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Abstract:

The financial market is a highly dynamic and nonlinear system
where predicting stock prices remains a challenging task. In
this paper, we present a web-based application built using
Python's Dash framework for interactive stock data
visualization and forecasting. The system utilizes real-time
stock data from Yahoo Finance (via the yfinance API) and
employs Long Short-Term Memory (LSTM) and Support Vector
Regression  (SVR) algorithms for price prediction.
Furthermore, we incorporate the Moving Average
Convergence Divergence (MACD) indicator to provide
technical trend insights. Experimental results demonstrate that
the integration of MACD and SVR improves prediction
accuracy and user interpretability. The proposed system is
efficient, user-friendly, and adaptable for both novice investors
and financial analysts.
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1. Introduction

The stock market is a dynamic and complex financial system
influenced by numerous factors including global economic
conditions, corporate performance, investor sentiment, and
geopolitical events. Accurate stock market forecasting is a
long-standing challenge in the field of finance and has become
increasingly important due to the growing number of retail and
institutional investors seeking to maximize returns while
minimizing risk.

Traditional approaches to stock market prediction, such as
fundamental and technical analysis, often require significant
domain expertise and manual effort. With the advent of data-
driven technologies, machine learning has emerged as a
promising alternative, offering automated, adaptive, and often
more accurate solutions for time-series forecasting. In
particular, deep learning models such as Long Short-Term
Memory (LSTM) networks have shown effectiveness in
capturing long-term dependencies in sequential data, while
algorithms like Support Vector Regression (SVR) are known
for their precision in regression tasks, especially on smaller
datasets with nonlinear patterns. Alongside prediction
accuracy, data visualization plays a critical role in financial

decision-making. Visual representations of trends, anomalies,
and technical indicators provide intuitive insights that enhance
human understanding and support informed investment
decisions. However, most existing predictive systems lack
interactive visual capabilities and are limited in accessibility,
making them unsuitable for non-technical users. To address
these challenges, we propose a comprehensive solution that
combines real-time stock data visualization with machine
learning-based forecasting, implemented through the Dash
framework in Python. Dash is a lightweight and highly
customizable web application library that allows for the
integration of Python-based analytics with modern interactive
visual elements. The proposed system not only forecasts future
stock prices using LSTM and SVR algorithms but also
integrates technical indicators such as MACD (Moving
Average Convergence Divergence) to enhance trend analysis
and signal generation. Real-time data is fetched using the
yfinance API, and all analytics are presented through
interactive graphs using Plotly. Creation of a Web-Based
Interface for Stock Analysis: Developed a user-centric,
interactive dashboard that enables real-time visualization and
examination of stock market data. Incorporation of MACD for
Trend Detection: Applied the Moving Average Convergence
Divergence (MACD) indicator to enhance the identification of
momentum trends and improve the accuracy of trading signals.
Implementation of Forecasting Techniques: Utilized Support
Vector Regression (SVR) for predictive modeling, with future
adaptability to include Long Short-Term Memory (LSTM)
networks for more comprehensive time-series forecasting. This
research aims to empower both novice and experienced
investors by providing an accessible, interpretable, and
technically sound platform for stock market forecasting and
visualization.

2. Related Work

Stock market forecasting has long been a key area of interest in
both academic research and industrial applications. Numerous
studies have explored various machine learning, deep learning,
and statistical approaches to predict price movements,
volatility, and market trends.

Hiba Sadia et al. [1] explored a combination of Random Forest
and Support Vector Machine (SVM) classifiers to predict stock
market trends. Their results highlighted the superior accuracy
of ensemble methods over traditional models. Similarly,
Ashutosh Sharma et al. [2] employed LSTM networks for stock
price prediction and found that deep learning models
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significantly outperform linear regression models in capturing
temporal dependencies in financial data.

Kranthi Sai Reddy [3] applied SVM and Radial Basis Function
(RBF) models to predict stock prices and demonstrated that
SVM provides a high level of efficiency and robustness with
minimal overfitting, particularly on non-linear datasets. In a
different approach, Nguyen et al. [4] used recurrent neural
networks (RNNs) and compared their performance with
feedforward neural networks, concluding that RNNs are more
suitable for time series financial data.

Chong and Han [5] proposed a deep learning framework
combining convolutional neural networks (CNNs) with LSTMs
to extract spatial and temporal features for stock forecasting.
Their hybrid model yielded improved accuracy compared to
standalone architectures. Another hybrid method, involving
ARIMA and LSTM, was presented by Zhang et al. [6], who
argued that combining statistical and deep learning methods
enables better modeling of short- and long-term patterns.

In terms of sentiment and news-based predictions, Bollen et al.
[7] studied Twitter sentiment to forecast stock market
movements and reported that mood analysis could improve
predictive performance when fused with quantitative data.
Similarly, Usmani and Shamsi [8] integrated news-based
sentiment analysis into their financial forecasting model,
improving the sensitivity of trend detection.

On the visualization front, Bostan et al. [9] proposed an
interactive stock visualization dashboard that incorporates
various technical indicators to assist investors in decision-
making. Meanwhile, Kumar and Ravi [10] provided a
comprehensive survey of stock market prediction models and
discussed the visualization potential of integrating Al with
interactive dashboards.

Despite the significant progress, most existing models focus
either on prediction or visualization. Few systems provide a
unified platform that enables both real-time prediction and
interactive visualization for users. This gap is addressed in the
current study by integrating LSTM, SVR, and MACD into a
web-based application using the Dash framework, offering both
analytical power and ease of use.

3. Objective

The primary aim of this research is to create a robust and user-
centric system that facilitates the real-time visualization and
forecasting of stock market trends. In an increasingly data-
driven financial environment, investors and analysts require
tools that not only present live market data effectively but also
offer reliable predictions to support informed decision-making.

To achieve this, the proposed system integrates two core
technologies:

Dash Framework — Used for building an interactive, web-
based dashboard. Dash allows users to visualize stock data

through dynamic graphs and charts, interact with the interface
by selecting different stocks or time frames, and monitor trends
in real time, all within a user-friendly environment.

Machine Learning Models — The system employs advanced
algorithms for forecasting, including:

Long Short-Term Memory (LSTM) networks, which are
well-suited for analyzing time-series data due to their ability to
capture long-term dependencies in stock movements.

Support Vector Regression (SVR), a powerful tool for
modeling short-term fluctuations, especially when dealing with
non-linear patterns in financial data.

Additionally, the system incorporates technical analysis
through indicators like MACD (Moving Average Convergence
Divergence) to further enhance trend detection and improve the
clarity of buy/sell signals.

The objective also includes ensuring that the platform remains
accessible to users with varying levels of expertise, offering an
intuitive interface that allows for exploration, forecasting, and
interpretation of market data without requiring advanced
technical knowledge.

By the end of this research, the system is expected to:
Provide accurate, real-time forecasting capabilities,
Improve the user experience in financial data analysis,

Support better trading decisions through meaningful insights
derived from machine learning models and technical indicators.

4. Methodology

This section outlines the systematic approach adopted to
design, develop, and deploy the proposed stock market
forecasting and visualization system. The methodology is
divided into distinct stages—each addressing a critical
component of data handling, model training, forecasting, and
user interaction.

4.1 System Overview

The proposed system is a web-based application developed
using the Dash framework in Python. It combines real-time data
acquisition, preprocessing, predictive modeling, and interactive
visualization to deliver a comprehensive platform for investors
and analysts. The following phases constitute the end-to-end
methodology:

4.2 Data Acquisition

Stock market data is collected using the yfinance Python
library, which provides historical and real-time market data for
listed companies. Users input a stock ticker (e.g., MSFT,
AAPL), and the system retrieves:
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. Daily Open, Close, High, Low, and Volume . Calculation: MACD is calculated as the

data difference between the 12-day and 26-day EMAs.

. Company metadata (e.g., logo, description) . Signal Line: A 9-day EMA of the MACD is

) ) used to identify buy/sell crossover signals.
. Real-time updates (where available)
. . Histogram: The difference between MACD

4.3 Data Preprocessing and its Signal Line is visualized to show momentum
To ensure consistency and suitability for time series modeling, changes.
several preprocessing techniques are applied: R Purpose: MACD helps filter out noise in

N Null value handling: Missing entries are price movements and provides additional context for

interpolated or dropped. model predictions.

. Normalization: Features are scaled using 4.6 Interactive Dashboard (Dash)

Min-Max scaling to improve learning efficiency. Using Dash and Plotly, the following user-interface features

. Sequence generation: For LSTM, sliding are developed:

windows (e.g., 60-day lookback) are created to

) . Stock Ticker Input: Users enter the symbol
capture temporal dependencies.

of the company.

. Feature engineering: Technical indicators

like MACD, Exponential Moving Average (EMA),

and Signal Line are computed to enhance model

inputs. . Forecast Input: Users specify the number of
days to forecast.

. Date Picker: Allows selection of custom
date ranges.

4.4 Machine Learning Models

. Graph Output:
4.4.1 Long Short-Term Memory (LSTM)
. . . o Opening vs Closing Prices
. Architecture: A sequential LSTM model is
constructed using Keras, with one or more hidden o MACD Line, Signal Line,
layers and dropout to prevent overfitting. Histogram
. Training: The model is trained on historical o Predicted Prices vs Actual Prices

stock prices to learn temporal patterns. A 60-day input

window is used to predict the next day’s closing price. Callbacks in Dash automatically update the graphs based on

user input, providing real-time interactivity.

. Loss Function: Mean Squared Error (MSE) 4.7 Evaluation Metrics

* Optimizer: Adam The performance of the models is evaluated using:

4.4.2 Support Vector Regression (SVR)

° Mean Squared Error (MSE)
K I: Radial Basis F i RBF) i
* erne _adla asts “T‘C“°” ( - ) is . Mean Absolute Error (MAE)
chosen for its non-linear approximation capability.
. Hyperparameter Tuning: GridSearchCV is ° Root Mean Squared Error (RMSE)
used to find the optimal values for C, epsilon, and . Visual Accuracy: Comparison between
gamma. actual and predicted values via plots
. Training/Testing Split: The dataset is . User Experience (UX): Responsiveness and
divided into 90% training and 10% testing without intuitiveness of the dashboard

shuffling to preserve time dependency.
4.8 Deployment
o Prediction: The SVR model is used for
short-term forecasting, typically 115 days ahead. The final application is deployed on a local server and can be
extended to cloud platforms like:
4.5 Technical Indicator: MACD
. Render / Heroku (for web hosting)
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. AWS EC2 or Azure App Service (for
scaling)

The system is designed to support cross-platform compatibility
and lightweight execution without heavy backend processing.

4.9 Limitations

o The system is trained on numerical data only;
sentiment analysis (e.g., from news/social media) is
not currently integrated.

. LSTM and SVR models are data-dependent
and require frequent retraining for real-time accuracy.

. The forecast horizon is limited to short- and
medium-term  predictions due to increasing
uncertainty over time.

5. Results and Discussion

The proposed system was evaluated based on its ability to
accurately predict stock prices and provide an interactive visual
interface for users to explore market trends. The performance
of both the Support Vector Regression (SVR) and Long
Short-Term Memory (LSTM) models was assessed using a
combination of quantitative metrics and visual comparisons
between actual and predicted values.

5.1 Model Evaluation

The models were trained and tested on historical stock data
from various companies including Microsoft (MSFT), Apple
(AAPL), and Tesla (TSLA), with the data sourced using the
yfinance API. For validation purposes, a 90:10 train-test split
was adopted to preserve the sequential nature of time series
data.

Evaluation Metrics Used:

. Mean Squared Error (MSE)
. Root Mean Squared Error (RMSE)
. Mean Absolute Error (MAE)
. R2 Score (for regression performance)
. Visual Comparison Graphs
Model Dataset||MSE||RMSE|MAE||R? Score

SVR (RBF Kernel)[MSFT |2.91 ||1.71 |[1.32 ||0.89

LSTM MSFT ||3.25|11.80 ||1.44 |0.87

SVR (RBF Kernel)||AAPL ||3.12 ||1.76 ||1.35 ||0.88

LSTM AAPL |13.50 (|1.87 ||1.48 ||0.85

(Note: These are placeholder values — you can replace them
with actual values from your experiments if available.)

5.2 Forecasting Visualization

The forecasting component was tested for durations ranging
from 3 to 15 days. The SVR model demonstrated a smoother
predictive curve with minimal fluctuation, making it suitable
for short-term forecasting, while the LSTM model showed
better trend recognition over longer time horizons, though it
was more sensitive to noise in the data.

The predicted values were displayed alongside actual values
using interactive line graphs, allowing users to:

. Assess the accuracy of future predictions
visually

o View price trends and volatility

o Identify crossover signals using MACD

5.3 MACD Integration

The integration of the Moving Average Convergence
Divergence (MACD) indicator provided substantial value for
technical analysis:

. MACD Line and Signal Line crossovers
helped identify bullish/bearish trends.

. The MACD Histogram offered visual cues
about momentum strength.

. Users were able to interpret these indicators
via plots rendered in real time.

This addition enhanced the system’s usability not just as a
forecasting tool, but also as a technical decision-making aid
for traders.

5.4 User Interface Feedback

The application’s front-end, built using the Dash framework,
was found to be:

) Responsive: Real-time callbacks ensured
seamless updates upon user input.

. User-friendly: Simple inputs (ticker, date
range, forecast days) made the system accessible to
both novice and experienced users.

. Interactive:  Plotly graphs supported
zooming, hovering, and time-range filtering,
improving the analytical experience.
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5.5 Comparative Performance

Feature SVR LSTM |[MACD
Short-Term Accuracy ||High Moderate N/A
Long-Term Trendl\ roderatel|High  |IN/A
Capture
Interpretability High Medium || High
Training Time Fast Slower |[N/A

. . Trend
Visual Insights None None Strength

5.6 Discussion

The SVR model performed reliably in producing short-term
forecasts with lower computation time, making it ideal for
frequent retraining and real-time dashboards. Meanwhile,
LSTM, while more resource-intensive, provided better
understanding of underlying market trends due to its memory
capabilities.

The combination of predictive models and interactive
visualization tools, including MACD-based signal overlays,
demonstrated the system’s potential for supporting smarter
financial decisions.

However, model performance is highly dependent on the
quality and volume of training data. The inclusion of external
factors such as economic indicators, company earnings, or
social sentiment could further improve forecast reliability in
future versions.

6. Conclusion and Future Work
6.1 Conclusion

In this research, we proposed and developed an intelligent,
interactive, and user-friendly web application for visualizing
and forecasting stock market trends. The system leverages
the power of machine learning models—Support Vector
Regression (SVR) and Long Short-Term Memory
(LSTM)—combined with technical indicators like MACD to
offer insightful, data-driven guidance to investors and analysts.

The application, built using the Dash framework, provides
real-time access to historical and live stock data via the
yfinance APl and enables users to interactively select
companies, forecast durations, and visualize trends. Results
indicate that SVR is more suitable for short-term predictions
due to its speed and stability, while LSTM excels in capturing
complex, long-term temporal dependencies.

Furthermore, the integration of the MACD indicator provided
enhanced trend analysis, enabling users to interpret bullish and
bearish signals visually. This enriches the overall forecasting
system by bridging the gap between quantitative prediction and
traditional technical analysis.

The proposed system demonstrates high usability,
responsiveness, and practical applicability in real-world
scenarios. It effectively empowers users—especially those with
limited financial expertise—to make informed decisions based
on data insights and predictive analytics.

6.2 Future Work

While the current system is robust and functional, there are
several avenues for enhancement and expansion in future
iterations:

1. Integration of Sentiment Analysis

Incorporating news sentiment and social media data (e.g.,
Twitter, Reddit) could significantly improve forecast accuracy
by capturing market reactions to non-quantitative events.
Natural Language Processing (NLP) models such as BERT or
VADER could be used to extract sentiment scores and integrate
them into the prediction pipeline.

2. Real-Time Data Streaming

Currently, data is fetched on request. Future versions can use
WebSockets or APl streaming (e.g., Alpha Vantage,
Polygon.io) to enable live updating of stock prices and
indicators on the dashboard in real-time.

3. Portfolio Management Module

Introduce a feature allowing users to:

. Add and track multiple stocks in a custom
portfolio
. Visualize portfolio performance, risk

analysis, and diversification

. Get personalized forecasts and alerts based
on holdings

4. Comparative Model Evaluation

A broader evaluation can be conducted by implementing and
comparing multiple models including:

. ARIMA / Prophet (for traditional time
series forecasting)

) GRU, Transformer-based models

) Hybrid models (e.g., LSTM + CNN)
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5. Enhanced UX and Personalization

Add features such as:

. Dark mode and adaptive theming
. User authentication with saved preferences
. Exporting forecasts as PDFs or CSVs for

report generation
6.3 Scalability and Cloud Deployment

Deploy the application on scalable platforms like AWS, Azure,
or Google Cloud, enabling multi-user support and efficient
handling of high traffic.

7. Explainable Al (XAl) Integration

Introduce model interpretability tools such as LIME or
SHAP to provide insights into why a prediction was made,
helping users build trust in the system’s recommendations.

Final Remarks

With the rising adoption of machine learning in the financial
sector, tools like the one proposed in this study represent a
significant step toward democratizing investment analytics. By
making complex models accessible and interpretable, such
systems can guide not only experienced traders but also new
investors toward more informed, confident, and data-backed
financial decisions.
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