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Abstract—Stock evaluation involves piecing together 

several kinds of financial evidence, including market 

signals, company performance measures, and historical 

price movement. For many investors, especially those 

with limited experience, interpreting these elements 

manually can be slow and uncertain. To make the 

process simpler, this work presents IMDFSA (Intelligent 

Multidimensional Framework for Stock Analysis), a 

web-based platform built to support clearer and more 

systematic stock assessment. The system brings together 

fundamental analysis, technical indicators, and machine 

learning methods in one environment so that stock 

behavior can be examined from multiple angles. 

The framework evaluates stocks by examining a 

combination of financial fundamentals and technical 

market indicators. Key financial measures such as the 

Price-to-Earnings (P/E) ratio, Earnings Per Share (EPS), 

Return on Equity (ROE), and the Debt-to- Equity ratio 

are analyzed to understand the financial condition of a 

company. At the same time, market- based indicators 

including the Simple Moving Average (SMA), Relative 

Strength Index (RSI), and Moving Average Convergence 

Divergence (MACD) are used to interpret price trends 

and trading momentum. To improve accessibility and 

user interaction, the platform includes a chatbot 

interface that enables users to ask questions about stocks 

and quickly obtain relevant insights. 

 

I. INTRODUCTION 

 

The stock market serves as a primary avenue 

through which companies raise capital and 

investors build wealth, making it a central 

component of the modern financial system. At the 

same time, successful participation in the market 

demands careful judgment. Asset prices are 

influenced by a wide range of factors, including 

volatility patterns, short-term momentum, long- 

term financial strength, and overall market 

sentiment. For students and new investors in 

particular, manually observing and interpreting 

all of these elements can be slow, difficult, and 

vulnerable to mistakes or emotional decision- 

making. 

To overcome the limitations, present in many 

existing trading and analysis tools, this research 

introduces the Intelligent Multidimensional 

Framework for Stock Analysis (IMDFSA). The 

proposed system is designed as a comprehensive 

web-based platform that aims to make advanced 

analytical techniques more accessible to everyday 

investors. By combining several analytical modules 

within a single integrated environment, the 

framework connects professional-level market 

analysis with user-friendly accessibility. 

The platform evaluates stock performance through 

the combined examination of technical indicators, 

historical trading patterns, and fundamental financial 

information. Rather than relying on a single 

analytical perspective, the framework adopts a 

multidimensional approach to capture different 

aspects of market behavior. 

 

II. LITERATURE SURVEY 

 

A. Unveiling Market Dynamics: A Machine and Deep 

Learning Approach to Egyptian Stock Prediction 
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This study evaluates the predictive performance of 

various machine learning and deep learning models on 

Egyptian stock market data. Models such as Random 

Forest, Linear Regression, LSTM, and Bi-LSTM are 

compared using error-based evaluation metrics. The 

results show that Bi- LSTM produces the most 

accurate stock price predictions, outperforming 

traditional models such as ARIMA and GARCH. The 

paper demonstrates how deep learning can better 

capture complex market behavior in emerging stock 

markets. Published Year: 2025 

 

B. Machine Learning Applied in the Stock Market 

Through Moving Average Convergence 

Divergence (MACD) Indicator. 

This research demonstrates how machine learning 

algorithms can be explicitly applied to optimize 

traditional technical indicators, focusing specifically 

on the MACD. By systematically processing historical 

trading data, the authors prove that applying machine 

learning classification techniques directly to MACD 

signal generation significantly enhances the reliability 

of trading signals compared to standard, unoptimized 

rule sets. Published Year: 2020 

 

C. Behavioral Finance Factors and Investment 

Decisions: A Mediating Role of Risk Perception 

This study examines the often-overlooked human 

element in trading by investigating the behavioral 

finance factors that influence retail investment 

decisions. The research highlights the crucial 

mediating role of risk perception among investors, 

arguing that cognitive biases and emotional responses 

significantly shape portfolio management strategies, 

regardless of what quantitative models and algorithmic 

predictions suggest. Published Year: 2023 

 

D. Multi-Agent Stock Prediction Systems: Machine 

Learning Models, Simulations, and Real-Time 

Trading Strategies 

This research explores the cutting-edge application of 

multi-agent systems for stock market prediction. By 

combining various machine learning models 

(including LSTM, GRU, and attention-based 

architectures) with real-time trading simulations, the 

paper evaluates how intelligent agents can 

dynamically adapt to complex trading environments to 

optimize execution strategies and improve overall 

forecasting accuracy. Published Year: 2025 

E. Machine Learning and Deep Learning in 

Computational Finance: A Systematic Review 

This paper provides a comprehensive, systematic 

review of the integration of artificial intelligence 

within computational finance. It catalogs how both 

traditional machine learning classifiers and advanced 

deep learning architectures have revolutionized the 

financial sector over the past decade, detailing their 

successful applications in asset pricing, risk 

management, and algorithmic trading. Published Year: 

2025 

 

F. On Financial Market Correlation Structures and 

Diversification Benefits Across and Within Equity 

Sectors. 

This study mathematically analyzes financial market 

correlation structures over two decades, covering 

periods of both stability and global financial crises. 

The researchers demonstrate that during market 

crashes, equities exhibit a high degree of collective 

behavior. This increased correlation renders standard 

sector-based portfolio diversification highly 

ineffective when risk reduction is needed the most. 

Published Year: 2022 

 

G. The Impact of Technical Analysis on Stock Returns 

in an Emerging Capital Markets (ECM's) Country: 

Theoretical and Empirical Study 

This study investigates the theoretical foundations and 

empirical validity of technical analysis, specifically 

focusing on its impact within emerging capital 

markets. The research provides evidence that, despite 

the assumptions of the Efficient Market Hypothesis, 

technical analysis remains a highly relevant and 

profitable tool for extracting actionable information 

from historical price movements and trading volumes 

in developing economies. Published Year: 2017 

 

III. EXISTING SYSTEM 

 

In today’s financial-technology landscape, retail 

investors and researchers usually work with three 

broad kinds of tools: brokerage platforms, charting 

and data platforms, and isolated predictive models. 

Platforms such as TradingView, Yahoo Finance, 

Robinhood, and Zerodha provide live market data, 

historical price charts, portfolio views, technical 

indicators, and fundamental metrics, which makes 

them useful for day-to-day monitoring and analysis. 
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TradingView highlights built-in indicators, alerts, 

replay of historical price action, and fundamental 

comparison tools, while Yahoo Finance offers 

market snapshots, advanced charts, historical market 

data, financial statements, and portfolio tracking. 

Robinhood’s charting tools also show how charts 

help investors understand price movement and 

portfolio performance. Zerodha’s chart support 

shows that even live and historical candles can differ 

depending on the data source, which matters when 

analysis depends on accurate OHLC values. 

 

A. Disadvantages of the Existing System: 

Workflow fragmentation: In many existing setups, 

the analysis process is split across multiple tools. A 

user may need to view company fundamentals on one 

platform, study charts and indicators on another, and 

then place trades through a separate brokerage 

application. Because these functions are not brought 

together in a single environment, the overall 

workflow becomes inefficient and disconnected. 

 

Static technical thresholds: Most current charting 

tools depend on fixed indicator rules, such as treating 

RSI values above 70 as overbought. These rigid 

thresholds do not adapt to changing market 

conditions, macroeconomic factors, or a stock’s own 

historical volatility. As a result, the signals they 

generate can be too generic and may not reflect the 

real behavior of the market. 

A major gap in many current platforms is the 

absence of a unified hybrid metric. Fundamental 

analysis and technical analysis are often handled as 

separate processes, even though both contribute 

important information about a stock. Few systems 

combine measures of intrinsic strength, such as the 

P/E ratio or debt-to-equity ratio, with market 

behavior indicators like MACD or SMA crossovers 

to produce one consistent numerical rating. 

 

IV. PROPOSED SYSTEM 

 

To address the fragmentation and lack of 

transparency found in many modern trading 

platforms, this research presents the Intelligent 

Multidimensional Framework for Stock Analysis 

(IMDFSA). Instead of handling financial indicators 

separately, the framework brings them together 

within a single real-time decision-support 

environment. By combining established financial 

theory with machine learning techniques, IMDFSA 

converts complex and irregular market information 

into organized, practical insights that can support 

clearer investment decisions. 

 

IMDFSA is designed to avoid the slow and 

cumbersome database structures often found in older 

systems by using a lightweight data-integration 

pipeline that works asynchronously. Built as a high- 

performance web application with a Python Flask 

backend and an interactive JavaScript and Plotly 

frontend, it retrieves live OHLCV data and company 

fundamentals directly from market APIs such as 

Yahoo Finance. This approach allows the analysis 

engine to work with up-to-date market information 

without the burden of maintaining a large centralized 

data warehouse. The main contribution of the system 

is its 100-point multidimensional scoring 

mechanism, which combines fundamental and 

technical analysis into a single normalized index for 

a more balanced evaluation of stock performance. 

 

Technical Vector: 

 The engine studies recent price movement to 

capture short-term momentum, using widely 

recognized technical measures to interpret trend 

strength and possible reversals. It evaluates the 50-

day and 200- day Simple Moving Averages (SMA) 

, the 14-day Relative Strength Index (RSI) , and 

the histogram component of the Moving Average 

Convergence Divergence (MACD) indicator. 

Together, these signals help the system understand 

how the stock is behaving in the near term. 

 

Fundamental Vector 

 At the same time, the framework measures the 

underlying financial condition of the company by 

assigning scores to important corporate indicators. 

These include the Price-to-Earnings (P/E) ratio, 

Return on Equity (ROE), and the Debt-to-Equity 

ratio. By examining these values, the system gains 

insight into profitability, operational efficiency, and 

overall financial stability. 

Advantages of the Proposed System: 

 Multidimensional Integration: It successfully 

combines fundamental financial metrics, technical 

indicators, and machine learning based predictive 

models into a single, cohesive system. This ensures 
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that both short-term market trends and long-term 

company performance are evaluated 

simultaneously. 

 Actionable and Clear Output: Unlike traditional 

platforms that leave data interpretation entirely to 

the user, IMDFSA utilizes a hybrid scoring 

mechanism to generate definitive, easy-to- 

understand BUY, HOLD, or SELL 

recommendations. 

 Reduced Cognitive Load: By centralizing historical 

data analysis, market trend visualization, and 

complex metrics into a unified, user-friendly web 

interface, the system drastically reduces the need 

for manual analysis and the stressful interpretation 

of multiple fragmented indicators. 

 

V. SYSTEM REQUIREMENTS 

 

Hardware Specifications: Although the system is 

intended to operate locally on a standard personal 

computer, the hardware should be strong enough to 

manage data retrieval, numerical computations for 

technical indicators, and the display of interactive 

visualizations at the same time. 

 Processor (CPU): A recent multi-core processor, 

such as an Intel Core i5 10th generation or an AMD 

Ryzen 5 5000 series or better, is recommended. A 

multi-core design is important because Python-

based data handling in Pandas and the training 

process in scikit-learn depend heavily on CPU 

performance when organizing historical market 

data and running predictive models. 

 Memory (RAM): A minimum of 8 GB RAM is 

required, though 16 GB DDR4 or DDR5 is 

preferable for smoother performance. 

 specifically expanding OHLCV arrays spanning 

multiple years—are heavily memory intensive. 

Sufficient RAM prevents the system from paging 

memory to the hard drive, which would severely 

bottleneck the real-time scoring engine. 

 Storage Environment: 256 GB Solid State Drive 

(SSD). While the application’s source code is 

lightweight, an SSD with high read/write speeds is 

critical because the system manages the user's 

portfolio and session states via local I/O operations 

(e.g., rapid reading and writing to portfolio.csv). 

 Network Capabilities: A stable, high bandwidth 

broadband internet connection. Because the 

IMDFSA does not cache historical data in a local 

database, it relies on real-time API calls to Yahoo 

Finance (yfinance) to fetch live market prices and 

fundamental metrics upon user request 

 

Software Requirements: 

 Python: Serving as the foundational runtime 

environment, Python was selected for its 

unparalleled ecosystem in financial data science 

and machine learning. It acts as the central 

orchestrator, executing the mathematical scoring 

engine and predictive modules. 

 Flask: Flask functions as the backend web server for 

the application. Its lightweight design makes it 

suitable for handling HTTP requests and API 

communication between the interface and the 

analytical components. This helps the system 

respond quickly when users request live stock 

information or analysis results. 

 HTML5 provides the structural framework for the 

dashboard by organizing the content into a clear 

semantic layout. CSS3 is responsible for the visual 

presentation, including responsiveness and styling. 

Together, they ensure that stock data and analytical 

outputs remain easy to read and visually consistent 

across different screen sizes. 

 JSON and CSV:To keep the architecture simple and 

efficient, the system avoids using a traditional 

relational database. Instead, JSON is used to format 

and transfer analytical data between the backend 

and frontend. CSV files are used for local persistent 

storage, allowing the system to save user portfolio 

details such as stock names, buy prices, and 

quantities. 

 JavaScript (Vanilla JS): JavaScript manages the 

interactive behavior on the client side. It enables 

asynchronous requests and live updates to the page 

structure, so users can search for new stock symbols 

or modify their portfolio without the disruption of a 

full-page refresh. 

 

Data Processing and Mathematical Modeling 

 Pandas: Critical for financial time-series analysis, 

Pandas is utilized to ingest, clean, and structure raw 

market data into high- performance Datagrams. It 

efficiently handles missing values and aligns dates 

for accurate indicator calculation. 

 NumPy: While Pandas provides the structural 

scaffolding for the data, NumPy operates as the core 

computational engine. It powers the heavy matrix 
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algebra required to continuously calculate technical 

indicators. For example, computing the Moving 

Average Convergence Divergence (MACD) 

requires the derivation of overlapping Exponential 

Moving Averages (EMAs). NumPy accelerates this 

by applying vectorized recursive smoothing factors 

across the entire price history instantly 

 Scikit-learn serves as the engine for the framework's 

short-term forecasting module. Instead of a basic 

linear trendline—which inevitably underfits market 

dynamics—the system utilizes Scikit-learns 

Polynomial Features transformer to map the time-

series data into a degree-2 (quadratic) polynomial 

space. This transformed data is then fitted using a 

Linear Regression estimator over a rolling 500- day 

historical window. The choice of a degree-2 

constraint is highly deliberate: it perfectly captures 

the localized acceleration and deceleration of 

market momentum without aggressively overfitting 

to daily stochastic noise. 

 Matplotlib / Plotly: Data visualization is essential 

for reducing user cognitive load. While Matplotlib 

can handle static generation, Plotly is heavily 

utilized to render interactive, client-side candlestick 

charts and overlay predictive trendlines, allowing 

users to zoom and hover over specific market 

events. 

 

Data Ingestion, Storage, and Communication 

 finance & Requests: The finance library operates as 

the primary ingestion pipeline, bypassing complex 

authentication protocols to scrape live Open-High-

Low-Close-Volume (OHLCV) and fundamental 

corporate data directly from Yahoo Finance. The 

Requests library handles auxiliary HTTP 

communication and REST API data exchanges. 

 JSON / CSV: To maintain a lightweight architecture, 

the system eschews a traditional relational database 

(like SQL). Instead, localized CSV and JSON files 

are utilized for state management, rapid caching, 

and maintaining the user’s mock portfolio records 

(portfolio.csv), allowing for highly efficient 

Read/Write operations 

Google Chrome / Microsoft Edge (Web Browsers) 

 The browser acts as the client-side execution 

environment. A robust JS engine is strictly required 

to swiftly parse the incoming JSON data payloads 

and seamlessly render the heavy, interactive Plotly 

graphics without freezing the user interface. 

VI. ADVANTAGES 

 

The Intelligent Multidimensional Framework for 

Stock Analysis (IMDFSA) is developed to address 

several limitations commonly observed in modern 

financial analysis platforms, including fragmented 

workflows, lack of integration between analytical 

methods, and limited transparency in algorithm-driven 

decision tools. The framework brings together 

different analytical techniques within a single system, 

enabling users to analyze stock performance in a more 

structured and comprehensive manner. By combining 

multiple analytical perspectives into one unified 

environment, the platform improves the clarity and 

reliability of investment evaluation while supporting 

practical applications in both academic research and 

real-world financial analysis. 

 

 Holistic Multidimensional Integration: Traditional 

financial platforms usually treat fundamental 

analysis and technical analysis as separate 

processes, requiring users to examine each aspect 

individually. IMDFSA addresses this limitation by 

bringing both perspectives together within a single 

evaluation framework. Financial indicators that 

represent a company’s long-term financial 

condition are analyzed alongside technical 

indicators that capture short-term market trends. 

These different factors are then combined using a 

structured scoring method to produce a normalized 

index that reflects the overall performance of the 

stock. 

Algorithmic Transparency: Many modern analytical 

systems rely on machine learning models that function 

as “black boxes,” providing predictions without 

explaining the reasoning behind them. In contrast, 

IMDFSA emphasizes interpretability by presenting 

clear explanations for the analytical outcomes it 

produces. Instead of displaying only numerical results, 

the system identifies the factors influencing each 

evaluation, such as indicator crossovers or significant 

financial ratios. By clearly presenting the reasoning 

behind the generated signals, the framework helps 

users understand how conclusions are reached and 

supports more confident decision-making. 

Risk Visualization and Volatility Modeling: Instead of 

giving a single predicted price, the system represents 

uncertainty by showing a range of possible outcomes. 

It uses standard deviation to measure how much prices 
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typically vary from their average, which helps indicate 

market risk and volatility. Based on this, the 

framework creates confidence bands around 

trendlines, allowing users to see how far prices may 

realistically move rather than relying on a fixed 

estimate. 

 

VII. APPLICATIONS 

 

 Retail Investment Decision Support: The framework 

is primarily intended to assist retail investors who 

may not have advanced experience in financial 

analysis. By processing large amounts of market 

information and presenting the results as simple 

BUY, HOLD, or SELL signals, the system helps 

users interpret stock behavior more easily. This 

guidance can support individuals in making more 

informed investment choices and managing their 

personal portfolios with greater confidence. 

 

 Educational Use in Financial Learning: The platform 

can also be applied in academic environments for 

students studying finance, economics, or data 

science. Because the system clearly shows how 

indicators and financial metrics influence its 

analysis, learners can better understand how 

theoretical concepts relate to real market behavior. 

This makes the framework a useful tool for 

improving financial literacy and demonstrating the 

practical application of analytical methods in stock 

market evaluation. 

 

 Simulated Portfolio Management (Paper Trading): 

The built-in portfolio module allows users to test 

various trading strategies without risking actual 

capital. Because it calculates Profit and Loss (P&L) 

against live market API data, it provides a highly 

realistic simulation environment for strategy 

validation 

 Academic Research and Algorithmic Prototyping: 

Built on a flexible, open-source Python stack, the 

IMDFSA serves as an excellent foundational 

sandbox for researchers. The architecture can be 

easily extended by researchers looking to prototype 

more complex deep learning models (such as 

Transformers or LSTMs) or integrate Natural 

Language Processing (NLP) for live financial news 

sentiment analysis. 

 

VIII. CONCLUSION 

 

Modern financial markets are characterized by 

stochastic volatility, non-stationary data distributions, 

and extreme informational density. Historically, retail 

investors and academic models have attempted to 

navigate this complexity by bifurcating their 

methodologies—relying either on the intrinsic 

valuation of fundamental analysis or the momentum- 

driven metrics of technical analysis. Furthermore, 

while the recent proliferation of deep learning in 

quantitative finance has improved predictive accuracy, 

it has simultaneously introduced opaque, "black-box" 

models that provide raw outputs without actionable 

context. 

This research successfully proposed and developed the 

Intelligent Multidimensional Framework for Stock 

Analysis (IMDFSA) to resolve these systemic 

inefficiencies. By engineering a deterministic- 

probabilistic hybrid scoring engine, the framework 

mathematically synthesizes corporate financial health 

with real-time price momentum into a unified, 

normalized index. Crucially, the integration of 

Explainable AI (XAI) principles ensures that every 

algorithmic output—whether a BUY, HOLD, or SELL 

signal—is accompanied by semantic transparency. 

This approach effectively dismantles the black-box 

paradigm, democratizing institutional- grade analytics 

and fostering informed decision- making for retail 

investors. 

 

IX. FUTURE SCOPE 

 

Future Scope and System Expansion 

 The Intelligent Multidimensional Framework for 

Stock Analysis (IMDFSA) already provides a 

strong structure for evaluating stocks using data- 

driven techniques. However, the system is 

intentionally designed with a modular architecture, 

allowing future improvements and technological 

upgrades. As financial technology continues to 

evolve, the framework can be extended with more 

advanced analytical capabilities to increase 

prediction accuracy, improve scalability, and 

support more intelligent decision-making. 

Sentiment Analysis using Natural Language 

Processing (NLP): 

 At present, the system mainly relies on numerical 

indicators such as financial ratios and technical 
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signals. A possible future improvement is the 

integration of sentiment analysis. By applying 

Natural Language Processing models to financial 

news articles, earnings call transcripts, and social 

media discussions, the platform could measure 

market sentiment and investor opinion. Tools such 

as financial language models could help identify 

whether market reactions toward a company are 

positive, negative, or neutral. This additional 

“sentiment layer” would allow the system to 

combine investor psychology with technical and 

fundamental data for a more balanced evaluation. 

 

Use of Advanced Deep Learning Models: 

 The current predictive component uses polynomial 

regression to capture short-term patterns in price 

movement. While this approach is computationally 

efficient, future versions of the system could 

explore deeper neural network models. Techniques 

such as Long Short-Term Memory (LSTM) 

networks or transformer-based forecasting models 

can analyze large time-series datasets and detect 

complex patterns that traditional models may 

overlook. These methods could help the system 

understand long-term dependencies in stock price 

behavior and improve forecasting reliability. 

 

Automated Portfolio Optimization with 

Reinforcement 

Learning: 

 At the moment, the framework includes a simple 

portfolio monitoring feature where users can track 

their stock holdings. In future developments, this 

module could be expanded into a fully automated 

portfolio optimization system. Reinforcement 

learning algorithms could be applied to 

dynamically adjust asset allocations according to 

market conditions and user risk tolerance. Models 

such as Proximal Policy Optimization or other deep 

reinforcement learning approaches may allow the 

system to learn optimal investment strategies over 

time. This would transform the platform from a 

stock analysis tool into a more advanced intelligent 

investment assistant. Such an intelligent module 

would be capable of adapting to changing market 

environments, learning from previous trading 

outcomes, and refining its allocation strategies over 

time. By continuously observing price movements, 

volatility patterns, and portfolio performance, the 

system could gradually improve its 

recommendations and provide more effective 

investment guidance. 
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