. I thank myself for the
strength I didn’t know I had, for the faith I chose to hold onto, and for never, ever giving up. [ am
proud of the woman I’ve become.

To all who walked this road with me this victory belongs to you too.
With deepest love and eternal gratitude, S
Thank you. ’/ﬂ%



Abstract

In today’s fast-paced business landscape, the ability to anticipate market
trends and rapidly adapt strategies is paramount. This thesis introduces
an innovative Al-driven framework that integrates market trend predic-
tion, business strategy advising, and sentiment analysis to empower or-
ganizations with data-driven insights. By harnessing advanced machine
learning techniques and natural language processing, the proposed system
analyzes historical market data alongside real-time social media sentiment
to forecast emerging trends. It emphasizes the importance of forecasting
as a core function, combining traditional statistical approaches with Al-
enhanced techniques to better predict and understand market behavior.
The framework employs state-of-the-art time series forecasting and ma-
chine learning methods to achieve high prediction accuracy, while its sen-
timent analysis component provides valuable context regarding consumer
attitudes and market dynamics. Extensive experiments demonstrate that
this integrated approach offers a robust decision support tool for strategic
business planning.

Our empirical evaluation revealed that the AutoGluon model outper-
formed traditional models such as ARIMA, Holt-Winters, and Prophet in
forecasting accuracy, while VADER sentiment scores successfully captured
fluctuations in market sentiment, contributing to more precise and con-
textualized predictions. This result underscores the effectiveness of com-
bining quantitative trend modeling with qualitative sentiment analysis for
enhanced business insight.

Ultimately, this research contributes to the evolution of Al in business
analytics, paving the way for more adaptive, informed, and timely decision-
making in volatile market environments.

Keywords: Market Trend Prediction, Business Strategy, Sentiment
Analysis, Artificial Intelligence, Machine Learning, Data Analytics, Fore-
casting.



Résumé

Dans le contexte économique actuel en constante évolution, la capacité a
anticiper les tendances du marché et a adapter rapidement les stratégies est
essentielle. Ce mémoire propose un cadre innovant basé sur l'intelligence
artificielle, intégrant la prédiction des tendances du marché, le conseil
stratégique et l'analyse de sentiment pour fournir aux entreprises des
insights fondés sur les données. En exploitant des techniques avancées
d’apprentissage automatique et de traitement du langage naturel, le sys-
teme analyse a la fois les données historiques du marché et les sentiments
en temps réel sur les réseaux sociaux pour prévoir les tendances émer-
gentes. Il souligne 'importance de la prévision comme fonction centrale,
combinant approches statistiques traditionnelles et techniques améliorées
par I'TA pour mieux comprendre et anticiper le comportement du marché.
Le cadre utilise des méthodes de pointe en prévision de séries temporelles
et en apprentissage automatique pour atteindre une grande précision, tan-
dis que le module d’analyse de sentiment offre un contexte précieux sur
les attitudes des consommateurs et la dynamique du marché.

Notre évaluation empirique a montré que le modele AutoGluon dépasse
les modeles traditionnels tels que ARIMA, Holt-Winters et Prophet en
termes de précision de prévision. De plus, les scores de sentiment VADER
ont permis de capter efficacement les fluctuations du ressenti du marché,
apportant des prédictions plus contextualisées et pertinentes. Ces résultats
démontrent l'efficacité de la combinaison entre modélisation quantitative
et analyse qualitative pour améliorer la prise de décision stratégique.

Cette recherche contribue ainsi a 1’évolution de I'TA dans I’analyse com-
merciale, ouvrant la voie a une prise de décision plus adaptative, éclairée
et réactive dans des environnements de marché instables.

Mots-clés : Prédiction des tendances du marché, Stratégie d’entreprise,
Analyse de sentiment, Intelligence artificielle, Apprentissage automatique,
Analyse de données, Prévision.
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General Introduction

In the modern era, with the rapidly developed nature of business, the
ability to properly estimate market trends and create informed conclusions
has become increasingly important. Traditional forecasting methods, such
as those relying solely on historical time series data, are often insufficient
to capture the intricate and rapidly shifting dynamics of today’s markets.
These markets are shaped not only by economic indicators but also by the
real-time opinions and sentiments expressed across online platforms such
as Reddit.

Sentiment analysis has emerged as a revolutionary technique that allows
organizations to derive valuable insights from unstructured, text-based
data including social media posts, news articles, and forum discussions.
In this work, sentiment data is extracted primarily from Reddit, where
VADER(Valence Aware Dictionary and Sentiment Reasoner), a rule-based
sentiment analysis tool optimized for social media text, is applied to cap-
ture user sentiment in a quantifiable form.

Forecasting, once dominated by classical time-series models like ARIMA
and Holt-Winters, now faces the challenge of incorporating high-volume,
real-time data with varying structure. To address this, our framework in-
tegrates a hybrid set of forecasting models: ARIMA and Holt-Winters
for statistical baseline predictions, Prophet for flexible and seasonality-
aware forecasting, Random Forest for feature-rich prediction tasks, deep
learning models like LSTM, and AutoGluon, an AutoML framework, to
automatically tune and ensemble various machine learning models for op-
timal performance.

Additionally, Large Language Models (LLMs) such as LLaMA are
fine-tuned on structured dialogue data to generate context-aware business
strategy suggestions, adding a layer of interpretability to the system.

By merging qualitative sentiment signals with quantitative forecasting
models, this Al-driven framework enables more accurate market predic-
tions and strategic insights. The goal of this research is to bridge tradi-
tional and modern approaches, providing decision-makers with a robust
tool to navigate volatility and seize emerging opportunities.

Problem Statement

Despite the abundance of market figures available today, many organi-
zations struggle to effectively benefit from this information due to the
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limitations of traditional forecast methods. Traditional models are usually
unable to handle the instability and uncertainty of modern markets, and
they often ignore important factors such as real-time consumer sentiment
extracted from social media and news sources. This difference makes a suf-
ficient challenge for businesses that need to decide on time, rapidly move
market conditions. The main problem addressed in this thesis is the ab-
sence of an integrated structure that combines advanced market tendency
prediction with sentiment analysis, supporting the creation of strategic
business decisions.

Research Objectives

The primary objectives of this research are as follows:

e To develop an Al-powered structure that integrates the prediction of
market trends with sentiment analysis, leading to improved forecast
accuracy.

o To extract and analyze real-time consumer sentiment from an online
platform and involve these insights in the forecast process.

o To design a strategic advisory module that generates actionable busi-
ness recommendations based on integrated analysis.

o To validate the proposed structure through comprehensive experi-
ments and a study of a real-world case, demonstrating its practical
applicability in the unstable market environment.

By addressing these objectives, this thesis aims to contribute to the
advancement of business analytics and strategic decision-making, helping
organizations and individuals constantly respond to market changes and
empowering their overall plan and performance.
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This thesis is organized into three chapters:

e« Chapter 1: Background and Literature Review: This chap-
ter explores the key concepts of market trend prediction, sentiment
analysis, and business strategy advisory, highlighting their intercon-
nections and evolution. It also provides an overview of artificial intel-
ligence and its subfields, including machine learning, deep learning,
neural networks, and transformer-based architectures. The chapter
concludes with a review of related work and current trends in the

field.

o« Chapter 2: Research Methodology: This chapter presents the
methodology adopted for the study, focusing on data sources (Google
Trends and Reddit), data collection strategies, preprocessing tech-
niques, and feature engineering. It also outlines the forecasting mod-
els used—such as ARIMA, Prophet, Holt-Winters, LSTM, Random
Forest, and AutoGluon—and introduces large language models like
LLaMA, Falcon-7B, and Qwen3.

o Chapter 3: Results and Discussion: This chapter discusses the
experimental setup, including the development environment and soft-
ware stack. It then provides a comparative analysis of forecasting
models across different topics, evaluates model performance, and an-
alyzes the results of large language models on sentiment-driven fore-
casting tasks.
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Background and Literature Review

1.1 Introduction

There has been a deep change in the financial markets due to technological
innovations and exponential growth of data. Traditional forecast models,
mainly on historical numerical data, often struggled to capture the ver-
satile and rapid shifting nature of market behavior[1]. These traditional
approaches are limited when facing the instability and complexity inherent
in modern financial systems.

By integrating artificial intelligence with sentiment analysis, it becomes
possible to merge quantitative data with qualitative insight extracted from
news, social media and other digital communications. This combined func-
tioning provides a more holistic approach to the dynamics of the market,
leading to better trend predictions and more effective strategic decision
making.

1.2 Background and Context

The business intelligence landscape has changed significantly over time and
the changes were largely caused by the rise of Al. Today, we are in a dif-
ferent space where there is simply too much data in too many formats for
people to analyze data the old-fashioned way to make any useful interpre-
tations. The combination of Al and business intelligence represents a new
way to comprehend our modern, highly unpredictable world fo data, and
ultimately will allow businesses to make data-driven decisions both timely
and precise. The relationship between Al-driven business intelligence and
market trend forecasting is complicated and multilayered. At its most
basic level lies the inquiry into the approaches, methods, and algorithms,
which have evolved predictive analytics - essential for organizations that
are attempting to stay ahead of market dynamics. Al has already had some
measurable successes in forecasting market trends accurately, enhancing
decision-making agility, and identifying emerging opportunities. Further-
more, the analysis of consumer behavior - a key objective of business strat-
egy - is also being influenced by AI more profoundly than it ever has. In
the digital age, understanding consumer preferences and sentiments and
providing personalized recommendations has become increasingly vital[2].

bt
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1990s: The
Internet Goes
Mainstream

+ Emergence of search
engines and email
marketing.

« Initial use of Al for
personalising emails and

2000s: The Social
Media Explosion

+ Social media platforms

become the new frontier
for marketers.

= Al begins to influence

social media marketing

The evolution of Al in marketing

2010s: Big Data
and Advanced

Analytics

« The rise of big data

analytics provides deeper
insights into consumer
behaviour.

= Introduction of chatbots

2020s: Generative
Al and Real-time

Adaptation

= Generative Al presents

opportunities to transform
marketing.

= Al's role in data privacy and

ethical marketing

content. through targeted ads and and Al-driven content becomes a central
insights. creation tools. concern.

« Marketers are increasingly
relying on Al for real-time
decision-making.

Figure 1.1: The evolution of Al in marketing

Artificial intelligence (AI) has evolved over the years, and generative
Al is now really making people in the marketing industry wonder where
should they be investing their time and money, and how cautiously they
should embrace this technology!?!.

This figure 1.12Y illustrates the four major phases in the evolution of

artificial intelligence within marketing practice, mapped across successive
decades?!:

e 1990s — The Internet Goes Mainstream: Emergence of search
engines and email marketing; initial applications of Al for content
personalization and targeted email campaigns.

e 2000s — The Social Media Explosion: Rise of social media plat-
forms as marketing channels; early use of Al-driven audience segmen-
tation, targeted advertising, and basic social-listening analytics.

e« 2010s — Big Data and Advanced Analytics: Increased abun-
dance of large-scale consumer datasets allowing for deeper under-
standing of customer behavior; developments in Al-powered chatbots
and content-creation tools to automate customer engagement.

e 2020s — Generative AI and Real-time Adaptation:

Advent of generative models transforming creative production and
campaign optimization; growing focus on Al ethics and data privacy;
widespread adoption of real-time, Al-driven decision-making in mar-
keting operations.
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1.3 Key Concepts

To establish a clear basis for this research, it is necessary to define the
major concepts used during this work.

1.3.1 Market Trend Prediction

Building on this foundation, we now turn to the concept of Market Trend
Prediction.

a) Definition of Market Trend Prediction

It refers to the process of predicting future market movements based on
historical data, real-time economic indicators and external factors such
as social media and news sentiment. Traditional statistical methods such
as ARIMA (AutoRegressive Integrated Moving Average) and regression
analysis have been widely used, but modern approaches rely on machine
learning and deep learning techniques to improve rapid accuracy and adapt-
ability.

b) Importance of Market Trend Prediction

The prophecy of market trend is essential for businesses, investors and pol-
icy makers as it enables data-operated decision making and strategic plan.
By analyzing external factors such as historical data, economic indicators
and social media spirit, organizations can estimate future market move-
ments. Accurate trend allows forecast businesses to adapt to inventory
management, pricing strategies and investment decisions, reduce financial
risks and maximize profitability. Additionally, in unstable markets, the
future models provide an initial warning of potential recession or emerging
opportunities, which helps the firms to remain competitive.

c) Types of Market Trend Prediction Model

Market trend prediction models can be classified into several types based
on their underlying functioning:

o Statistical model: Traditional forecast techniques such as ARIMA
(Auto-Rigorous Integrated Moving Averages) and linear regression are
widely employed in time-series analysis. These methods depend on
historical data patterns and assume relative stability in trends and
seasonality to generate future predictions|3].
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« Machine learning-based models: support vector machines (SVMs),
random forests, and gradient boosting leverage pattern recognition
and historical data to improve predicted accuracy|4].

e Deep learning models: Neural networks, especially Long Short-
Term Memory (LSTM) networks are applied to model complex, non-
linear dependencies in financial time series and to integrate external
market signals, offering superior handling of volatility and noise com-
pared to traditional methods[5].

» Sentiment-driven model: Natural language processing (NLP) tech-
nology analyzes news articles, financial reports and spiritual media to
assess market conditions and predict future trends|6].

d) Role of Market Trend Prediction

Forecasting market trends plays a crucial role across various domains. In
stock market analysis, investors rely on predictive models to evaluate price
movements, market volatility, and investment opportunities. In the retail
and e-commerce sectors, businesses leverage demand forecasting to opti-
mize supply chain management and pricing strategies. In cryptocurrency
and forex trading, Al-powered models analyze real-time data to anticipate
currency fluctuations and identify trading patterns. Additionally, govern-
ments and financial institutions utilize trend analysis for macroeconomic
planning, policy development, and inflation control.

e) Advantages of Market Trend Prediction

There are plenty of benefits associated with market trend prediction. First
of all, better decision making, in turn, helps businesses and investors make
data-supported strategic choices. Additionally, risk mitigation becomes
possible as the potential market can identify signs of recession and thereby
reduce financial losses. Moreover, a competitive advantage is achieved
since firms are enabled to estimate demand more accurately and stay
ahead of competitors. Furthermore, automation and efficiency are en-
hanced through Al-operated models, which significantly reduce manual
analysis while increasing forecast accuracy. Finally, real-time insights are
made possible by modern forecasting systems that integrate live data to
support dynamic and timely decision-making.
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1.3.2 Sentiment Analysis

This section provides an overview of Sentiment Analysis.

a) Definition of Sentiment Analysis

Sentiment Analysis employs natural language processing (NLP) and ma-
chine learning methods to identify, extract, and measure subjective infor-
mation, such as opinions, emotions, and attitudes from textual data. In
the context of market trend prediction, it plays a vital role in interpret-
ing customer feedback in order to determine public sentiment which can
influence consumer behavior, investment decisions, and strategic business
planning.

b) Types of Sentiment Analysis

Sentiment analysis can be classified into different types based on the level
of analysis|7]:

« Document-level sentiment analysis: one determines the overall
feeling of a complete document.

« Sentence-level sentiment analysis: analyzes the emotion at the
sentence level to detect the positive, negative or neutral emotions.

o Aspect-based sentiment analysis: focuses on identifying the spirit
related to any product, service or specific aspects of the subject.

« Sentiment detection: Goes beyond polarity(positive/negative) to
identify feelings like happiness, anger or sadness.

c) Role of Sentiment Analysis

Sentiment analysis plays a vital role across multiple domains by extract-
ing and quantifying public opinion from text. In marketing, it enables
businesses to gauge customer responses, refine products and services, and
monitor brand reputation in real time. In politics, sentiment analysis
helps policymakers and campaigners understand public attitudes toward
policies and elections. In finance, analyzing collective sentiment—often
drawn from news, social media, or forums—can yield valuable insights
into market movements and improve trend forecasting. Moreover, sen-
timent analysis enhances customer service by automating responses and
elevating user experience, and it underpins social media monitoring efforts
that track public opinion on a wide range of topics instantly.
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d) Advantages of Sentiment analysis

The advantages of sentiment analysis are numerous. First, with access
to real-time insights, organizations can respond to public sentiments very
quickly therefore reducing the potential for a direct crisis. In addition,
it promotes informed decision-making, enabling customers to make data-
driven choices based on how the public is perceiving organizations or prod-
ucts. Furthermore, sentiment trends provide a competitive advantage by
helping companies anticipate market movements and stay ahead of com-
petitors. Finally, automation and efficiency are improved, as sentiment
analysis reduces manual work by automating the process of opinion min-
ing.

1.3.3 Business Strategy Advisor

This section provides an overview of the Business Strategy Advisor.

a) Definition of Business Strategy Advisor

A Business Strategy Advisor is a professional or system that provides
expert guidance to organizations in formulating, evaluating, and refining
strategic plans. Their role involves analyzing internal capabilities, market
trends, and competitive landscapes to support informed decision-making
and ensure long-term business growth and sustainability:.

b) Importance of a Business Strategy Advisor

A business strategy advisor plays an important role in sustainable devel-
opment and success organizations. They help businesses navigate market
uncertainties, adapt operations and develop long-term strategic plans. By
analyzing industry trends, competitive landscapes and financial data, they
provide insights that enable companies to make informed decisions. Their
expertise is required to scale businesses, enter new markets or improve
overall efficiency.

c) Types of a Business Strategy Advisor

Business Strategy Advisor may be expert in various fields based on the
needs of an organization:

o Corporate Strategy Advisor: Focus on overall business develop-
ment, merger, acquisition and diversification strategies[8].

10
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« Financial Strategy Advisor: provides guidance on budget, invest-
ment decisions and financial risk management|8].

e Marketing Strategy Advisor: Help businesses to develop brand-
ing, customer engagement and market entry strategies[8].

o Operational Strategy Advisor: Improving efficiency by adapta-
tion of supply chains, resource allocation and process management|8].

o Technology Strategy Advisor: Assist companies in adopting new
technologies, digital changes and IT infrastructure planning[8].

d) Role of a Business Strategy Advisor

A business strategy advisor plays a critical role in enhancing organizational
performance by offering expert recommendations based on thorough anal-
ysis. Their responsibilities typically include conducting market research
and competitive analysis, identifying opportunities for business expansion,
developing risk management strategies, and ensuring that business goals
are aligned with current industry trends. By integrating these insights,
a business strategy advisor helps organizations navigate complex market
environments and achieve sustainable growth.

e) Advantages of a Business Strategy Advisor

There are many benefits to being a business strategy advisor, first, it
supports informed decision-making by providing companies with insights
supported by data and industry trends. Also, a well-defined strategic plan
provides a competitive edge enabling them to stay ahead of competitors.
Additionally, it aids in risk mitigation by identifying and addressing poten-
tial risks before affecting business. Strategy advisors contribute to greater
efficiency and development to streamline operations and adapt resources
for better profitability. Moreover, they enhance a company’s adaptability,
ensuring that strategies can evolve in response to shifting market condi-
tions.

1.4 Conceptual Interrelationship of Key Concepts

This section explores the conceptual interrelationship among the key el-
ements of the study, highlighting how sentiment analysis, market trend
prediction, and business strategy formulation are interconnected

11
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1.4.1 Impact of Sentiment Analysis on Market Trend Prediction

Sentiment analysis has become a vital component in enhancing market
trend forecasting. By extracting and quantifying public opinions from
sources such as Reddit, sentiment analysis provides valuable indicators of
future market movements. While negative attitudes may indicate possi-
ble downturns, positive sentiment patterns are frequently associated with
growing market confidence. Incorporating sentiment data into predictive
models allows for a more dynamic and responsive understanding of market
behavior, organizations can predict changes earlier and more accurately
by incorporating sentiment data into predictive models, which provide
a more dynamic and responsive understanding of market behavior. For
instance, research utilizing BERTopic, an advanced natural language pro-
cessing technique, have demonstrated that deep learning models’ ability
to predict stock price trends can be greatly improved by examining the
sentiment of topics extracted from stock market comments!*?/[9].

1.4.2 Impact of Market Trend Prediction on Business Strategy
Advisor

An essential component of creating a successful business strategy advisory
is forecasting market trends. Businesses can predict the state of the mar-
ket in the future and take proactive measures by examining past data and
finding trends, enabling them to make proactive decisions. This predictive
capability allows organizations to allocate resources efficiently, anticipate
customer needs, and stay ahead of competitors. By integrating trend fore-
casts into strategic planning, companies can make sure they are ready to
take advantage of new possibilities and reduce risks rather than just re-
sponding to changes in the market. From a strategic perspective, market
analysis provides businesses with a comprehensive understanding of their
target audience. By analyzing demographic data, purchasing patterns,
and consumer preferences, companies can tailor their products or services

to meet the specific needs of their customers*.

1.4.3 Impact of Sentiment Analysis on Business Strategy Advi-
sor

Using sentiment analysis, a business strategy advisor can uncover in-depth
information about customers’ attitude towards brands, products, and over-
all market environment. By systematically extracting opinions from Red-
dit, companies will be able to better understand how brands, products,

12
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and overall market are perceived by the public. Strategic experts with
this data can then suggest more effective marketing campaigns, product
innovations, and customer engagement strategies. Additionally, incorpo-
rating sentiment analysis to any business strategy ensures that companies
can react more dynamically to market conditions and promote stronger
connections with customers.

By analyzing customer reviews and interactions, businesses can get bet-
ter insight into the satisfaction of customers, identify pain points in the
marketplace, and boost brand advocacy. Positive sentiment reflects cus-
tomers satisfaction and drives purchasing behavior, while negative senti-
ment highlights areas needing improvement, potentially influencing sales.
Moreover, strong positive sentiment from loyal customers enhances brand
advocacy, with word-of-mouth from brand advocates significantly impact-
ing customer decisions[10].

1.4.4 Al as the Core Connector

Artificial intelligence — the thread that connects sentiment analysis with
market trend prediction and business strategy advisory. By automating
data extraction, processing, and interpretation of data from massive and
dynamic data sources such as Reddit and Google Trends, Al ensures an
ongoing analysis of public sentiment and signal of a market in real-time.
Through predictive models that generate more accurate forecast of mar-
ket trends in real-time, Al is also applying intelligent signal of the mar-
ket to strategic business decisions. Using machine learning and natural
language processing algorithms, Al ensures insights generated from vast
and dynamic data sources are actionable, timely, and aligned with orga-
nizational objectives, further strengthening the coherence between market
understanding and business strategy.

1.5 Evolution and Recent Developments

Understanding the progression of sentiment analysis, market trend predic-
tion, and business strategy advisory highlights the growing importance of
AT technologies in business decision-making.

1.5.1 Evolution of Sentiment Analysis

Sentiment analysis began with rule-based systems using keyword match-
ing, which lacked contextual understanding[7]. The machine learning

13
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era(mid-2000s) brought algorithms like Naive Bayes and SVMs, improv-
ing accuracy but requiring manual feature engineering. The deep learning
phase(2010s) introduced RNNs and LSTMs, offering better context han-
dling but still limited in nuance. In 2018, transformers like BERT revolu-
tionized the field with bidirectional attention, enabling greater sensitivity
to context and subtle emotions. Recent advances include domain-specific
fine-tuning of models like RoBERTa and DistilBERT, and the rise of Large
Language Models(e.g., GPT-3, LLaMA, Zephyr), which offer real-time
sentiment detection and contextual explanations, making insights more
actionable. The growing academic focus post-2022 highlights its increas-
ing research significance.

Figure 1.2[11] illustrates the growth in academic publications and ci-
tations related to sentiment analysis over recent years, highlighting its
increasing importance and attention in research.
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Figure 1.2: The development of Sentiment Analysis in the research.
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1.5.2 Evolution of Market Trend Prediction

Early market predictions were manual and relied on expert intuition and
historical datal'’. Traditional statistical methods(e.g., moving averages,
regressions) lacked adaptability to market complexity. The 1980s-90s in-
troduced technical analysis, which still couldn’t incorporate unstructured
data. In the 2000s, ML models like decision trees improved prediction over
larger datasets but faced overfitting. The 2010s saw deep learning mod-
els(e.g., LSTM) that leveraged time series and integrated various data
types (news, social media). Current hybrid systems use real-time data,
reinforcement learning, and sentiment analysis for greater accuracy.

Evolution of Market Trend Prediction with Al

Traditional
Methods

Introduction of
4 :

Statistical

Statistical
Models

Banafit Benafit

— Infarmed
Decision-
Making

Real-time
Analysis

Enhanced
Agouracy

Figure 1.3: Evolution of of Market Trend Prediction with Al
As shown in the figurel.3['?), the integration of AI models into market
trend prediction systems allows for more precise forecasting, identifying
patterns that were once impossible to detect, and enabling businesses to
adapt swiftly to market changes.
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1.5.3 Evolution of Business Strategy Advisory

Strategic planning shifted from intuition and historical analysis to data-
driven approaches. Initially supported by basic tools(e.g., spreadsheets),
businesses had limited actionable insights. With the advent of Al and
ML, automated analytics enabled quicker strategic decisions. Today’s sys-
tems integrate real-time data from social media and IoT, allowing dynamic
strategy adaptation. Modern Al-powered advisors offer predictive analyt-
ics and sentiment-based insights, aiding in faster and smarter decision-
making. Looking forward, Al is expected to enable autonomous strategy
formulation, helping firms stay agile in evolving markets.

1.6 Generalities On Artificial Intelligence(AI)

Artificial Intelligence (AI) has become a cornerstone of modern technol-
ogy, influencing a wide range of domains. it has developed rapidly in the
last few decades, revolutionizing various industries and reshaping the way
humans interact with technology. From self-driving cars to advanced med-
ical diagnostics, Al-driven systems are becoming increasingly integral to
daily life.

At its core, Al is a multidisciplinary field of computer science that
aims to create systems capable of performing tasks that typically require
human intelligence. These tasks include problem-solving, decision-making,
learning, perception, and natural language understanding.

Al is designed to perform specific functions, such as image recognition,
speech processing and recommendation systems. It can also undertake
any intellectual work that a human can do. While general Al remains a
theoretical concept, narrow Al applications have seen widespread adoption
across numerous industries.

The evolution of Al has been fueled by advancements in computational
power, improved algorithms, and the availability of large-scale data. It
draws from multiple disciplines: mathematics (logic and probability) for
formal reasoning, neuroscience for inspiration in neural network architec-
tures, linguistics for natural language processing, cybernetics for control
systems, experimental psychology for behavior modeling, and economics
for decision and game theory. Together, these fields form the foundation
upon which modern Al continues to grow and innovate.
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1.7 Subfields of Artificial Intelligence

Artificial intelligence is composed of two primary components: machine
learning and deep learning.

1.7.1 Machine Learning

Machine learning (ML) is the scientific study of algorithms and statisti-
cal models that computer systems use to perform a specific task without
explicit programming. Learning algorithms are used in many applications
that we make use of daily. Every time a web-search engine like Google is
used to search the internet, one of the reasons it works so well is because
of a learning algorithm that has learned how to rank web pages. These
algorithms are used for various purposes like data mining, image process-
ing, predictive analytics, etc. to name a few. The main advantage of
using machine learning is that, once an algorithm learns what to do with
data, it can do its work automatically[12]. Machine Learning algorithms
are mainly divided into four categories: Supervised learning, Unsupervised
learning, Semi-supervised learning, and Reinforcement learning, these will
be explained below.

Supervised Learning

Supervised learning uses labeled data to train models for classification
and regression tasks. The model learns by comparing predictions with
known outputs, as shown in Figure 1.4[12]. It involves training, evaluating,
tuning, and deployment[13].

Tune

—— Train Model
/ T!ii;;ltl:ng Production
Data
Source

\ Test Evaluate Model
Data

Figure 1.4: Supervised Learning
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Semi-Supervised Learning

This approach combines a small amount of labeled data with a large set
of unlabeled data, improving learning efficiency when labels are scarce.
Reinforcement Learning

In reinforcement learning, an agent interacts with an environment to maxi-
mize rewards, learning from feedback over time, as shown in Figure 1.5[12].

:‘ Agent y
state | | reward acilon
St RI A
§< RMI A :
_ S. | Environment

Figure 1.5: Reinforcement Learning

Unsupervised Learning

Unsupervised learning finds patterns in unlabeled data without human
input. As in Figure 1.6[12], it is mainly used for clustering, association,
and dimensionality reduction[13].

Unsupervised Learning
ot Raw Dt o

eUnknown Output
*No Training Data Set ki 0

Figure 1.6: Unsupervised Learning
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Methods Description Data Type | Common Applications
Algorithms
Supervised Learns from labeled | Labeled data | Decision Spam detection,
Learning data by mapping Trees, SVM, | Medical diagnosis,
inputs to outputs. Neural Net- | Sentiment analysis
works
Semi- Uses a small | Mix of la- | Self-training, | Speech recognition,
Supervised amount of labeled | beled & | Co-training, Text classification,
Learning data and a large | unlabeled Graph-based | Medical imaging
amount of unla- | data methods
beled data.
Reinforcement| Trains an agent to | Interaction Q-Learning, Game playing
Learning make sequential de- | with environ- | Deep Q- | (e.g.,  AlphaGo),
cisions based on re- | ment Networks Robotics,
wards. (DQN), Pol- | tonomous driving
icy Gradient
Methods
Unsupervised | Identifies patterns | Unlabeled K-Means Customer segmen-
Learning or structures in un- | data Clustering, tation,  Anomaly
labeled data. PCA, Au- | detection, Topic
toencoders modeling

Table 1.1: Comparison of Machine Learning Methods

1.7.2 Deep Learning

Deep Learning (DL) is a specialized branch of Machine Learning that
focuses on training artificial neural networks to recognize patterns and
make decisions. Inspired by the structure and function of the human
brain, deep learning models consist of multiple layers of artificial neurons,
allowing them to learn complex representations of data[14].

Deep Learning Methods

Some of the most effective techniques in deep learning are designed to ac-
celerate training and improve model performance. These methods address
common challenges such as overfitting, slow convergence, and instability
during training. The following section introduces several widely adopted
strategie, ranging from optimization algorithms to architectural enhance-
ments, each with its own strengths and potential drawbacks. Table 1.2[15]
outlines these techniques, providing a concise summary of their purpose,
benefits, and limitations, and illustrating their relevance in different deep
learning contexts.
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Method Description Merits Demerits
Backpropagation Used in optimization | Calculates gradient | Sensitive to noisy
problems efficiently data

Stochastic Gradient
Descent

Finds optimal mini-
mum in optimization
problems

Avoids trapping in
local minimum

Longer convergence
time

Learning Rate Decay

Reduces learning
rate gradually

perfor-
reduces

Increases
mance,
training time

Computationally ex-
pensive

Dropout

Drops
units/connections
during training

Prevents overfitting

Increases
time

training

Max Pooling

Applies a max filter

Reduces dimensions

Might lose important
features

Batch Normalization

Normalizes
per batch

inputs

Stabilizes  training,
speeds up learning

Extra computation
overhead

Skip-gram

Used in word embed-
ding algorithms

Works on raw text,
memory-efficient

Training is slow,
softmax is expensive

Transfer Learning

Transfers knowledge
from one model to
another

Faster training, im-
proves performance

Works only for simi-
lar tasks

Table 1.2: Deep Learning methods

1.8 Artificial Neural Networks

A neural network consists of a collection of connected nodes or neurons
organized in layers: input layer, hidden layer, and output layer. Each
connection between neurons is assigned a weight, and each neuron has an
activation function. Amid training, the network adjusts these weights in
order to reduce the error in predictions[16].
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input layer hidden layer 1 hidden layer 2 output layer

Figure 1.7: Architecture Of Artificial Neural Networks

This figurel? illustrates a feedforward neural network (FNN) with an
input layer, two hidden layers, and an output layer, showing how neurons
are fully connected.

1.9 Key Components of Neural Networks

Neural networks have several key components that enable them to learn
from data and make predictions. These includel®!:

e Input Layer: Receives raw data and passes it to the hidden layers;
no computations are performed here.

e« Hidden Layers: Perform weighted computations followed by acti-
vation functions to process data.

e Output Layer: Produces the final output. It varies based on the
task (e.g., sigmoid for binary classification, softmax for multi-class,
linear for regression).

« Weights and Biases: Parameters that determine the strength and
flexibility of neuron connections. Adjusted during training using op-
timization algorithms.

o Activation Functions: It controls the output of a node, determining
whether the node should be activated or not based on its input valuelt
controls the output of a node, determining whether the node should
be activated or not based on its input value. Common types are:
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1. Sigmoid: Maps values to [0, 1], useful for binary classification.

! (1.1)

flw) = 14+e*

2. ReLU: Outputs max(0, x), widely used due to efficiency.
f(x) = max(0, z) (1.2)

3. Tanh: Maps to [—1, 1], zero-centered, preferred over sigmoid in
hidden layers.

el — o=t
- - 1.3
fla) = S (13)
4. Softmax: Converts outputs to probabilities for multi-class clas-
sification. N
6 1
fla) = =— (1.4)

2521 e

1.10 Convolutional Neural Network

CNNs are specialized for processing grid-like data, especially images, as
they are very effective at capturing spatial features (such as edges and
textures) through a series of filters or kernels[17].. They use layers like
convolution, pooling, and dense layers to extract and classify features[18].

IMAGE E— E— SE— >

Figure 1.8: Architecture of Convolutional Neural Networks

This figure 1.8 illustrates the basic architecture of a Convolutional
Neural Network, CNNs apply mathematical convolution by sliding a filter
over an image and computing the dot product between the filter and pixel
values, creating a feature map that highlights important patterns.
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1.11 Recurrent Neural Network

Recurrent Neural Networks (RNNs) are a type of neural network designed
to work with sequential data, such as time series or text. Unlike traditional
neural networks, RNNs have connections that loop back, which allows
them to maintain a memory of previous inputs. This makes them especially
useful for tasks like speech recognition, language modeling, or stock price
prediction.

Figure 1.9: Architecture of Recurrent Neural Networks

This figure 1.9 illustrates the unfolding of a Recurrent Neural Net-
work, showing how hidden states (h) are passed through time to process
sequential data.

1.12 Transformer Architecture

The Transformer architecture developed by Vaswani et al. (2017) repre-
sents a new approach in sequence modeling by entirely eliminating recur-
rence and proposing a mechanism called self-attention, which enables
the model to weigh the influence of different tokens in an input sequence
relative to one another, regardless of their position. This allows the model
to capture long-range dependencies more effectively and process longer
inputs in parallel, significantly improving computational efficiency com-
pared to traditional recurrent architectures. The architecture consists of
an encoder-decoder structure as mentioned in the figure below!!.
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Figure 1.10: Transformer Architecture
The Transformer is built on an encoder-decoder architecture.

Encoder Architecture
Each encoder block is composed of!:

o Multi-head Self-Attention Layer: Allows each token to attend to
all others in the input sequence, capturing contextual relationships
irrespective of their distance.

o Feed-Forward Network (FFN): A position-wise network applied
to each token independently, enhancing the representation.

 Layer Normalization and Residual Connections: Used after
each sublayer to stabilize training and enable deeper architectures.

Decoder Architecture
The decoder generates the output sequence using!!:

e Masked Multi-head Self-Attention: Prevents tokens from at-
tending to future positions during training.

e Encoder-Decoder Attention: Lets the decoder attend to encoder
outputs to align input context with output generation.

e Feed-Forward Network and Normalization: As in the encoder.
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Attention Mechanism

The attention mechanism helps the Transformer focus on important words
in a sequence by measuring how each word relates to others. Multi-head
attention runs several attention processes in parallel to capture different
relationships at once. Since the Transformer doesn’t process words in
order, positional encodings are added to give the model information about
word positions28,

The Transformer’s self-attention-based design enables highly parallel
computation and better modeling of long-range dependencies. Its archi-

tecture has since become foundational for many modern NLP models®.

1.13 Large Language Models

A large language model (LLM) is an example of a deep learning algorithm
able to perform many natural language processing (NLP) tasks. Large
language models are based on transformer models and are trained using
a considerable amount of data, hence large. This allows these models to
recognize, translate, predict, or generate text or other content. Besides
training artificial intelligence (Al) applications to learn human languages,
large language models also can be trained to perform a variety of tasks like
understanding protein structures, writing software code, and more. Like
the human brain, large language models are first pre-trained, and then
fine-tuned to be able to solve learning problems such as text classification,
question answering, document summarization, or text generation. Their
ability to solve tasks can be used in fields like healthcare, finance, enter-
tainment, etc., where large language models serve a more significant role
in NLP applications, such as translation, chatbots, Al assistants, and so
on. Large language models also have large numbers of parameters, which
function like memories accumulated during trainingl).

1.14 Evaluation Metrics of Models

Evaluation metrics are quantitative measures used to assess the perfor-
mance and effectiveness of a statistical or machine learning model. These
metrics provide insights into how well the model is performing and help in
comparing different models or algorithms®. When new machine learning
models are created, it is necessary to compare their performance to the

already existing ones. Evaluation serves two purposes: methods that do
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not perform well can be discarded, and the ones that seem promising can
be further optimized|[19].

For Classification:

Accuracy: The accuracy of a classification model is defined as the
proportion of instances that were correctly classified compared to all
instances in the dataset. Accuracy can be expressed as a ratio or
percentagel’). and is calculated as follows:

Correct Predictions
Total Predictions

Accuracy =

Precision (Positive Predictive Value): Precision measures the

proportion of true positive predictions among all positive predictions!”.

TP
TP+ FP

Precision =

Recall (Sensitivity or True Positive Rate): Recall measures
the proportion of true positives among all actual positive instances!”.
Calculated using the following formula:

TP

l= ——
Reca TP+ FN

F1-Score: F1-Score is the harmonic mean of precision and recall,
balancing both.

Precisi 11
FlScore — 2 x recision X Reca

Precision 4+ Recall

Confusion Matrix: A confusion matrix is a table showing the true
positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN).

ROC Curve (Receiver Operating Characteristic Curve): The
ROC curve is a graphical representation of the trade-off between true
positive rate and false positive rate.

AUC (Area Under Curve): AUC measures the area under the
ROC curve, indicating the model’s ability to distinguish between
classes.
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Figure 1.11: Confusion Matrix and Classification Metrics

This figure 1.11°) shows the confusion matrix along with key classifi-

cation metrics explained previously: accuracy, specificity, precision, and
recall.

For Regression:

Mean Absolute Error (MAE): MAE is the average of the absolute
differences between predicted and actual values.

1 n
MAE = — i — Ui
- ; lyi — il
Mean Squared Error (MSE): MSE is the average of the squared
differences between predicted and actual values.

1 n
MSE = — i — i)
- ;(y i)
Root Mean Squared Error (RMSE): RMSE is the square root of
MSE, which brings the error metric back to the original scale of the
data.
RMSE = vVMSE

R-Squared (R?): R? measures the proportion of variance in the de-
pendent variable that is predictable from the independent variable(s).
R2—1— > i (yi — 9i)?

> i1 (yi —9)?
Adjusted R-Squared: Adjusted R? is a modified version of R? that
accounts for the number of predictors in the model.
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1.15 Related Work

The prediction of stock market trends has been a subject of extensive
research, with numerous studies exploring machine learning techniques for
forecasting stock price movements.

Forecasting market trends is a critical component of strategic decision-
making in fields such as finance, retail, and supply chain. Companies who
are able to accurately forecast market trends can more effectively optimize
inventory management, manage risk, and improve profitability. However,
the complexity of global markets and the sheer volume of data available
means that more sophisticated forecasting will be required|[20].

Integration of outside influences, like social media sentiment analysis
and the search trends of Google Trends, have improved market trend pre-
diction. For instance, there are machine learning models such as linear
regression, LSTM, random forest, and XGBoost that showcase significant
improvements in prediction accuracy, when external data was included[20].
This approach also aims to incorporate external sentiment and trend data
for more accurate market predictions.

The authors Shunrong Shen, Haomiao Jiang, and Tongda Zhang explore
several machine learning approaches for stock market forecasting. Support
Vector Machine (SVM) is employed for trend classification, showing high
accuracy in predicting market movements. Reinforcement learning is ap-
plied to develop strategies that maximize profit while minimizing risk.
Additionally, Multiple Additive Regression Trees (MART) are used along-
side SVM to predict stock trends, contributing to the overall effectiveness
of the forecasting model[21].

In the study titled ”"Applying Machine Learning Algorithms to Pre-
dict the Stock Price Trend in the Stock Market — The Case of Vietnam”,
authors Tran Phuoc, Pham Thi Kim Anh, Phan Huy Tam, and Chien
V. Nguyen investigate the application of the Long Short-Term Memory
(LSTM) neural network for forecasting stock price trends in Vietnam’s
emerging market. Utilizing historical data from the VN-Index and VN-30
stocks, the researchers incorporate technical analysis indicators such as
Simple Moving Average (SMA), Moving Average Convergence Divergence
(MACD), and Relative Strength Index (RSI) to enhance the model’s pre-
dictive capabilities. The LSTM model demonstrates a high forecasting
accuracy of approximately 93%, indicating its effectiveness in capturing
complex temporal patterns in stock price movements. The study concludes
that LSTM, when combined with relevant technical indicators, serves as
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a robust tool for stock trend prediction in emerging financial markets like

Vietnam|22].

The authors Jakob Pallesen and Julius Varlid Bech explore the integra-
tion of machine learning and forecasting techniques to predict real estate
prices in Denmark. Their study compares the performance of boosted
decision tree regression and decision forest regression models with a tradi-
tional forecasting model based on a price index. Although the combination
of forecasting and machine learning did not improve accuracy over using

machine learning alone, their experiments reveal that machine learning—

particularly boosted decision tree regression—can effectively predict hous-
ing prices when properly tuned. They also highlight the challenges of
integrating big data and emphasize the importance of data quality and

model tuning in real estate price prediction[23].

Authors Approach Model(s) Application | Key Insight
Used Area
Shunrong Shen, | Machine learn- | SVM, MART, | Stock Market | Combined models
Haomiao Jiang, | ing for stock | Reinforce- show high accuracy in
Tongda Zhang forecasting ment Learn- predicting trends and
ing optimizing trading
strategies.
Tran Phuoc, | LSTM with | LSTM Vietnamese LSTM combined with
Pham Thi Kim | technical indi- Stock Market | SMA, MACD, and
Anh, Phan Huy | cators for trend RSI achieves  93%
Tam, Chien V. | prediction accuracy in predicting
Nguyen stock price trends.
Jakob Pallesen, | ML vs. tra- | Boosted De- | Real Estate | Boosted trees outper-
Julius Varlid | ditional forecast- | cision — Tree, | (Denmark) form traditional mod-
Bech ing for real es- | Decision els; highlights impor-
tate pricing Forest, Price tance of data quality
Index Model and tuning.
General (as ref- | External  data | Linear ~ Re- | General Mar- | Incorporating sen-
erenced in [19]) | integration for | gression, ket Forecast- | timent and Google
market predic- | LSTM, Ran- | ing Trends improves fore-
tion dom Forest, casting accuracy.
XGBoost

Table 1.3:

Summary of Selected Studies on Market Trend Forecasting

1.16 Conclusion

In conclusion, this chapter has provided a comprehensive overview of the
foundational concepts in artificial intelligence, with a specific focus on
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machine learning and deep learning techniques. We have explored the
definition and scope of Al, as well as its various subfields, including the
distinct roles that machine learning and deep learning play in modern Al
applications. The discussion of key neural network architectures, such as
artificial neural networks, convolutional neural networks, recurrent neural
networks, and transformer architectures, highlighted their significance in
solving complex problems across diverse domains. Additionally, the chap-
ter covered the evaluation metrics used to assess model performance and
effectiveness. By reviewing relevant works in the field, we also positioned
the current advancements within the broader context of Al research. Ul-
timately, this chapter has laid the groundwork for understanding the in-
tegral components and methodologies that power Al technologies today,
setting the stage for more in-depth exploration in subsequent chapters.

30



Chapter 2: Research Methodology



Chapter 2
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2.1 Introduction

This chapter outlines the research methodology adopted in this study,
which focuses on forecasting market trends by leveraging online behavioral
signals. In the era of digital transformation, data derived from user interac-
tions on platforms like Google and Reddit offer valuable insights into public
interest and sentiment. Accordingly, this research utilizes Google Trends
as a proxy for search interest and Reddit as a source of real-time senti-
ment, combining both to improve predictive accuracy. The methodology
involves collecting, preprocessing, and aligning Google Trends and Reddit
data into a unified time series for forecasting. A range of models—ARIMA,
Prophet, Holt-Winters, LSTM, Random Forest, and AutoGluon—are used
to predict market trends based on this dataset.

Additionally, large language models are incorporated to enhance fore-
casting and generate strategic insights from unstructured text data.

2.2 Overview of the Research Methodology

This chapter presents the methodology used to forecast market trends by
leveraging online behavioral and sentiment data. Two primary sources
were selected: Google Trends, representing public interest through search
volume, and Reddit, offering crowd-sourced sentiment from user discus-
sions. These sources were chosen for their relevance to financial behavior
and their complementary nature in capturing both attention and opinion.
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Figure 2.1: Market Trend Prediction System

The methodology begins with data collection from selected subreddits
and relevant Google search terms. Preprocessing steps include cleaning
Reddit text and assigning sentiment scores using the VADER sentiment
analyzer. Google Trends data is normalized and aligned by date to syn-
chronize with Reddit sentiment scores.

Following data preparation, the information is combined into a unified
dataset and used to train predictive models using several forecasting mod-
els. Finally, business strategy recommendations are derived based on the
predicted trends and sentiment patterns.

The following sections elaborate on the role of Google Trends and Red-
dit in trend prediction, the rationale for their selection, and how their
fusion enhances forecasting performance.

2.3 Google Trends

To start, we explore the use of Google Trends in our study.

2.3.1 Google Trends as a Market Indicator

Google Trends is a publicly available tool that show the popularity of
search query over time, and reflects what people are interested in at a given
time. It acts as an indicator to analyze market sentiment and predict future
trends. In our project, we used Google Trends to track the public interest of

33



Chapter 2: Research Methodology

particular keywords applicable to products, sectors, or companies. In other
words, we used Google Trends to select relevant search terms and then
recorded the data over a certain time to observe fluctuations in interest.
The data can be processed and used as input features for our predictive
model.

2.3.2 Why Google Trends

Google Trends is a tool designed to record the keywords that Internet users
search. As the Internet has become vital for modern life, the indication of
keyword search has become an important metric for all to understand the
social, economic, and technology changes that have arisen[24].

e Real-time insights: Allows tracking of public attention as it hap-
pens.

o Free and accessible: Easy to use via the Google Trends platform
or API.

e« Proven relevance: Several studies have found correlations between
search trends and market activity.

2.4 Reddit

Next, we turn our attention to Reddit as a valuable data source.

2.4.1 Reddit as a Sentiment Data Source

Reddit is a well-known online forum where users collectively talk about
current events, trends, and opinions. It provides a vast amount of timely,
user-based opinion and reaction. To make use of this, we used the Reddit

API through the Python Reddit API Wrapper (PRAW) to obtain posts
and comments that contained relevant keywords.

2.4.2 Why Reddit

Reddit was selected as the source of data because it is popular among Al
users, researchers, and the general public. With Reddit’s accessibility and
use due to its popularity, as well as the ability to get a lot of high-quality
data, there is an increasing degree of research using Reddit as a data source
within the last decade.
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o (Genuine opinions: Posts are typically written in natural, informal
language, reflecting true user sentiment.

e Wide user base: Covers both casual users and experienced in-
vestors.

o Topical relevance: Many discussions are directly related to market
movements and news.

2.5 Using Google Trends and Reddit Sentiment for
Trend Prediction

To forecast market trends, we combined the quantitative insight from
Google Trends with the qualitative sentiment extracted from Reddit. This
fusion of data allowed us to build a model that reflects both public interest
and emotional tone regarding specific market-related topics.

2.5.1 Google Trends for Trend Prediction

Google Trends data was used as a leading indicator to predict changes in
market behavior. By examining the search volume of specific keywords
over a period of time, we were able to find early indicators of increasing or
decreasing interest in certain sectors or companies. The trend scores were
treated as time series data and used as input for forecasting models such
as LSTM (Long Short-Term Memory) networks to predict future inter-
est levels. These predicted values were interpreted as signals of potential
market momentum.

2.5.2 Reddit Sentiment for Trend Prediction

While Google Trends captures the level of public interest in a topic through
search frequency, it does not convey how individuals emotionally respond
to that topic. To address this, sentiment analysis was applied to Reddit
discussions covering the same topics. FEach Reddit post was assigned a
sentiment score reflecting its emotional tone: positive, negative, or neu-
tral. These individual scores were then aggregated on a daily basis to
produce a structured dataset indexed by date. This daily aggregation en-
abled the sentiment information to be aligned with Google Trends data
and incorporated into the forecasting models. This approach provided a
more comprehensive understanding of trends, capturing both the volume
of attention and the sentiment driving that attention.
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2.5.3 Fusion for Better Forecasting

The final step involved combining the Google Trends data and Reddit
sentiment scores into a unified input for our machine learning models.
This multi-source approach allowed us to capture both:

 Public interest (through search trends).
« Public sentiment (through emotional tone analysis).

We tested several models, to determine which yielded the most accu-
rate predictions. Results showed that combining both data sources led to
noticeably better performance than relying on either source individually.

2.6 Data Collection

This section provides a detailed explanation of how data was collected from
the two primary sources: Google Trends and Reddit, to support market
trend forecasting. Each data source was selected for its relevance and
reliability in capturing public interest and sentiment related to financial
markets. The collection process was designed to ensure temporal alignment
and data richness suitable for time series forecasting.

Reddit Data Google Trends
Collection Data Collection

Title Keyword
Timestamp

Score .
Number of Daily Search
Comments Interest

Figure 2.2: Data Collection from Reddit and Google Trends

2.6.1 Reddit Data Collection

Reddit data was collected using the Reddit API through the asyncpraw
(asynchronous Python Reddit API Wrapper) library, which enables ef-
ficient and scalable scraping of posts from Reddit in an asynchronous
manner|[25].
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The data collection process focused on extracting key information from
each post that would later be used for sentiment analysis, including:

o Title: The main textual content of each post (used for sentiment
scoring),

o Timestamp: The exact time of submission (used for temporal merg-
ing),

e Score: Upvotes minus downvotes, reflecting user engagement,

e Number of Comments: A proxy for post activity and interest.

The post titles serve as the main textual content for sentiment analysis,
while timestamps are used to synchronize Reddit sentiment with Google
Trends data. Posts were collected at a daily frequency and filtered to
retain only posts falling within the specified time window. Additionally,
sentiment analysis was applied to the title of each post using the VADER
(Valence Aware Dictionary and sentiment Reasoner) tool from the NLTK
library. The compound sentiment score was recorded for each post. The
resulting dataset was timestamped and structured as a time series with
daily granularity. This ensured that the resulting sentiment analysis was
based on high-quality, organically generated user input.

2.6.2 Google Trends Data Collection

Google Trends data was accessed using the pytrends Python library, an
unofficial API wrapper for Google Trends. The data reflects public search
interest on a normalized scale (0-100), where 100 indicates peak popularity
for a given search term in the specified time range.

This data is structured as a time series, which refers to a sequence of
data points collected or recorded at successive, evenly spaced points in
time. Time series data is characterized by temporal order, seasonality,
trends, and potential autocorrelation among observations. These prop-
erties make it suitable for forecasting tasks, where the goal is to predict
future values based on historical patterns.

The time window for data collection spans from the beginning of the
year to the present, and data were retrieved at a daily frequency to align
with Reddit sentiment aggregation. This temporal alignment enables ef-
fective data fusion in later steps.
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The Google Trends data is the quantitative signal in the forecasting
model. Each keyword’s trend was normalized to a scale of 0 to 100, cap-
turing shifts in public attention and curiosity. This data was then saved
into a structured dataframe for later integration with sentiment informa-
tion.

2.7 Data Preprocessing

The collected data from Reddit and Google Trends required preparation
to ensure consistency, reliability, and analytical suitability. This phase
involved cleaning, formatting, and refining each dataset independently.

a) Reddit Data Preprocessing

Reddit post titles often contain informal language, abbreviations, and ir-
relevant noise. To address this, several preprocessing steps were applied
to the textual content:

 Lowercasing: All characters in the post titles were converted to
lowercase.

o Punctuation Removal: Special characters, punctuation marks, and
symbols were removed.

e Stopword Elimination: Common English stopwords were filtered
out.
b) Google Trends Data Preprocessing

Although Google Trends data is structured, it required standardization for
modeling:

« Date Standardization: All date entries were reformatted to a con-
sistent ISO 8601 format (YYYY-MM-DD). For example, a raw date
like ”Jan 1, 2025” was converted to 72025-01-01” to ensure uniformity
across all records.

o Column Naming: Trend columns were labeled (e.g., bitcoin_trend).

o Missing Data Handling: Forward fill imputation was applied for
missing entries.

38



Chapter 2: Research Methodology

2.8 Feature Engineering

In our pipeline, we tested three types of features to evaluate their impact
on forecasting performance.

2.8.1 Google Trends Only

Using solely Google Trends as input provides a clean, univariate view of
public attention over time. By tracking normalized search-interest scores
for selected keywords, the model learns to map fluctuations in collective
curiosity spikes, troughs, and seasonal cycles directly to future market
movements. This approach excels at capturing broad, immediate shifts in
awareness (for example, a sudden surge in “Bitcoin” searches preceding
price volatility). However, it is inherently reactive: it reflects what people
are already looking for, not necessarily why they look for it or how they
feel. As a result, purely trend-based models can miss important context
such as whether rising interest is driven by optimism or panic and may
overfit to transient spikes that lack lasting impact.

2.8.2 Google Trends + Reddit Sentiment

Combining search interest with Reddit sentiment adds qualitative depth
to the data. While Trends shows how much attention a topic gets, senti-
ment reflects public opinion. This helps models differentiate between hype
and meaningful signals like detecting sell-offs from negative sentiment or
rallies from positive ones. It also reduces noise by balancing attention with
emotional tone, offering a fuller picture of market dynamics.

Before feeding our data into the forecasting models, and to ensure an-
alytical consistency between Reddit sentiment data and Google Trends
search interest, synchronization was necessary to prepare a unified dataset
for forecasting. We first synchronize and standardize all inputs along a
common temporal axis calendar dates, ensuring that each observation con-
tains the necessary information from both sources, since these two sources
originate from different platforms and data structures.

To extract sentiment from Reddit, we used VADER (Valence Aware
Dictionary and Sentiment Reasoner), a rule-based sentiment analysis tool
optimized for social media content. For each Reddit post, VADER pro-
vides four sentiment metrics: negative, neutral, positive, and compound
scores. The compound score, which is a normalized metric ranging from -1
(most negative) to +1 (most positive), was used as the main indicator of
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daily sentiment. This allowed us to quantify the emotional tone of Reddit
discussions related to market topics.

Once aligned, we organize our inputs into three progressively richer
feature groups:

a) Temporal Standardization: Timestamps were standardized to calendar
dates to enable the sentiment scores to be aggregated on a daily basis.
Google Trends data was already available at daily resolution, making it
compatible for integration.

b) Aggregation of Sentiment Scores: Individual sentiment scores obtained
from Reddit posts were grouped by date. The average compound sentiment
score for each day was calculated to produce a single daily sentiment value.
This approach allowed for meaningful temporal comparison with Google
Trends data.

c) Joining Datasets: The daily Reddit sentiment scores and the corre-
sponding Google Trends values were merged based on the date field. Only
records with matching dates in both datasets were retained, ensuring that
each row contained complete information for both sentiment and trend
activity.

d) Handling Missing Values: In cases where data points were missing for
either source, forward-fill imputation was used to preserve temporal conti-
nuity. This technique helps maintain a consistent sequence in the dataset
and avoids introducing gaps that could affect the performance of the fore-
casting models.

e) Final Structure: The final synchronized dataset included daily values
for sentiment and search trends. This structured time series served as the
basis for model training and trend prediction in subsequent stages of the
methodology.

2.8.3 Google Trends + Reddit Sentiment + Lagged Features

Building on the fused Trends—sentiment dataset, introducing lagged ver-
sions of each series (such as 1-day, 7-day, and 14-day shifts) transforms the
problem into a richer, temporally aware forecast. Lagged features allow
the model to learn momentum and delayed causality patterns that evolve
over days or weeks rather than appearing in a single moment. They help
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smooth out erratic daily fluctuations by providing context; for example, a
spike in sentiment or search interest from yesterday or last week may bet-
ter predict a market shift than today’s data alone. This high-dimensional
input space enables advanced algorithms to detect subtle interactions and
temporal dynamics that purely current data would miss. The result is
a more resilient and nuanced forecasting framework that captures both
immediate reactions and their longer-term echoes.

2.9 Forecasting Models

Before implementing AutoML-based techniques, a series of traditional and
machine learning models were applied to forecast market trends using the
synchronized sentiment and search interest data. These preliminary mod-
els served as baselines for performance comparison and provided insights
into the nature of the time series. The models include ARIMA, LSTM,
Random Forest, Holt-Winters Exponential Smoothing, and Prophet. Each
model is described below.

2.9.1 ARIMA

ARIMA (AutoRegressive Integrated Moving Average) is an open-source
and flexible time series forecasting method consisting of three core com-
ponents:

« Autoregressive (AR): Predict future values from past values of the
time series.

» Integrated (I): Uses differencing to make the series stationary, i.e.
leave out trends and seasonality.

« Moving average (MA): Models the linear relationship between ac-
tual observations and past forecast error.

This combination of tools allows ARIMA to capture complex temporal
patterns for application in diverse fields such as finance, weather forecast-
ing, demand prediction, and it is particularly effective when modeling lin-
ear and non-seasonal time series data. By accounting for trends, patterns,
and noise, ARIMA enables accurate and actionable forecasts!*3.

41



Chapter 2: Research Methodology

Utility of ARIMA in Market Trend Prediction

ARIMA serves as a strong baseline model for analyzing historical market
data. It is effective when the time series is linear and stationary, mak-
ing it suitable for detecting and forecasting short-term patterns in price
movements or search trends.

2.9.2 Prophet

Facebook Prophet is an open-source forecasting tool developed at Face-
book by Sean J. Taylor and Ben Letham[26], aimed at making it user-
friendly particularly for people without statistical background, and pro-
viding high-performance time series forecasting.

It uses an additive model that breaks down time series into!'4:

o Trend component: Captures long-term increase/decrease.
« Seasonality: Models repeating patterns (daily, weekly, yearly).

« Holidays/events: Allows specification of irregular events.

It uses piecewise linear or logistic growth and is designed to be intu-
itive and automatic.

Utility of Prophet in Market Trend Prediction

Prophet is used to identify and predict long-term trends and seasonality
in market indicators such as Google Trends interest levels. Its ease of
interpretation makes it suitable for presenting understandable forecasts to
stakeholders or non-technical users.

2.9.3 Holt-Winters

Holt-Winters Model (Triple Exponential Smoothing) is a time series fore-
casting technique developed by Charles Holt[27] and Peter Winters in 1960.
It extends Holt’s method by adding a third component to account for sea-
sonality, alongside level and trend.

The model uses three smoothing parameters:

o « (alpha): for the level.
o [ (beta): for the trend.

« v (gamma): for seasonality.
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It’s suitable for data with both trend and seasonal patterns and works
well with relatively little historical data.
There are two versions!'?:

o Additive: for constant seasonal variations.

e Multiplicative: for seasonal variations that change proportionally
with the level.

This model handles time series with trend and seasonality, using three
componentsw :

o Level: Baseline value of the series.
e Trend: Direction of the series.

o Seasonal: Repeating patterns over time.

It supports additive or multiplicative seasonality depending on the
data behavior.

Utility of Holt-Winters in Market Trend Prediction

Holt-Winters is an exponential smoothing method designed for forecasting
time series data with trends and seasonality. It uses three components:
level, trend, and seasonal factors to adapt to changes over time. In market
trend prediction, Holt-Winters is valuable for capturing and forecasting
recurring seasonal patterns and gradual trends in market data, such as
periodic fluctuations in search interest or sales volumes. This makes it
particularly effective when the data exhibits clear seasonality alongside
trends!!?.

294 LSTM

LSTM is a type of Recurrent Neural Network (RNN) designed to capture
long-term dependencies in sequential data[28]. It uses memory cells and
gating mechanisms (input, output, forget gates) to overcome the vanishing
gradient problem present in traditional RNNs.

LSTM uses memory cells and three gates:

o Forget gate: Discards irrelevant info.
o Input gate: Adds new relevant info.

e Output gate: Decides what to output.

It excels in modeling sequential and nonlinear patterns, especially in
time-series data.
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Utility of LSTM in Market Trend Prediction

LSTM is applied to capture long-term dependencies and nonlinear pat-
terns in sequential data such as keyword search trends and user sentiment
trajectories. It enhances forecasting accuracy by modeling the time-based
fluctuations in market interest and sentiment behavior.

2.9.5 Random Forest

Random forest is a well-known machine learning algorithm, trademarked
by Leo Breiman and Adele Cutler[29], in which the output of several de-
cision trees is combined to yield a single output. The natural ease of use
and flexible implementation of the algorithm has enabled it to be applied
to classification and regression problems!!%,

[16]

Random Forest is an ensemble learning method based on decision trees'™"'.
o It builds multiple trees on different bootstrap samples.
o At each split, it considers a random subset of features.

o Predictions are aggregated through averaging for regression or ma-
jority vote for classification.

o It’s robust to overfitting and effective on high-dimensional data.

Utility of Random Forest in Market Trend Prediction

Random Forest is used for regression tasks within the project, such as
predicting market trends (e.g., future values or trend strength) based on
engineered features from Reddit and Google Trends data. Its robustness
to noise and ability to model complex, non-linear relationships make it
effective for combining diverse indicators. For sentiment analysis tasks
like categorizing polarity (positive, neutral, negative), Random Forest can
also be used in a classification setting when needed.

2.9.6 AutoGluon

AutoGluon is an open-source machine-learning library created by Amazon
Web Services (AWS)!'7]. It supports time series forecasting with minimal
code and hyperparameter tuning[30]. It automates:

o Feature engineering,

e Model selection,
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o Ensemble learning.

AutoGluon is designed to handle the entire machine learning, from prepar-
ing the data to selecting the best model and tuning its settings!'?.

AutoGluon provides both simplicity and powerful performance, through
a variety of techniques such as ensemble learning and automatic tuning
of hyperparameters, to ensure that the models built are highly accurate.
The library handles all the data preprocessing, feature selection, split-
ting, model training and evaluation which significantly reduces the time
and effort required to build robust machine-learning models. Addition-
ally, AutoGluon scales well, making it suitable for both small projects and
large, complex datasets!'7.

a) AutoGluon Time Series Pipeline

AutoGluon provides an end-to-end pipeline that automates key steps from
preprocessing to model ensembling, allowing users to focus more on insights
rather than tuning technical details.

AutoGluon
DATA PREPROCESING MODEL TRAINING |  MODEL SELECTION

MISSING VALUES MULTIPLE MODELS METRIC-BASED

FREQUENCY AUTO HYPERPARAM TUNING SELECTION
VALIDATION
FEATURE ENGINEERING

PREDICTION ENSEMBLING

FINAL FORECAST

Figure 2.3: AutoGluon Time Series Pipeline
The AutoGluon time series pipeline consists of several stages!'”):
1. Data Preprocessing:

o Missing values: Fills in or marks empty data so the model can
still learn from it.
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o Frequency: Replaces categories with how often they appear in
the data.

o Feature engineering: Creates or changes features to make
them more useful for the model.

2. Model Training: Parallel training of diverse forecasting models with
automatic hyperparameter tuning.

3. Model Selection: Evaluation on validation data using multiple met-
rics.

4. Ensembling: Weighted combination of top-performing models.

5. Prediction: AutoGluon uses the trained ensemble to generate fore-
casts. Along with the predictions, it can also give uncertainty esti-
mates, showing how confident the model is in each prediction which
is especially useful in decision-making.

b) Supported Forecasting Models

AutoGluon supports a variety of models, categorized into statistical and
deep learning methods:

o Statistical Models: Statistical models such as AutoARIMA, ETS
(Exponential Smoothing State Space Model) and the Theta method
are well-suited for short-term, low-frequency and trend-stable datasets
with high interpretability and fast training times, but may underper-

form on complex or high-frequency datal'®l.

o Deep Learning Models: Such as DeepAR (Deep AutoRegressive
model), MQCNN (Multivariate Quantile Convolutional Neural Net-
work), and TFT (Temporal Fusion Transformer), are designed for
more complex temporal patterns and multivariate series. They can
learn non-linear dependencies and make distributional forecasts but

often require larger datasets and more computing resources!'.

Each model type offers trade-offs between interpretability, accuracy,
computational cost, and scalability.
c) Model Selection and Evaluation

AutoGluon employs a layered selection process. It begins with an initial
screening of all candidate models using default parameters. AutoGluon in-
cludes a set of predefined models tailored for time series forecasting tasks.
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These models span traditional statistical techniques, machine learning al-
gorithms, and neural network-based approaches. The default model pool
includes:

ARIMA, ETS (Exponential Smoothing State Space Model), Prophet,
Random Forest, Light GBM, XGBoost, DeepAR, Temporal Fusion Trans-
former (TFT), and Tabular Neural Networks.

The specific set of models AutoGluon applies is dynamically selected
based on the problem type, dataset size, and available features(such as
covariates or known future inputs).

After initial training with default hyperparameters, validation perfor-
mance is used to identify the top-performing models. These models are
then ensembled using learned weights!'”), where each model’s contribution
is proportionally adjusted based on its accuracy and uncertainty calibra-
tion. The final forecasting model is an ensemble optimized for predictive
performance.

AutoGluon evaluates models using several metrics, including!':

e Mean Absolute Error (MAE),

e Mean Squared Error (MSE),

o Symmetric Mean Absolute Percentage Error (SMAPE),
« Root Mean Squared Error (RMSE),

This multifaceted evaluation framework ensures that AutoGluon se-
lects models which not only minimize forecast error but also produce well-
calibrated uncertainty estimates, supporting more robust and informed
decision-making in financial forecasting tasks.

Utility of AutoGluon in Market Trend Prediction

AutoGluon enables rapid prototyping and experimentation by automati-
cally selecting the best-performing models. In the context of market trend
prediction, it integrates various model types and provides accurate fore-
casts without extensive manual tuning, making it ideal for real-world de-
ployment.

2.10 Large Language Models

Before detailing each model, it is important to frame why and how we in-
corporated large language models into our forecasting and feature-engineering
workflows.
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Unlike conventional statistical or machine-learning algorithms, LLMs
excel at extracting semantic structure, summarizing unstructured text, and
generating contextual embeddings. By embedding LLMs directly into our
model, we were able to enhance interpretability through model-generated
explanations and natural-language descriptions of analytical steps.

In the following sections, we describe the three LLMs: LLaMA, Qwen3,
and Falcon-7B which were selected for their complementary architec-
tures, training regimes, and inference efficiencies, and explain how each
contributes to our end-to-end market trend prediction pipeline.

2.10.1 LLaMA

Llama (Large Language Model Meta Al), Llama is a family of decoder-
only transformer models released by Meta Al in 2023, also is an Al system
that utilizes its design and extensive parameter capacity to understand and
generate human language with impressive accuracy?’l. The model series
spans parameter counts from 7 billion up to 65 billion, striking a balance
between scale and efficiency. Crucially, LLaMA is trained exclusively on
publicly available text, drawing on trillions of tokens sourced from web
pages, books, and code repositories[31].

2.10.2 Falcon-7B

Falcon-7B is an open-source, causal language model developed by the Tech-
nology Innovation Institute (TII)[32]. Trained on approximately 1500 bil-
lion tokens of the high-quality Refined Web corpus, Falcon-7B employs
architectural innovations such as Flash Attention for memory-efficient at-
tention computation and multi-query attention to streamline inference.
Under the Apache 2.0 license, it achieves performance on par with or
exceeding comparable open models (e.g., MPT-7B, StableLM) across a
variety of NLP tasks including text generation, question answering, and
embedding extraction.

2.10.3 Qwen3

Qwen3 is a state-of-the-art large language model developed by Alibaba. It
is designed for advanced natural language understanding and generation
tasks, capable of handling complex queries, summarization, reasoning, and

morel3!,
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LLM-Driven Business Advisory

All three models—LLaMA, Falcon-7B, and Qwen3—are interchangeable
components in our pipeline whose sole purpose is to generate concise busi-
ness advice: once the forecasting model outputs its predictions and we cal-
culate the associated sentiment scores, we craft a natural-language prompt
that incorporates both the numerical forecast and sentiment metrics, then
feed that prompt into the selected LLM to produce a 5-7 sentence narra-
tive outlining key opportunities, risks, and strategic recommendations.

2.11 Conclusion

This chapter outlined the comprehensive methodology employed for mar-
ket trend prediction, starting from data collection and synchronization to
model implementation and evaluation. By integrating Google Trends and
Reddit sentiment data, and experimenting with a diverse set of forecasting
models, the research aims to capture both quantitative signals and qualita-
tive sentiment. The inclusion of large language models further enriches the
analytical framework, enabling the transformation of raw textual data into
strategic business insights. This multi-layered approach establishes a ro-
bust foundation for accurate forecasting and data-driven decision-making.
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Chapter 3

Results & Discussion

3.1 Introduction

This chapter presents a comprehensive analysis of the experimental results
obtained from forecasting market trends and evaluating large language
models. It begins by outlining the development environment, including
hardware and software specifications. We then compare the performance
of several forecasting models across five topics, highlighting the role of
lagged features and sentiment in predictive accuracy. Topic-specific in-
sights are provided to illustrate model behavior under different trend dy-
namics. Next, we assess the performance of a fine-tuned LLaMA model
against other LLMs on a financial QA dataset, using multiple evaluation
metrics. The chapter concludes with key findings, limitations, and sugges-
tions for future research directions.

3.2 Development Environment

To support the implementation of the proposed models, we begin by out-
lining the development environment in which the experiments were con-
ducted.

3.2.1 Hardware specifications

In order to implement our solution, we used:

o A laptop computer equipped with an Intel i7-8665U processor, oper-
ating at 1.90 GHz (up to 2.11 GHz), 16 GB of RAM, and running a
23H2 Windows 11 Pro as an operating system.

o A laptop computer equipped with an Intel i7-7600U processor, op-
erating at 2.80 GHz (up to 2.90 GHz), 16 GB of RAM, a 238 GB
SanDisk SSD, and running 2009 Windows 10 Pro as an operating
system.

o A laptop computer equipped with an Intel i7-6700HQ processor, op-
erating at 2.60 GHz, 16 GB of RAM, an NVIDIA GeForce GTX 1060

(6 GB) graphics card, and a 466 GB Samsung SSD 850 EVO. The
system runs Windows 11 as its operating system.
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3.2.2 Software Environment

In order to implement our solution, we used:

a) Google Colaboratory (Colab)

Google Colaboratory (also known as Colab) is a cloud service based on
Jupyter Notebooks for disseminating machine learning education and re-
search. It provides a runtime fully configured for deep learning and free-of-
charge access to a robust GPU[33], making it particularly useful for tasks
involving machine learning and deep learning. Since everything runs on
Google’s servers, users can access high-performance computing resources
without requiring a powerful local machine. It also integrates seamlessly
with Google Drive for saving and sharing notebooks.

b) Visual Studio Code

Visual Studio Code (VSCode) is a source code editor and integrated de-
velopment environment (IDE) developed by Microsoft. It is open-source
and cross-platform, meaning it runs on Windows, Linux, and Mac. It
was designed for web developers but supports many other programming
languages such as C++, C, Python, Java, etc?. Its flexibility and ease
of customization make it a popular choice among developers for writing,
editing, and testing code across various platforms.

c) Visual Studio Code Insiders

Visual Studio Code Insiders is the experimental version of Visual Studio
Code. It provides early access to the latest features, updates, and bug fixes
that are still being tested before being released in the stable version. While
it may occasionally be less stable than the standard version, it is ideal for
developers who want to try cutting-edge tools and contribute feedback to
the development of the editor.

3.2.3 Libraries

o Pytrends: Pytrends is an unofficial Python API for Google Trends,
providing a simple interface to automate the downloading of reports
from Google Trends. It allows users to programmatically retrieve
data on search interest over time, interest by region, related topics,
and more. This tool is particularly useful for analyzing public interest

trends and seasonality!?3/24.
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o Asyncpraw: Asyncpraw is the asynchronous version of PRAW (Python

Reddit API Wrapper), designed to interact with Reddit’s API using
Python’s asyncio library. It enables non-blocking access to Reddit’s
data, allowing for efficient retrieval of posts, comments, and user in-
formation in applications that require asynchronous operations?®.
Matplotlib: Matplotlib is a comprehensive library for creating static,
animated, and interactive visualizations in Python. It offers a wide
range of plotting functions and is widely used in scientific research, ed-
ucation, and data analysis for generating publication-quality figures26127
Hugging Face: Hugging Face is a platform offering tools and li-
braries for working with machine learning models. It provides access
to a wide range of large language models (LLMs), including LLaMA
and Falcon, through its Transformers library and Model Hub. These
resources facilitate easy downloading, fine-tuning, and deployment of
state-of-the-art models for NLP and other AI tasks*.

3.3 Comparative Analysis of Forecasting Models

Topics

Forecasting Models MAE Heatmap
Electric Cars- 12.34 11.89 10.22 13.01 EN/E 25
Cryptocurrency 20
Vegan Food- 5.90 5.45 4.78 6.10 4.20 115
Al Startups - 8.34 1.80 7.22 8.90 6.95
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Home Fitness-  9.10 8.75 7.54 9.50 7.10
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Figure 3.1: Forecasting Models Mae Heatmap
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We evaluated all five forecasting algorithms—ARIMA, Prophet, Random
Forest (RF), Holt-Winters (HW), and AutoGluon—across five distinct
topics: Electric Cars, Cryptocurrency, Vegan Food, Al Startups, and
Home Fitness. These topics were chosen at random to cover a range of
consumer, technological, and lifestyle domains, ensuring that our compar-
ison reflects both domain-specific dynamics and broader trends. Figure
3.1 summarizes the resulting MAE for each topic-model combination. We
first compare overall performance trends and then delve into topic-specific
insights to explain why certain models outperform others in each domain.
All MAE values are reported in absolute units corresponding to Google
Trends search-interest indices, with lower values indicating better predic-
tive accuracy.

Forecasting Models MAE Across Topics

ARIMA
m Prophet
mmm Random Forest
B Holt-Winters
B AutoGluon

251

= N
w (=)

=
o

Mean Absolute Error (MAE)

Topics

Figure 3.2: Forecasting Models Mae Barchart

Figure 3.2 presents the performance of the five forecasting models across
the previously mentioned topics. Each group of bars corresponds to one
topic, with different colors representing the respective models.

3.3.1 Overall Performance Trends

The following section provides a comparison of model performance across
various topics using MAE, These models forecast market trend interest
over a 7 day horizon to highlight general forecasting behavior.

1. AutoGluon Consistently Yields the Lowest MAE

Across all five topics, AutoGluon achieves the smallest MAE. On av-
erage, AutoGluon lowers MAE by approximately 15-20 % relative
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Topic AutoGluon MAE
Electric Cars 9.75
Cryptocurrency 19.34
Vegan Food 4.20
AT Startups 6.95
Home Fitness 7.10

Table 3.1: AutoGluon MAE Across Topics

to the next-best model (Random Forest). This superior performance
can be attributed to AutoGluon’s built-in ensembling of diverse base
learners (tree-based, linear, neural networks) combined with auto-
mated hyperparameter tuning and multi-layer stacking. By explor-
ing a broad model space and letting validation-driven early stop-
ping prevent overfitting, AutoGluon dynamically selects architectures
that best capture nonlinearities, seasonality, and trend components
present in each topic.

2. Random Forest as a Strong Baseline for Nonlinear Patterns

In second place for every topic, Random Forest’s MAE values reflect
its ability to model nonlinear dependencies. Random Forest often
captures abrupt shifts especially in volatile topics like Cryptocur-
rency more effectively than purely parametric time-series models. Its
relative simplicity and robustness to feature scaling also contribute
to consistently low errors, though it still falls short of AutoGluon’s
meta-ensembling advantage.

Topic Random Forest MAE
Electric Cars 10.22
Cryptocurrency 20.88
Vegan Food 4.78
AT Startups 7.22
Home Fitness 7.54

Table 3.2: Random Forest MAE Across Topics

3. Prophet Generally Outperforms ARIMA and Holt—Winters
on Seasonal Data

Prophet’s MAE (ranging from 5.45 to 23.45) is the third lowest for all
five topics, reliably providing better accuracy than ARIMA (MAE:

5.90-25.67) and Holt—-Winters (MAE: 6.10-27.12). Prophet’s additive
regression framework explicitly modeling trend, seasonality (weekly /annual),
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Topic Prophet MAE
Electric Cars 11.89
Cryptocurrency 23.45
Vegan Food 5.45
Al Startups 7.80
Home Fitness 8.75

Table 3.3: Prophet MAE Across Topics

and user-defined holidays enables it to adapt to multiple seasonal pat-
terns without extensive manual parameter tuning. Consequently, it
outperforms ARIMA (which requires careful differencing and seasonal
order selection) and Holt—Winters (which assumes fixed seasonality),
especially in topics exhibiting strong weekly or monthly cyclicality
(e.g., Vegan Food, Home Fitness).

4. ARIMA and Holt—Winters Lag Behind in Most Cases

Both ARIMA and Holt-Winters yield the highest MAEs across top-
ics, indicating limitations when applied “out-of-the-box” to Google
Trends data. ARIMA’s parametric nature (autoregressive and mov-
ing-average components) struggles when the underlying time series
exhibits nonstationary noise or abrupt shifts (e.g., Cryptocurrency).
Holt—Winters’ triple exponential smoothing accurately captures level,
trend, and seasonality only when these components remain relatively
stable; it cannot adapt quickly to changing volatility or irregular
external events. That said, Holt—Winters still slightly outperforms
ARIMA for sharply seasonal topics (e.g., Vegan Food: Holt-Winters
= 6.10 vs. ARIMA = 5.90, where the margin is minimal), suggest-
ing that, when tuned optimally, Holt-Winters can be competitive for
lower-volatility domains.

Topic ARIMA MAE Topic Holt—Winters MAE
Electric Cars 12.34 Electric Cars 13.01
Cryptocurrency 25.67 Cryptocurrency 27.12
Vegan Food 5.90 Vegan Food 6.10
AT Startups 8.34 AT Startups 8.90
Home Fitness 9.10 Home Fitness 9.50

Table 3.4: ARIMA MAE Across Topics

Table 3.5: Holt—Winters MAE Across Topics

5. Relative Error Gaps Vary by Topic Complexity

The absolute performance gap between the best (AutoGluon) and
worst (Holt—Winters or ARIMA) models widens for more volatile
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topics. For example, in Cryptocurrency, AutoGluon’s MAE (19.34)
is about 7.4% lower than Random Forest MAE (20.88) and approxi-
mately 17.5% lower than Prophet’s MAE (23.45), whereas ARIMA’s
MAE (25.67) and Holt-Winters’MAE (27.12) suffer from modeling
noise spikes. In contrast, in the topic of Vegan Food characterized
by smoother, slower-growing interest, AutoGluon’s MAE (4.20) is ap-
proximately 31.2% lower than Holt-Winters” MAE (6.10) and 28.8%
lower than ARIMA’s MAE (5.90). Thus, model selection benefits
increase with topic volatility.

3.4 Topic-Specific Model Insights

Below, we analyze each topic in detail, explaining why particular models
excel or falter given the underlying data characteristics (trend behavior,
seasonality, volatility, and exogenous influences).

3.4.1 Electric Cars

1. Data Characteristics

The Google Trends series for “Electric Cars” exhibits a clear upward
trend over the study period, punctuated by occasional spikes cor-
responding to major product releases and industry announcements.
While there is some weekly seasonality—Ilikely tied to weekend media
coverage—there are few abrupt crashes or extreme outliers.

2. Model Rankings (MAE)
AutoGluon (9.75)
Random Forest (10.22)
Prophet (11.89)

ARIMA (12.34)
Holt-Winters (13.01)

AN S A

3. Why AutoGluon Is Best

AutoGluon’s ensemble integrates both tree-based learners (capturing
nonlinear growth and occasional spikes) and linear models (capturing
the underlying trend). Its automated hyperparameter tuning tai-
lors smoothing parameters within individual base learners to respond
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to gradual trend shifts and isolated peaks (e.g., Tesla launch an-
nouncements). Consequently, it can leverage variable lag windows—
sometimes up to 8-12 weeks—to forecast medium-term growth better
than standalone models.
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Figure 3.3: Forecast vs Actual Trend-Sentiment Analysis for "Eletric Cars”

4. Why Random Forest Comes Second

Random Forest’s use of lagged Google Trends values and Reddit
sentiment (as exogenous regressors) allows it to capture immediate
pre-announcement buzz. This is particularly effective when Reddit
sentiment spikes one to two weeks before increased search interest.
However, Random Forest lacks explicit seasonal decomposition and
may overfit short-term noise, yielding slightly higher MAE than Au-
toGluon when moderating long-run trend behavior.

5. Why Prophet Ranks Third

Prophet’s automatic changepoint detection and weekly seasonality
component enable good baseline performance. It models the steady
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upward trajectory well but cannot fully adapt to non-periodic spikes
associated with one-off events. As a result, it underestimates sud-
den surges in search interest, leading to higher residual errors during
announcement weeks.

6. Why ARIMA and Holt—Winters Underperform

« ARIMA (12.34): The model struggles to adapt when data
changes from a steady trend to rapid growth. It also cannot eas-
ily include outside factors like social media or news, so it reacts
too slowly to major events in the industry.

« Holt—Winters (13.01): While it captures general trends and
regular weekly patterns, it fails to anticipate sudden promotional
events. Since big announcements often happen just days before
spikes in interest, the model tends to consistently underpredict
in those cases.

3.4.2 Cryptocurrency

1. Data Characteristics

Cryptocurrency search interest is highly volatile, with frequent sharp
upswings (e.g., Bitcoin price rallies) and downturns. Noise dominates,
and short-lived impulsive peaks—often cryptocurrency-related news
or sudden market movements—disrupt any smooth trend or season-
ality.

2. Model Rankings (MAE)

AutoGluon (19.34)

Random Forest (20.88)

Prophet (23.45)

ARIMA (25.67)

Holt—Winters (27.12)

AN S A

3. Why AutoGluon Is Best

AutoGluon’s ensembling of neural networks, gradient-boosted trees,
and linear models proves crucial where volatility dominates. Tree-based
and neural components react flexibly to sudden jumps, whereas linear
and AR-type base learners maintain trend continuity. The stacking
layer identifies when to weight nonlinear predictors more heavily (e.g.,
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during extreme price fluctuations) versus smoother predictors (e.g.,
when the market is calm). AutoGluon’s internal cross-validation early
stopping prevents overfitting to noise, preserving generalization.

Trend x Sentiment

Trend x Sentiment
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Figure 3.4: Forecast vs Actual Trend-Sentiment Analysis for ”Cryptocurrency”

4. Why Random Forest Comes Second

Random Forest’s ability to partition the feature space—especially
with lagged features of high-frequency sentiment scores from Reddit—
enables it to detect patterns just prior to search spikes. However,
RF struggles to project entirely new extremes it has not seen dur-
ing training, leading to underforecasts during unprecedented rallies.
This limitation accounts for its roughly 7.9 % higher MAE than Au-
toGluon.

. Why Prophet Ranks Third

Prophet’s model assumes trend shifts follow piecewise linear or logistic
patterns and imposes a component for weekly seasonality. While it
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can adjust to medium-term trend reversals, it cannot capture the
subweekly, intraday-like swings that characterize crypto buzz. The
one-week granularity of Google Trends further exacerbates error, as
intraweek crashes or rallies get smoothed into single weekly points.

6. Why ARIMA and Holt-Winters Underperform

« ARIMA (25.67): While ARIMA handles short-term patterns
well, it struggles when market behavior suddenly changes. Since
it wasn’t updated regularly in this case, it often made predictions
based on outdated patterns.

« Holt—Winters (27.12): This model assumes that seasonal trends
last for a fixed time, but in crypto markets, trends can change
quickly. As a result, it often reacts too slowly—missing sharp
rises and exaggerating dips..

3.4.3 Vegan Food

1. Data Characteristics

Vegan Food search interest follows a smoother, more gradual trend
with mild weekly seasonality (higher interest late in the week, possibly
linked to weekend meal planning) and occasional spikes around “Veg-
anuary” campaigns (January) or World Vegan Day (mid-November).
The series is less noisy than Cryptocurrency or Electric Cars, with
lower amplitude.

2. Model Rankings (MAE)
AutoGluon (4.20)
Random Forest (4.78)
Prophet (5.45)

ARIMA (5.90)
Holt—Winters (6.10)

AN S A

3. Why AutoGluon Is Best

For a relatively less volatile series, AutoGluon’s ensemble still identi-
fies that lag-order = 52 (annual cycles) and lag-order = 4 (quarterly
pulses) combinations work well in tree-based learners, while linear
learners capture the subtle upward trend. Because spikes around Ve-
ganuary recur each year, AutoGluon’s hyperparameter search finds
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that giving extra weight to annual seasonality within Prophet-like
base learners (automatically included) reduces error.

Vegan Food — Historical + Actual Future

— Historical
140 1 —e— Actual Future

120 1

100 A

80 1

Trend x Sentiment

60

40

o o > > 3 <] &
e % k] Q Q o)
© @ o« W $ s .
Date
Vegan Food — Historical + Forecast
— Historical
140 1 Forecast
120 1
o
(=4
[
.E 100 1
c
L7
(3]
® 80
-
[ =
P
= 60
ap
o o S 3 5 el o
I ] k) ) Q Q
& & o & N & N
Date

Figure 3.5: Forecast vs Actual Trend-Sentiment Analysis for "Vegan Food”

4. Why Random Forest Comes Second

Random Forest’s explicit use of lagged features spanning 1-8 weeks
effectively models the weekly spike pattern (end-of-week interest) and
the annual Veganuary bump (using a 52-week lag). However, RF can-
not easily impose a smooth global trend beyond its finite lag windows;
as a result, it slightly overfits the local weekly pattern and underfits
the general upward shift over multiple years.

5. Why Prophet Ranks Third

Prophet’s explicit modeling of annual and weekly seasonality captures
the periodic Veganuary and weekend patterns but requires manual
holiday specification for “Veganuary” (January) and World Vegan
Day. In this experiment, only the built-in holidays for major U.S.
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observances were included; the omission of vegan-specific holidays
slightly increased residual error. When custom events are added,
Prophet’s MAE drops closer to 5.0 but still remains above Random
Forest because Prophet cannot exploit lagged sentiment features.

6. Why ARIMA and Holt—Winters Underperform

« ARIMA (5.90): This model captures yearly trends and some
big spikes, but it reacts slowly to sudden January increases caused
by campaigns like Veganuary. It also misses weekend peaks be-
cause of its limited structure.

« Holt—Winters (6.10): This model handles general trends and
weekly patterns well, but it can’t handle special yearly events
like the January spike. Since it treats those as random noise, its
predictions during that time are less accurate.

3.4.4 Al Startups

1. Data Characteristics

The “Al Startups” series displays moderate trend growth—spurred
by incremental increases in interest as new firms launch—and mild
seasonality (spikes around major Al conferences, typically occurring
semiannually). Occasional surges occur when high-profile funding
announcements or acquisition news break.

2. Model Rankings (MAE)
AutoGluon (6.95)
Random Forest (7.22)
Prophet (7.80)

ARIMA (8.34)
Holt—Winters (8.90)

A S A

3. Why AutoGluon Is Best

AutoGluon’s automated selection of a Light GBM-based tree learner
(sensitive to lagged features up to 16 weeks) and a simple feedforward
neural-net base model (capturing long-range trend) yields the lowest
MAE. The stacking ensemble assigns greater weight to the neural
net when forecasting medium-term jumps (conference seasons) and
to the tree learner when projecting gradual growth. By ensembling

63



Chapter 3: Results & Discussion

these base learners, AutoGluon effectively handles the mixed signal—
steady growth punctuated by semiannual conference peaks.
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Figure 3.6: Forecast vs Actual Trend-Sentiment Analysis for "Al Statups”

4. Why Random Forest Comes Second

Random Forest captures immediate pre-conference buzz via lagged
Google Trends (4-6 weeks). However, it cannot capture slower changes
in baseline interest that propagate over several quarters. Conse-
quently, RF slightly overpredicts during non-conference periods and
underpredicts just before sudden spikes (funding announcements out-
side of scheduled events), which explains its marginally higher error
compared to AutoGluon.

5. Why Prophet Ranks Third

Prophet’s semiannual seasonality component (period = 26 weeks)
needs manual specification. In this implementation, only a biannual
multiplier was added to reflect known major Al conferences. While
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this improves performance versus default weekly/annual seasonality,
Prophet still underfits unexpected off-cycle events (e.g., surprise ac-
quisition Reddit discussions) since those were not encoded as “holi-
days” or regressors.

6. Why ARIMA and Holt—Winters Underperform

« ARIMA (8.34): This model picks up some regular patterns,
like conference seasons, but struggles with surprise announce-
ments. It also assumes stable, normal errors—something that
breaks down when sudden spikes happen, leading to bigger pre-
diction errors.

« Holt—Winters (8.90): This model works well for regular, planned
events every 26 weeks, but it can’t handle unexpected news. Even
with optimized settings, it sticks to a fixed pattern and reacts
slowly to sudden changes.

3.4.5 Home Fitness

1. Data Characteristics

The “Home Fitness” series exhibits a pronounced weekly seasonal-
ity (peaks during New Year’s resolutions in January and occasional
autumnal upticks) and a gradually declining trend after the initial
pandemic surge. Intermittent spikes occur when major retailers ad-
vertise home-gym equipment or when fitness influencers launch new
programs.

2. Model Rankings (MAE)

AutoGluon (7.10)

Random Forest (7.54)

Prophet (8.75)

ARIMA (9.10)

Holt—Winters (9.50)

A S A

3. Why AutoGluon Is Best

AutoGluon autonomously weights an XGBoost base learner—sensitive
to the strong January-week resolution surge—and a linear model cap-
turing the overall downward adjustment post-pandemic. By ensem-
bling, it dynamically balances between an autoregressive tree learner
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that picks up the weekly and monthly retail-promotion cycles and a

ridge regression learner that tracks the long-term decay in interest.
This duality yields the lowest MAE.

Home Fitness — Historical + Actual Future

=
™
[=]

1 = Historical
—e— Actual Future

Trend x Sentiment
- -
o o 1Y)
[=] (=] o

(=]
(=]

.
o

o o o > 5 > >
s ) S d! S
@’S\ \a\,g\ ‘3@-\ ‘?\\ \)(\ _\)0 \)(‘
Date

Home Fitness — Historical + Forecast

140 1 — Historical
Forecast

120 A

100 4

80 1

Trend x Sentiment

60

40 7

. <
& & & o o s s
Date

Figure 3.7: Forecast vs Actual Trend-Sentiment Analysis for Home Fitness

4. Why Random Forest Comes Second

Random Forest, using lagged Google Trends (especially 1 week and 52
weeks) plus Reddit sentiment on fitness forums, captures the weekly
cycle effectively but cannot incorporate the decaying baseline trend
without an explicit long-lag feature (which was only partially included
at 52 weeks). As a result, it overestimates interest during mid-year
months when attention typically wanes, increasing error relative to
AutoGluon.

5. Why Prophet Ranks Third

Prophet’s modeling of weekly seasonality and custom “holiday” effects
for New Year’s uses default settings (weekly = 1, yearly = 1) and in-
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cludes January 1 as a holiday. This yields improved forecasts during
resolution season but still misses smaller promotions (e.g., Black Fri-
day fitness sales) that occur in late November. Because these one-off
events were not encoded, Prophet’s MAE remains relatively higher.

6. Why ARIMA and Holt—Winters Underperform

« ARIMA (9.10): This model was set up to handle yearly pat-
terns, but the actual data shows both weekly and January-specific
trends. Since ARIMA can’t handle multiple seasonal patterns
without extra help (like Fourier terms), it often over- or under-
predicts.

« Holt—Winters (9.50): Even with tuned parameters, this model
struggles with the strong weekly pattern and sudden retail pro-
motions. Its fixed structure can’t keep up with quick changes,
resulting in high prediction errors.

In sum, AutoGluon’s automated ensembling yields the best predictive
accuracy (lowest MAE) across all examined topics. Random Forest offers
a close second, demonstrating strong performance with engineered lagged
and sentiment features. Prophet outperforms traditional time-series meth-
ods (ARIMA, Holt-Winters) when domain events are codified, but still
lags behind ensemble-based approaches. ARIMA and Holt—Winters, while
foundational, require extensive manual tuning and often underperform in
the presence of noise or irregular spikes. These findings inform practition-
ers that, for forecasting Google Trends data—whether for steady-growth
topics like Vegan Food or volatile markets like Cryptocurrency—AutoML
frameworks combined with careful feature engineering deliver the most
robust results.

3.5 Forecasting Model Performance

To assess the predictive power of Reddit sentiment for forecasting Google
Trends interest, we developed two forecasting models for each topic:

e Basic Model: Uses only contemporaneous Reddit sentiment.

o Lagged Model: Incorporates time-lagged values of both sentiment
and trend to provide temporal context.
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The models were evaluated across the previously discussed topics. Per-
formance metrics include Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE), computed on a held-out test set.

Electric Cars

Electric Cars displayed the highest performance gain when using lagged
features. The lagged model significantly reduced forecast error compared
to the basic model, indicating that search interest in electric vehicles fol-
lows a momentum pattern best captured by historical data.

Model Type MAE RMSE
Basic 8.28 9.07

Lagged 5.08 5.72

Table 3.6: Forecast Performance — Electric Cars

Google Trend Prediction Comparison for 'Electric Cars'
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Figure 3.8: Google Trend Prediction Comparison for "Electric Cars”

Al Startups

The Al Startups topic exhibited a slight deterioration in forecast perfor-
mance when lagged features were included. This suggests potential over-
fitting or limited temporal structure in the trend series during the study
window.

68



Chapter 3: Results & Discussion

Model Type MAE RMSE

Basic 11.29 14.04

Lagged 12.16 16.05

Table 3.7: Forecast Performance — Al Startups

Google Trend Prediction Comparison for 'Al Startups'
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Figure 3.9: Google Trend Prediction Comparison for "Al Startups”

Vegan Food

For Vegan Food, the addition of lagged features yielded negligible improve-
ment. The weak negative correlation between sentiment and trend did not
translate into significant forecasting gains.

Model Type MAE RMSE

Basic 10.79 15.56

Lagged 10.76 14.79

Table 3.8: Forecast Performance — Vegan Food
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Google Trend Prediction Comparison for 'Vegan Food'
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Figure 3.10: Google Trend Prediction Comparison for "Vegan Food”

Cryptocurrency

The Cryptocurrency topic demonstrated substantial improvement with
lagged features. Volatile dynamics in interest were better captured through
time-aware modeling, resulting in a marked reduction in forecast error.

Model Type MAE RMSE
Basic 3.90 4.41

Lagged 2.88 3.36

Table 3.9: Forecast Performance — Cryptocurrency
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Google Trend Prediction Comparison for 'Cryptocurrency’
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Figure 3.11: Google Trend Prediction Comparison for "Cryptocurrency”

Home Fitness

Home Fitness exhibited very limited forecast improvement using lagged
models. This may reflect external, non-sentiment-driven factors influenc-
ing trend fluctuations.

Model Type MAE RMSE

Basic 10.68 12.19
Lagged 10.60 11.75

Table 3.10: Forecast Performance — Home Fitness
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Google Trend Prediction Comparison for 'Home Fitness'
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Figure 3.12: Google Trend Prediction Comparison for "Home Fitness”

In summary, the findings show that using lagged features significantly
improves forecasting for fast-changing topics like Electric Cars and Cryp-
tocurrency, reducing MAE by 39% and 26%. These topics rely on mo-
mentum and historical patterns. In contrast, for more stable topics like
AT Startups, Vegan Food, and Home Fitness, complex models offer little
benefit and can even overfit, as there’s less trend-sentiment interaction.
Sentiment by itself is a weak predictor—models that used only sentiment
had high error rates, especially for Electric Cars. However, sentiment
becomes more useful when combined with past trend data.

These results show that forecasting models work best when they're
adapted to the specific topic. Adding sentiment data gives a small im-
provement, but combining it with time-based patterns makes predictions
much stronger, especially for fast-moving trends.

3.6 Evaluation of Large Language Models

The final stage of our project includes a business advisor module pow-
ered by Large Language Models (LLMs), designed to generate actionable
insights based on forecast outputs and sentiment signals.
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3.6.1 Dataset Description and Preprocessing

The dataset used for training and evaluation is "finGPT-fiqa_ qa”, it fo-
cuses on financial question-answering tasks and provides a rich benchmark
for assessing the reasoning and language understanding capabilities of large
language models in finance-related contexts?Y.

The dataset was divided into three standard subsets:

60% for training, 20% for validation, and 20% for testing. While only
the training and validation sets were used to fine-tune one of the models
(LLaMA), all models were evaluated in a zero-shot setting using a ran-
domly selected sample of 100 examples from the test set. This allowed
for a fair and consistent comparison of the generalization abilities of each

model.

3.6.2 Evaluated Models

Four large language models were evaluated under the same conditions:

« LLaMA (Fine-tuned): This version of LLaMA was fine-tuned
specifically on the "finGPT-figa_ga” dataset using the training and
validation sets. The goal of this fine-tuning was to adapt the base
LLaMA model to the financial QA domain, improving its relevance
and response quality for domain-specific queries.

« LLaMA (Base): The original, unmodified version of LLaMA was
used to serve as a baseline and measure the added value of fine-tuning.

e Qwen3: A powerful open LLM with multilingual and reasoning ca-
pabilities, tested here without any fine-tuning.

o Falcon: Another competitive open LLM used in its base form to
benchmark performance against the fine-tuned and general-purpose
models.

All models were evaluated in a zero-shot setting, meaning they were
directly prompted with test questions without having seen those examples
during training.

3.6.3 Evaluation Results and Analysis

The evaluation was conducted using four widely accepted metrics for nat-
ural language generation and QA performance:
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« ROUGE-L: Measures overlap based on the longest common subse-
quence.

« BERT Cosine Similarity: Computes the semantic similarity be-
tween answers using BERT embeddings.

« METEOR: Focuses on recall, stemming, and synonym matches.

« BLEU: Captures n-gram precision, typically used in machine trans-
lation tasks.

The results are shown in the figure below:

LLMs Zero Shot Prompting Evaluation Results

Figure 3.13: Evaluation of LLMs on the FinGPT Dataset

Key observations:

« LLaMA (Fine-tuned) consistently outperforms the other models
across all metrics, demonstrating the impact of targeted fine-tuning
on domain-specific tasks.

e The base LLaMA shows reasonable performance but trails behind
its fine-tuned counterpart, especially on metrics related to semantic
understanding (BERT cosine).

« Qwen3 performs competitively, nearly matching LLaMA (fine-tuned)
in some areas, but slightly lags overall.

o Falcon records the lowest scores on all four metrics, indicating limited
adaptation to the financial QA context.

Based on these results, LLaMA (fine-tuned) was selected for fur-
ther use. Its superior performance on three out of four evaluation metrics
confirms the benefit of adapting general-purpose LLMs to domain-specific
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datasets. This model offers a balanced combination of lexical accuracy
and semantic understanding, making it the most suitable candidate for
financial QA tasks in this study.

3.7 Conclusion

This chapter presented a comprehensive evaluation of forecasting models
and large language models across multiple topics and tasks. For time se-
ries forecasting, results showed that model performance depends on the
volatility and seasonality of the topic, with AutoML frameworks like Au-
toGluon offering robust, out-of-the-box performance. Sentiment features
were helpful mainly when combined with lagged trend data. For language
modeling, the fine-tuned LLaMA model outperformed others on financial
question answering, confirming the benefits of domain-specific training.
Together, these findings highlight the importance of model selection, fea-
ture engineering, and domain adaptation in building effective Al systems.
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General Conclusion

This thesis explored the intersection of market trend prediction, sentiment
analysis, and business strategy advisory through the lens of artificial intel-
ligence. The research began with a comprehensive review of the relevant
literature, identifying the theoretical underpinnings and technological ad-
vancements that have shaped the current landscape. Emphasis was placed
on the growing role of Al particularly machine learning, deep learning,
and large language models in transforming the way market behavior and
public sentiment are analyzed.

The methodology chapter detailed the design and implementation of a
hybrid framework integrating Google Trends data and Reddit sentiment
analysis for forecasting market trends. Several forecasting models, in-
cluding both classical and modern approaches (ARIMA, Prophet, Holt-
Winters, LSTM, Random Forest, and AutoGluon), were implemented and
compared using different combinations of features. Additionally, we incor-
porated the evaluation of large language models like LLaMA, Qwen3 and
Falcon-7B to assess their potential as financial question-answering agents.

The results revealed that model performance varies significantly de-
pending on the context, data fusion strategies, and the domain of the
trend. AutoGluon consistently outperformed other models in accuracy,
especially when sentiment data was integrated. Moreover, topic-specific
analyses uncovered that certain domains such as cryptocurrency and Al
startups exhibit more complex dynamics, benefiting substantially from the
fusion of behavioral and sentiment indicators. Large language models also
demonstrated promising capabilities, albeit with limitations in domain-
specific reasoning and consistency.

Overall, this work contributes to the growing body of research advocat-
ing for multi-source, Al-driven approaches to trend prediction and strate-
gic decision-making. By combining quantitative market signals with qual-
itative public sentiment, and integrating modern forecasting tools with
conversational Al, we demonstrate the potential of intelligent systems in
guiding businesses through complex, data-rich environments.

Future work may extend this framework with real-time forecasting, re-
inforcement learning for adaptive strategies, or fine-tuned language mod-
els tailored specifically to financial discourse. The integration of explain-
able AT techniques also remains a promising direction for increasing trans-
parency and trust in Al-driven decision support systems.
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