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Abstract

Financial market prices change rapidly due to economic
events, market sentiment and investor activity. Manual
analysis of large volumes of market data is difficult, while
price forecasts alone do not communicate possible losses.
This paper proposes an Al-Based Financial Market
Prediction and Risk Analysis App that integrates market
visualization, Al-based forecasting and portfolio risk
analytics within a single decision-support interface. The
proposed system combines historical price and volume
data, technical indicators and financial news sentiment
with statistical baselines, XGBoost and long short-term
memory (LSTM) models. A risk engine estimates
volatility, Value at Risk (VaR), Conditional Value at Risk
(CVaR) and stress-scenario outcomes. The application is
designed to provide forecasts, uncertainty indicators, risk
alerts and understandable insights. A chronological
evaluation protocol is proposed using MAE, RMSE,
directional accuracy and VaR backtesting. The system
remains a proposed design; no live-trading or predictive
performance claims are made.

Keywords—Aurtificial intelligence, financial market
prediction, risk analysis, LSTM, XGBoost, VaR, CVaR,
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I. INTRODUCTION

Financial markets generate continuous streams of price,
volume and news data. Investors need tools that help
interpret these signals while also understanding the
possibility of loss. Traditional analysis often involves
manually reviewing charts and indicators, which can be
time-consuming and may overlook changing risk
conditions. Artificial intelligence can identify complex
patterns in historical data, although future prices remain
uncertain [1], [2].

The proposed application brings prediction and risk
awareness together. Its goal is to help a user select an
asset, inspect the forecast, review the risk level and
understand the factors influencing the result. It is a
decision-support tool rather than an automated trading
platform.
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II. PROPOSED APPLICATION FEATURES &
METHODOLOGY

The application is organized around three primary
userfacing modules: Market Overview, Al Prediction and
Risk Dashboard. Together they offer a simple journey
from market exploration to informed risk review.

A. Market Overview

The Market Overview module is designed to display
interactive historical price charts, trading volume,
technical indicators, watchlists and relevant financial
news. It helps users observe price movement and compare
market conditions before interpreting a model forecast.
Relative Strength Index (RSI), moving averages and
return series can be displayed alongside prices.

B. Al Prediction

The Al Prediction module is intended to estimate possible
price direction or trends using model-based analysis. A
statistical baseline provides a comparison point, while
XGBoost processes engineered tabular features and
LSTM analyzes sequential price patterns [3], [4].
Financial news sentiment can be incorporated as an
additional input. Forecasts should be accompanied by
uncertainty indicators rather than presented as guaranteed
outcomes.

C. Risk Dashboard

The Risk Dashboard presents market volatility, portfolio
exposure, VaR, CVaR and stress scenarios. VaR estimates
a loss threshold at a specified confidence level, while
CVaR describes the expected loss in the tail beyond that
threshold [5], [6]. Scenario analysis explores how a sharp
market decline or other shock might affect a portfolio.
Alerts can highlight conditions that exceed user-defined
risk limits.

D. User Journey

A proposed user workflow is: Select Asset — View Al
Forecast — Check Risk Level — Review Insights. This
sequence encourages users to examine risk alongside any
forecast rather than making decisions from predicted
prices alone.
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III. SYSTEM ARCHITECTURE AND PROCESS
FLOW

The proposed Al-Based Financial Market Prediction and
Risk Analysis System follows a modular architecture
consisting of five interconnected layers. Each layer
performs a specific function, including financial data
collection, preprocessing, Al-based prediction, risk
assessment, and result visualization. The system is
designed to transform complex financial information into
understandable market forecasts and risk indicators. Each
component can be developed, tested, and maintained
independently, allowing future improvements without
affecting the entire application. The proposed architecture
aims to provide an efficient and user-friendly decision-
support platform for investors and financial analysts.

A. Data Input Layer

The Data Input Layer is responsible for collecting
financial market information from reliable data providers.
The system gathers historical and current stock prices,
including opening price, highest price, lowest price,
closing price, and trading volume (OHLCV). Financial
news and other relevant market information may also be
collected to understand factors influencing stock price
movements. The collected data forms the foundation for
market prediction and risk analysis. Each record is stored
with its corresponding timestamp to maintain
chronological order and prevent look-ahead bias. Data
accuracy, source reliability, and licensing requirements are
considered to ensure that the information is suitable for
further processing.

B. Feature Engineering Layer

The Feature Engineering Layer processes raw financial
data and converts it into meaningful information suitable
for machine learning algorithms. Financial datasets may
contain missing values, duplicate records, and inconsistent
formats, which must be corrected before analysis. After
cleaning, the system calculates technical indicators such
as Relative Strength Index (RSI), moving averages, daily
returns, and rolling volatility. These indicators help
identify market momentum, price trends, and fluctuations.
Sentiment scores from financial news may also be
included as additional features. Feature scaling and
normalization are performed using parameters obtained
from training data only, preventing future information
from influencing model development and improving the
reliability of evaluation.

C. Al Model Layer

The Al Model Layer is responsible for analyzing historical
financial patterns and generating possible future market
predictions. The proposed system considers machine
learning techniques such as XGBoost and Long
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Short-Term Memory (LSTM), along with statistical
baseline models. XGBoost can identify complex
relationships between technical indicators, while LSTM is
designed to learn patterns from sequential financial data.
These models use previously collected market information
to estimate potential price movements and market
direction. Model performance is evaluated using
chronological training and testing periods to reduce data
leakage. Evaluation metrics such as Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and directional
accuracy are used to compare forecasting performance.
Models may be combined when experimental evaluation
demonstrates improved reliability.

D. Risk Engine

The Risk Engine evaluates potential financial losses and
uncertainty associated with market movements. It uses
historical market observations and relevant prediction
outputs to estimate volatility and calculate risk measures
such as Value at Risk (VaR) and Conditional Value at Risk
(CVaR). VaR estimates a potential loss threshold at a
specified confidence level, while CVaR measures the
average loss in more extreme situations beyond that
threshold. The system also supports predefined stress-
testing scenarios to examine possible investment losses
during sudden market declines or unusual volatility. Based
on these calculations, the risk engine can generate risk
summaries and warning alerts. This component helps
users understand possible financial losses alongside
predicted market opportunities.

E. Application Dashboard

The Application Dashboard provides an interactive
interface through which users can access financial
predictions and risk analysis results. It is designed for
implementation as a web or mobile application that
displays stock price charts, technical indicators, predicted
market directions, volatility estimates, and risk alerts.
Users can select financial assets, review historical market
trends, examine Al-generated forecasts, and evaluate
associated investment risks. The dashboard may also
present interpretable insights explaining important factors
influencing predictions. By presenting complex financial
information in a simple visual format, the application aims
to improve user understanding and support informed
investment decisions. The system functions as a decision-
support tool and does not automatically execute financial
trades.

F.Process Flow

The proposed system operates through a sequential
process that connects financial data collection, machine
learning  prediction, risk evaluation, and result
visualization. Initially, the Data Input Layer collects
historical prices, trading volumes, and available financial
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news. This information is transferred to the Feature
Engineering Layer, where it is cleaned, organized, and
transformed into technical indicators. The processed data
is then supplied to the Al Model Layer, which analyzes
historical patterns and generates possible market forecasts.
These predictions, together with relevant market
observations, are passed to the Risk Engine to estimate
volatility, VaR, CVaR, and potential losses under stress
scenarios. Finally, the Application Dashboard displays
forecasts, risk indicators, charts, and warning alerts.

System Flow:

Data Input — Feature Engineering — Al Model — Risk
Engine — Application Dashboard

When new financial data becomes available, the pipeline
can be executed again to update market forecasts and risk
information. This continuous process is intended to help
users monitor changing market conditions and make
better-informed financial decisions. However, predictions
remain uncertain because financial markets are influenced
by economic events, investor behaviour, and unexpected
changes.
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Fig. 1. Proposed application process flow.

IV.PREDICTION AND RISK ANALYTICS

A. Prediction Intelligence

Prediction intelligence combines historical time-series,
technical indicators and optional news sentiment.
XGBoost and LSTM are compared against simpler
baselines. Walk-forward wvalidation is recommended
because random shuffling of financial time-series can leak
future information into model training [7].

B. Risk Intelligence

Risk intelligence considers price variability and potential
portfolio losses. For a loss variable L, VaR at confidence
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o is a quantile of its loss distribution; CVaR is the expected
loss in the worst tail. Stress testing applies hypothetical
adverse market movements to assess vulnerability. Both
measures depend on model assumptions and require
periodic backtesting.

C. Interpretability and Alerts

The interface should communicate the main inputs
affecting predictions, such as price trends, RSI or news
sentiment. Risk alerts are intended to prompt further
investigation, not to issue guaranteed buy or sell
recommendations. Explainability techniques such as
SHAP may support model interpretation [8].

V.IMPLEMENTATION & EVALUATION PLAN
A. Build Phase

A practical implementation can use Python for data
collection, cleaning, feature generation and model
training. Common libraries include pandas, scikit-learn
and XGBoost, with a deep-learning framework for
LSTM. An interactive web or mobile interface can
provide asset selection, watchlists, charts and risk
summaries.

B. Validation Phase

Data should be divided chronologically into training,
validation and untouched test periods. Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE)
measure forecast error; directional accuracy measures the
proportion of correct up/down forecasts. VaR exceedance
testing evaluates whether observed losses breach the
predicted threshold at an appropriate frequency.
Transaction costs and data leakage must also be
considered [7].

C. Extension Phase

Potential extensions include Indian market data
integration, personalized watchlists and alerts,
explainable Al summaries and more detailed
portfoliolevel analytics. These features are planned
enhancements, not verified deployed capabilities.

VI. APPLICATIONS AND LIMITATIONS

The proposed app can support students learning financial
analytics, individual investors reviewing market
conditions and analysts studying potential portfolio risk.
Important limitations include noisy and changing
markets, overfitting, delayed data, unreliable sentiment
signals and uncertainty in tail-risk estimates. Forecasts
cannot guarantee returns, and human judgment remains
necessary.
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VII. CONCLUSION

This paper presents the design of an Al-Based Financial
Market Prediction and Risk Analysis App that combines
market overview, predictive intelligence and risk analytics in
one interface. Its five-stage architecture connects data inputs
and feature engineering with Al models, a risk engine and an
interactive dashboard. The proposed approach emphasizes
measurable risk, transparent insights and chronological
validation. Future implementation and empirical testing are
required to establish actual accuracy, reliability and
usefulness.
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