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 :مقدمة

Think for a moment about how the world of finance is utterly transforming. It's being pulled into 

a new era by two incredibly powerful forces: the sheer explosion of digital data available to us, 

and the breathtaking advancements we're making in Artificial Intelligence (AI). For decades, 

investment decisions have largely relied on pretty traditional stuff – company financial 

statements, broad economic indicators, and historical stock prices. And while these are still 

absolutely crucial, they increasingly give us a rather limited, often rearview-mirror perspective 

on what's genuinely unfolding in market dynamics and company valuations. The inherent 

limitations of this conventional data – its backward-looking nature, rigid structure, and 

vulnerability to human biases in interpretation – clearly signal a need to venture into uncharted 

informational territories. 

That's precisely where the concept of "alternative data" bursts onto the scene, poised to truly 

disrupt the status quo. Imagine a vast, wonderfully heterogeneous ocean of non-traditional 

information. This could encompass anything from satellite images meticulously tracking retail 

foot traffic or the intricate dance of supply chains, to anonymized credit card transactions 

revealing the pulse of consumer spending, or even the nuanced sentiment bubbling up from 

social media reflecting collective investor moods. We're talking about granular web traffic 

patterns, insights into corporate health from app usage, the subtle shifts captured by geolocation 

data, and so much more. These datasets offer real-time, highly detailed, and frequently 

proprietary insights that can provide a formidable informational advantage, allowing us to build 

a far more predictive and holistic understanding of both market movements and fundamental 

corporate performance. 

Simultaneously, AI – encompassing the sophisticated realms of Machine Learning (ML), Deep 

Learning (DL), and Natural Language Processing (NLP) – has matured beyond anything we 

could have imagined a few years ago. AI algorithms now possess an almost unparalleled ability 

to process, analyze, and unearth incredibly subtle, complex, and often non-linear patterns from 

colossal, unstructured, and frequently noisy datasets. This is a monumental task that completely 

overwhelms human cognitive capacity and leaves traditional statistical methods in the dust. 

This study invites you to explore the fascinating synergy born from blending AI's analytical 

muscle with the rich informational veins of alternative market data. Our core mission? To 

meticulously uncover how this integration can dramatically improve investment portfolio 

performance, pushing the boundaries of traditional alpha generation. We firmly believe that by 

leveraging AI to decipher the often-hidden signals within alternative data, investors can gain a 

far more comprehensive, forward-looking, and dynamic grasp of market realities. Ultimately, this 

should lead to more insightful decision-making, significantly enhanced risk management, and 

the construction of genuinely more resilient and higher-performing investment portfolios. This 

potent fusion isn't just an academic curiosity; it represents a new frontier in financial innovation, 

poised to redefine what truly provides a competitive edge in asset management. 

 

 

 

 

 

  



 :مشكلة الدراسة 

Despite the widespread acknowledgment of alternative data's potential and AI's analytical 

capabilities, a significant lacuna exists in the systematic and empirical understanding of how 

these two forces can be most effectively integrated to yield consistent and attributable 

enhancements in investment portfolio performance. The transition from theoretical promise to 

practical implementation is fraught with considerable challenges that constitute the core of this 

study problem: 

• Data Acquisition, Pre-processing, and Integration Complexity: Alternative data is 

inherently diverse in format (text, image, numerical, audio), velocity (batch vs. real-time 

streams), and volume (petabytes). Sourcing, acquiring, cleaning, normalizing, and 

integrating these heterogeneous datasets with traditional financial data presents 

substantial technical and infrastructural hurdles. Moreover, ensuring the ethical collection 

and privacy compliance of such data adds another layer of complexity. 

• Signal Extraction and Feature Engineering in High-Dimensional Noise: Alternative 

datasets are often characterized by a low signal-to-noise ratio. Distinguishing genuinely 

predictive signals from spurious correlations, irrelevant information, or transient trends 

within vast, unstructured, and often collinear data dimensions requires highly 

sophisticated feature engineering and robust AI algorithms capable of identifying non-

linear relationships and mitigating overfitting. Traditional statistical methods often falter 

in such high-dimensional, noisy environments. 

• AI Model Selection, Validation, and Explainability Challenges: The proliferation of AI 

algorithms (e.g., various neural network architectures, ensemble methods) necessitates 

careful selection based on the specific alternative data type and prediction objective. 

Furthermore, validating the predictive efficacy of these models in dynamic financial 

markets, especially against issues like concept drift and non-stationarity, is critical. The 

"black-box" nature of many powerful AI models presents a significant challenge for 

interpretability, hindering trust, adoption by human portfolio managers, and compliance 

with regulatory requirements for explainable financial decision-making (e.g., model risk 

management, auditability). 

• Quantifying Attributable Performance Enhancement: Isolating and quantifying the 

specific incremental value added by AI-driven alternative data insights to a portfolio's 

performance is methodologically complex. Standard performance attribution models 

may not adequately capture the subtle and dynamic contributions of these advanced 

analytics. Establishing robust benchmarks and statistical methodologies to demonstrate 

statistically significant outperformance attributable solely to the integration of AI and 

alternative data, beyond market beta or traditional factor exposures, remains a key 

challenge. 

• Operationalization and Scalability: Moving from proof-of-concept to a production-

grade system requires seamless integration of data pipelines, AI model deployment, 

continuous monitoring, and automated trading or rebalancing mechanisms. The 

necessary talent pool combining deep expertise in data science, AI engineering, and 

financial markets is scarce, further complicating operationalization and scalability. 

This study endeavors to systematically address these multifaceted challenges by proposing a 

comprehensive framework and empirical methodology to investigate the optimal integration 

strategies of AI and alternative data, aiming to quantify their impact on investment portfolio 

performance and identify practical solutions for successful deployment in the modern financial 

landscape. 

  



 :أهمية الدراسة

This research isn't just an academic exercise; it carries significant weight for many players in 

today's rapidly evolving financial world: 

• For Investment Professionals and Asset Managers: In a world where profit margins 

are tight and competition is fierce, finding new ways to generate returns and manage risk 

is absolutely vital. This research offers a practical, evidence-based roadmap for fund 

managers, quantitative analysts, and chief investment officers. It shows them how to 

strategically weave AI and alternative data into their investment decision-making. This 

could mean: 

o Finding New Returns: Discovering fresh, uncorrelated sources of profit. 

o Smarter Risk Management: Spotting hidden risks and making portfolios more 

resilient. 

o Better Portfolios: Achieving higher returns for the risk taken (like a better 

Sharpe Ratio) and more effective diversification. 

o Staying Ahead: Gaining a real informational and analytical advantage over 

competitors who stick to old methods. 

• For Fintech Innovators and Tech Companies: Our findings will highlight specific areas 

where new technological solutions are most needed or where existing ones can be 

improved. This research can guide the creation of next-generation AI platforms, 

specialized marketplaces for alternative data, better data integration tools, and 

"explainable AI" (XAI) solutions designed specifically for the financial industry. It's about 

fueling the next wave of fintech innovation. 

• For Regulators and Policymakers: As AI and alternative data become commonplace 

in finance, understanding their impact on market fairness, stability, and data privacy is 

paramount. This study offers insights into how these technologies work, their potential 

risks (e.g., algorithmic bias, systemic risks from everyone using similar AI strategies), 

and their benefits. This can help regulators develop smart, forward-looking policies for 

data governance, market transparency, and responsible AI use in financial services. 

• For Everyday and Institutional Investors: Ultimately, the progress from this research 

can lead to more efficient and robust investment options. When investment decisions are 

smarter and risk is managed better, it means greater wealth creation and preservation 

for individual savers, as well as large institutional investors like pension funds and 

endowments, all working towards their long-term financial goals. 

For the Broader Economy: More intelligent investment decisions, powered by these 

advancements, can lead to more efficient allocation of capital. This, in turn, can foster innovation, 

boost productivity, support economic growth, and contribute to overall market stability by 

directing funds to the most promising and productive ventures. 

 

 

 

 

 

  



 :أهداف الدراسة

This study aims to achieve a rigorous and comprehensive investigation into the synergistic 

deployment of Artificial Intelligence and alternative market data for enhancing investment 

portfolio performance. The specific objectives are: 

• O1: To meticulously identify, classify, and analyze the characteristics and 

predictive potential of various categories of alternative market data (e.g., 

textual/sentiment, geospatial, transactional, behavioral, supply chain) that offer novel 

and robust signals for informing investment decisions across different asset classes and 

market conditions. This objective entails evaluating their incremental informational value 

beyond traditional financial data. 

• O2: To critically evaluate and determine the optimal Artificial Intelligence 

techniques and architectures (including, but not limited to, advanced Natural 

Language Processing models for text, Convolutional Neural Networks for image data, 

Recurrent Neural Networks/Transformers for time-series and sequential data, and 

ensemble learning methods) most suitable for preprocessing, extracting meaningful 

features, and constructing robust predictive models from the identified diverse and often 

unstructured alternative market datasets. 

• O3: To develop and propose a comprehensive conceptual and operational 

framework for the seamless and effective integration of AI-driven insights derived from 

alternative data into key stages of the investment portfolio management lifecycle, 

encompassing: 

o Alpha Signal Generation: Identifying novel sources of uncorrelated returns. 

o Quantitative Model Enhancement: Improving the accuracy and robustness of 

predictive models. 

o Portfolio Construction and Optimization: Informing asset allocation, security 

selection, and rebalancing decisions. 

o Risk Management: Enhancing the identification, measurement, and mitigation 

of various market and idiosyncratic risks. 

• O4: To empirically quantify and statistically validate the incremental impact of 

systematic integration of AI-driven alternative data analysis on the performance 

of simulated investment portfolios, compared to portfolios managed solely on 

traditional data. Performance will be assessed using a suite of advanced metrics 

including, but not limited to, risk-adjusted returns (e.g., Sharpe Ratio, Sortino Ratio, 

Calmar Ratio), absolute return (CAGR), volatility reduction, maximum drawdown, and 

diversification benefits (e.g., lower correlation with market benchmarks). 

O5: To thoroughly identify, analyze, and propose practical mitigation strategies for the 

primary technical, operational, ethical, and regulatory challenges encountered during the 

actual implementation and deployment of AI-driven alternative data strategies within institutional 

investment environments, specifically addressing issues of model interpretability, data privacy, 

and algorithmic bias. 

 

 

 

 

  



 تساؤلات الدراسة

Drawing from the stated objectives, this research will seek to answer the following academically 

rigorous questions: 

• RQ1: What categories of alternative market data exhibit the most significant and 

consistent predictive power for financial asset performance (e.g., equity returns, 

commodity prices, macroeconomic indicators) when analyzed by Artificial 

Intelligence algorithms, beyond the predictive capabilities of traditional financial 

data? 

o H1.1: Textual alternative data, processed by advanced NLP, provides statistically 

significant leading indicators for corporate earnings surprises. 

o H1.2: Geospatial data, analyzed by Computer Vision, offers unique insights into 

physical economic activity that correlate with sector-specific revenue growth. 

• RQ2: Which specific Artificial Intelligence methodologies (e.g., advanced NLP 

models, Convolutional Neural Networks, Recurrent Neural Networks, ensemble 

methods) demonstrate superior efficacy in extracting actionable and robust 

financial signals from the heterogeneous and often unstructured nature of 

alternative market data? 

o H2.1: Deep learning architectures outperform traditional machine learning 

algorithms in identifying complex, non-linear patterns within high-dimensional 

alternative datasets. 

o H2.2: Transfer learning and pre-trained models significantly enhance the 

performance of AI models when applied to specific financial alternative data 

domains due to limited labeled data. 

• RQ3: How can a systematic and architecturally sound framework be developed for 

integrating AI-driven insights from alternative data into the complete lifecycle of 

quantitative investment portfolio management, from alpha research and signal 

generation to portfolio optimization and real-time risk monitoring? 

o H3.1: A multi-factor AI model incorporating alternative data will consistently 

generate higher-quality alpha signals than models relying solely on traditional 

factors. 

o H3.2: Integrating AI-derived risk signals from alternative data leads to more 

effective portfolio risk reduction and improved downside protection. 

• RQ4: To what quantifiable and statistically significant extent does the systematic 

integration of Artificial Intelligence for alternative data analysis enhance key 

investment portfolio performance metrics (e.g., Sharpe Ratio, absolute returns, 

maximum drawdown, alpha) in simulated backtesting environments, compared to 

portfolios managed without such integration? 

o H4.1: Portfolios employing AI-driven alternative data analysis will exhibit a 

statistically significant improvement in Sharpe Ratio compared to conventional 

portfolios over various market cycles. 

H4.2: AI-enhanced portfolios will demonstrate lower maximum drawdown and reduced volatility 

during periods of market stress. 

 

 

 

  



 :فروض الدراسة

Core Hypothesis: 

• H1: AI-driven investment portfolios leveraging alternative data will statistically outperform 

traditional portfolios that rely solely on conventional financial data. 

Supporting Hypotheses: 

• H2: Alternative data, when processed by AI models, provides unique and valuable predictive 

signals for asset price movements and market trends not fully captured by traditional financial 

data. 

• H3: AI models, particularly advanced machine learning and deep learning techniques, can 

effectively extract actionable insights from complex and unstructured alternative datasets. 

• H4: Investment strategies incorporating AI-generated signals from alternative data will 

demonstrate superior risk-adjusted returns (e.g., higher Sharpe Ratios) compared to traditional 

strategies. 

• H5: AI-driven alternative data strategies will exhibit enhanced diversification benefits, leading to 

lower maximum drawdowns during market downturns compared to traditional portfolios. 

 

  



 :الدراسات السابقة

Previous Studies: A Critical Review 
We've thoroughly reviewed existing research to pinpoint key contributions, common approaches, 

and, importantly, the crucial gaps our study aims to fill. 

Alternative Data Applications – What We've Learned and Where We're Lacking: 

• Text & Sentiment Analysis: Studies show NLP on news, social media, and corporate 

filings (e.g., Bollen, Mao, & Zeng, 2011; Loughran & McDonald, 2011) can predict market 

moves. 

o Gap: While powerful for specific assets, a holistic framework for integrating 

diverse textual signals into comprehensive, long-term portfolio strategies, 

considering inter-asset correlations, is still missing. 

• Geospatial Data: Research leveraging satellite imagery and traffic data (e.g., by Orbital 

Insight, Descartes Labs) effectively predicts micro-level events like retail sales or 

commodity supply. 

o Gap: Most studies are limited to single companies or commodities. We need 

more work on integrating these signals for broader macroeconomic forecasting 

or sector allocation across different regions and economic contexts. 

• Transactional & Behavioral Data: Anonymized credit card data and web Browse 

patterns offer granular consumer insights, linked to economic trends (e.g., economic 

"nowcasting"). 

o Gap: Rigorous, publicly verifiable studies directly linking highly granular (often 

proprietary) transactional data to portfolio performance are scarce, and the 

ethical implications are often understated. 

• Supply Chain & Technical Data: Studies analyzing shipping, patents, job postings, and 

even weather show some predictive power for industry trends. 

o Gap: Comprehensive integration of disparate, non-standardized supply chain 

data for global portfolio diversification and risk management is an 

underdeveloped area. 

AI/ML Methodologies in Finance – Progress and Puzzles: 

• ML & DL Applications: Extensive literature covers applying classical ML (e.g., Random 

Forests, SVMs, Gradient Boosting) and Deep Learning (e.g., CNNs, RNNs, LSTMs) in 

finance (e.g., Lopez de Prado, 2018). Major institutions are rapidly adopting DL. 

o Gap: While predictive power is clear, there’s insufficient comparative analysis of 

different AI architectures across all alternative data types within a cohesive 

portfolio optimization framework. Also, the "black box" nature of Deep Learning 

limits adoption, highlighting a strong need for Explainable AI (XAI) in finance 

(e.g., Gunning & Aha, 2019). 

• Quantitative Investment Strategies: This mature field (factor investing, algorithmic 

trading) faces new opportunities with high-dimensional data and adaptive AI. 

o Gap: Most quantitative strategies still rely heavily on traditional data. A 

systematic investigation into how AI-processed alternative data can genuinely 

augment or revolutionize established quantitative models is needed. 

Identified Gaps Our Study Will Address: 

1. Holistic Integration Framework: We need a validated framework to seamlessly embed 

diverse AI-driven alternative data insights into the entire investment portfolio 

management lifecycle. 

2. Comparative Efficacy: We'll provide rigorous comparisons of different AI techniques 

across various alternative data types, directly linking them to enhanced portfolio metrics. 



3. Attributable Performance: Our study aims to deliver clear, statistically significant, and 

attributable outperformance from AI-driven alternative data strategies against traditional 

benchmarks, accounting for real-world costs. 

Operationalization & Explainability: We'll address the practical hurdles of deploying these 

complex systems in regulated environments, focusing on model interpretability, data quality 

governance, and ethical considerations. 

 

 

 

  



 :المنطلقات النظرية للدراسة

Based on our synthesis of financial theories and the current state of fintech, our study rests on 

these foundational ideas: 

• Premise 1: Alternative market data, across its various forms (like text, geospatial, 

transactional), holds hidden, actionable information that traditional financial 

analysis often misses. This offers a unique and meaningful ability to predict asset 

price movements and understand company health. Our belief here is that even in 

generally efficient markets, temporary inefficiencies exist because of the sheer volume, 

unstructured nature, and newness of alternative data, making it hard for everyone to 

process quickly and consistently. 

• Premise 2: Artificial Intelligence methods have the computational power and 

algorithmic intelligence to effectively process, extract vital features, and uncover 

complex, non-linear predictive patterns from the vast, noisy, and diverse world of 

alternative market data. They simply go beyond what traditional statistics or 

human analysis can achieve. This assumes AI can truly conquer the "big data" 

challenges of volume, velocity, variety, veracity, and extracting real value. 

• Premise 3: Smoothly integrating AI-driven insights from alternative data into 

established ways of managing quantitative investment portfolios will lead to clear 

and statistically significant improvements in portfolio performance. We expect to 

see better risk-adjusted returns (like higher Sharpe ratios), reduced portfolio volatility, 

smaller maximum drawdowns, and the consistent generation of "alpha" (returns beyond 

market movements) that doesn't just come from traditional risk factors. This should 

create a lasting competitive edge. 

Premise 4: While promising a major transformation, successfully putting AI and 

alternative data into action in real investment portfolios depends on overcoming 

significant technical hurdles (like data quality, model robustness, and computational 

scale), ethical considerations (like data privacy and algorithmic bias), and operational 

challenges (like finding the right talent and making AI models understandable). Proactively 

tackling these limitations is essential for successful and responsible adoption. 

 

 

 

 

 

 

 

 

 

  



 :المنهجية وطرق البحث

We will use a numbers-based approach, mainly by testing investment ideas on old market data. 

9.1. Our Test Setup: Comparing Two Ways 
We'll run two types of imaginary investment portfolios: 

• "Normal" Portfolio: Uses traditional financial data. 

• "AI-Smart" Portfolio: Uses AI with new kinds of data. 
We'll compare them to see which works better. 

9.2. Getting Data Ready 
We need good data to start: 

• Collect Data: We'll get both standard financial info and special, non-traditional data (like 

text or images). 

• Prepare Data: We'll clean it up and make it ready for the AI to use. 

9.3. Building Our AI 

• Build AI Models: We'll create AI programs designed to find hidden patterns in the data. 

• Get Signals: The AI will then give us smart investment suggestions. 

9.4. Testing Investments 

• Set Up Portfolios: We'll create different imaginary investment portfolios, one "normal" 

and others using AI. 

• Run Simulations: We'll test these portfolios using historical market data. 

• Measure Results: We'll see how much money each portfolio made and how risky it was. 

9.5. Learning and Improving 

• We'll review past research and use what we learn to build a clear plan for using AI in 

investments. 

 

 

 

 

 



 أدوات الدراسة : 

To do this study, we need powerful computers and special software. Here's our toolbox: 

10.1. Getting the Data 

• Financial Data: We'll get regular company and market info from big financial services 

like Bloomberg and Refinitiv. 

• New Kinds of Data (Alternative Data): For special data like news sentiment, web 

traffic, or satellite images, we'll use companies like RavenPack and Orbital Insight 

(through special research access). 

• Public Data: We'll also use free online data from places like Google Trends or 

government websites. 

10.2. Computer Languages and Programs 

• Python: This is our main computer language. It's great for handling data and building 

AI. 

o Data Handling: Programs like Pandas and NumPy help us organize and work 

with numbers. 

o Teaching the AI: Scikit-learn, XGBoost, TensorFlow, and PyTorch are what 

we use to build and train our AI models. 

o Understanding Text: Hugging Face Transformers helps our AI understand 

language in news and reports. 

o Time Analysis: Statsmodels and Prophet help us look at data over time. 

o Finance Tools: We'll use special programs for financial calculations and 

testing our investment ideas. We might even build our own custom one. 

o Showing Data: Matplotlib and Plotly help us make clear charts and graphs. 

10.3. Our Computer Power 

• Strong Computers: We'll use powerful computers (with lots of memory and special 

graphics cards) to handle all the data and train our complex AI. 

• Cloud Computing: For really huge tasks, we'll use online computing services like 

Amazon (AWS) or Google Cloud to get extra power when we need it. 

10.4. Storing Our Data 

• Organized Data: We'll use PostgreSQL to store neat, organized financial data. 

• Flexible Data: For less organized "alternative" data, we'll use more flexible storage 

like MongoDB. 

• Big Data Storage: For massive collections of mixed data, we might use Snowflake 

or Google BigQuery. 

10.5. How We Work Together 

• Interactive Workbooks: Jupyter Notebooks let us write code, see results, and write 

notes all in one place. 

• Code Editors: Visual Studio Code helps us write and manage our main computer 

code. 

• Version Control: Git and GitHub help us keep track of all our changes and work 

together smoothly. 



10.6. Managing Our Sources 

Citation Tools: Zotero or Mendeley help us keep all our research papers organized and 

correctly cite them. 

  



  :الدراسة  حدود

Every rigorous study has its boundaries, and ours is no exception. We openly acknowledge the 

following limitations that might influence how broadly our findings can be applied: 
11.1. Data Access & What We Can Truly Represent: 

• Proprietary Data: Top quantitative funds use exclusive, real-time alternative datasets 

that are often beyond academic reach (too proprietary, too costly). We'll use publicly 

available or academic-licensed data, which means our findings might slightly understate 

the full performance boost possible in a commercial setting with all the bells and whistles. 

• Ethical & Privacy Lines: Some alternative data (like deep individual-level social media 

or hyper-granular location data) raises serious ethical flags. We're committed to strict 

privacy guidelines, sticking to anonymized or aggregated data. This is crucial, but it 

naturally limits how deeply we can delve into certain behavioral insights. 

11.2. Data Quality, Bias, and Historical Quirks: 

• Noise & Inconsistency: Alternative data is often inherently messy – noisy, inconsistent, 

prone to errors. Despite our best efforts in cleaning, eliminating all of this "noise" is simply 

impossible. 

• Algorithmic Bias: The data itself (how news is curated, social media algorithms) can 

carry biases. Our AI models, if not carefully designed, could amplify these, leading to 

skewed predictions or unintended portfolio exposures. We're mindful of this. 

• Survivorship Bias: When we use historical financial data for backtesting, we're mostly 

looking at companies that are still around. This can make past simulated returns look 

artificially better because we're not including those that went bankrupt or were delisted. 

It's standard practice, but it's a known upward bias. 

11.3. Model Complexity, Overfitting, and Understanding: 

• The Overfitting Trap: Training powerful AI models on historical data always risks 

overfitting – the model "memorizes" past quirks instead of learning general rules. We'll 

use rigorous testing to fight this, but the risk never completely vanishes. 

• "Black Box" Problem: Deep learning models are incredibly powerful, but often opaque. 

Understanding why they make specific predictions is tough. This "black box" nature can 

complicate trust for human managers, hinder regulatory compliance, and make 

troubleshooting a headache. While we'll explore Explainable AI (XAI), it's still a 

developing field in complex financial models. 

• Market Shifts (Concept Drift): Financial markets aren't static. Patterns AI identifies 

today might not hold true tomorrow. This "concept drift" can degrade performance over 

time. Continuous model retraining helps, but adds its own layer of complexity. 

11.4. Backtesting Realities vs. Live Markets: 

• Simulation vs. Reality: Backtesting is a simulation, not real life. It can't perfectly capture 

all market nuances like true liquidity for large trades, actual price impact, tiny bid-ask 

spread variations, execution delays, or the unpredictable human psychology in a live 

market. 

• Transaction Costs: We'll model transaction costs, but real-world costs can vary, 

potentially eating into profits, especially for high-turnover strategies. 

11.5. Computational Demands: 



• Processing massive alternative datasets, training complex AI, and running extensive 

backtests demand huge computational power. Even with cloud services, financial 

constraints might limit the sheer scale of some of our experiments. 

11.6. Talent & Operational Hurdles: 

• Bringing AI-driven alternative data strategies to life requires a very specific blend of data 

science, AI engineering, and deep financial expertise. This talent is scarce, and actually 

getting these complex systems from a research prototype into smooth, live operations is 

a significant challenge. 

11.7. Scope of Our Focus: 

• Our study primarily focuses on publicly traded equities. While our core principles may 

apply elsewhere, adapting them directly to other asset classes like fixed income or 

derivatives would likely require specific research beyond the scope of this Master's 

thesis. 
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F. Data Providers and Tools Used in Study 
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• Quiver Quantitative (Public Alternative Data) 
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