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Abstract: This project aims to design and develop a real-time, Al-powered trading platform that integrates multiple
external financial data APIs, a custom backend with Al inference and trading logic, and brokerage APIs for order
execution. The platform leverages both REST and WebSocket protocols to handle live market data, financial news, and
predictive Al models to make informed trading decisions. The system is designed for reliability, scalability, and
automation, suitable for both retail and professional traders.
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I INTRODUCTION

Financial markets are most unpredictable in predicting the process of changing the statistical analysis based on the stock
prices]. Early prediction of financial market prices is a tedious task because of the fluctuations in the market. Generally,
financial markets are based on the decisions taken by the central government. These decisions may significantly impact
market prices, which may increase or decrease. Every country and organization relies heavily on stock markets to boost
their economies. Many researchers are working to construct accurate financial market prediction models. Many
companies are listed on stock exchanges to boost their business and stock prices. For many years, people have been
trading in the financial market. This study discusses the performance of various sentiment analyses in Deep Learning
(ML) techniques, as well as the performance of prediction-based algorithms. Many countries are interlinked with the
financial markets because these stock prices significantly impact investment decisions globally. The prediction of stock
prices is more complex for normal persons and is also a manual process. The inherent complexity, non-linear
relationship, and high volatility of stock price movements are better captured by advanced data-driven methods than
traditional forecasting models such as the statistical/econometrics models. However, all this was fundamental and furthers
the implementation of deep learning that uses big data, relies on complex and adaptive algorithms, and creates highly
accurate real-time forecasts.
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1. LITERATURE REVIEW

For ML based approaches for stock price prediction has found its application in the financial markets because of its
capability to handle non-linear data. This is because there are many shifting factors that affect the stock prices and these
are very volatile markets; simple techniques like linear regression or even ARIMA can do more harm than good in stock
market predictions. LSTM, SVM, and Gradient Boosting Regressor are some of the most common machine learning
techniques currently used for stock prediction as its improves accuracy significantly due to improved feature
identification with higher sophistication and data processing. This literature review considers such algorithms, with
respect to their advantages, some drawbacks, and utilization in predicting stock prices.
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This chapter presents a literature review in hopes of finding what works and what does not for the purpose of accurately
predicting stock prices. In the same review, the efficiency of these models will also be determined by such factors such
as Mean Square Error (MSE).

recently devised a new way for predicting stock market indices by combining PFTD on top of several state-of-the-art
TSDL techniques. First, theoretically, the proposed method is performing Fourier Transform (FT) on the stock price time
series to decompose the stock price time series and compensate for the noise in the high-frequency section, and the
optimized padded technique is introduced to eliminate this high-frequency noise. The next step follows the denoised data
sent to the proposed LSTM, GRU, and other transform-based systems. Finally, the filter-based model hit ratio obtained an
accuracy of 45.43%. The proposed approach P-FTD_LSTM obtained an accuracy of 75.81%, which is high compared with
other models. Li et al. proposed a Multimodal Event-Driven model (MED_LSTM) that combines historical stock data and
online news sentiment to improve the result of prediction. The NLP techniques combine sentiment scores and key financial
news events from online news articles with MED_LSTM. The textual components are subsequently combined with the
numerical stock features employing a multimodal LSTM model, allowing the model to capture complex correlations
between market movements and external factors. Using an event-driven component allows for major news to be given
corresponding weight in regard to stock price trends. Experiments are conducted on China markets and obtain better results
than existing models. Nabipour et al.discusses the ML and DL methods can be effective in forecasting stock market
movements for continuous and binary representations of data. Inherent to stock price movement is a dynamic aspect,
exhibiting various market volatilities and fluctuating due to external economic conditions, making it difficult for
traditional models to capture correctly. The experimental results suggest that LSTM-based deep learning models yield
better performance on continuous time-series data compared to traditional machine learning methods, while tree-based
models show competitive results on binary classification tasks. The prediction rate of proposed approach is 86% which is
high compare with other models.

1. DATASET DESCRIPTION

The National Financial Exchange of India updates the data for each listed stock daily. This data can be opening and closing
prices, high and low, trading volumes, and other relevant metrics. This data is available via the NSE's official website,
which has daily and historical reports. The NSE data is downloaded programmatically and can be used in the OpenChart
Python library. It streamlines the downloading of intraday and end-of-day historical data from the NSE for different
intervals, making it easy to analyze your study and forecasts. The dataset contains 1.5 Lakhs of data belonging to stocks
of various companies. The training data includes 100k, and the testing data contains 50k stock data.

A B £ D E F G H
1 |Date !Stock Open High Low Close Volume Change Pct
2 | HHHEHEREE 20MICROR 80.35 80.55 77.5 77.8 1088880 -3.23
3 | #uEEHE 20MICROR 78.58 79.78 76 76.4 590180 -1.8
A | FHEHEEE 20MICROM 76.5 77.25 75.5 75.83 380850 -0.75
5 | H#HHHERE 20MICROP 76.88 78 74 74.9 1144204 -1.23
O | H#EHHEE 20MICROP 74.97 75.97 74.25 75.28 605020 0.51
T | R 20MICROR 75.9 77.5 74.4 74.72 393190 -0.74
8 | RN 20MICROR 75.03 75.5 74 74.33 362922 -0.52
9 | R 20MICROR 74.55 75.75 73.7 74 451474 -0.44
10 | #HHHEEHEE 20MICROP 74.15 74.42 73 73.08 333356 -1.24
11  #H#HERE 20MICROP 744 76.75 72.53 760.05 1198216 4.06
12 | gHEHEHES 20MICROR 72.78 77.2 7278 75.17 463044 -1.16
13 | #HEHEHEH 20MICROM 75.5 I7 74.58 75.2 269720 0.04
14 #HHHEHEE 20MICROP 75.5 78.42 74.65 76.08 2354266 1.17
15 | #HHHEEHEE 20MICROP 75.95 777 75.05 75.55 755778 -0.7
16 | HHHHHRRE 20MICROR 75.75 76.97 74.97 75.17 475772 -0.5
17 | #HEHEHEH 20MICROR 75.47 80.38 75 78.1 1602058 3.9
18 | #HEHEHEH 20MICROM 79.45 79.45 72.05 74.25 845836 -4.93
19 | #HHEEHEE 20MICROP 74.5 75.25 62.5 68.17 2921352 -8.19
20 | #H#HHEHEE 20MICROP 67.9 80.7 67.9 7175 2661516 5.25
21 | HHHHEHRRE 20MICROR 72.4 72.5 68 68.85 492543 -4.04
22 | gHEHEHEH 20MICROM 68.65 68.8 67.6 68.1 377153 -1.09
23 | HHHHEREE 20MICROR 68.1 70.15 68 68.8 345591 1.03
24 #HEERE 20MICROP 69.85 70.5 68.5 68.65 264315 -0.22

AT | b INRALCD O a9 71 98 f7 e fo & AonAT2 nan

Figure : Indian Stock Market Dataset
IV. METHODOLOGY

This chapter provides an account of the studies’ approach to the development of a machine learning model for the
provision of company stock prices forecasts. The approach uses LSTM as a model that captures temporal dependence
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within the data, SVM for classification of stock data, and Gradient Boosting for model updates. The methodology
involves several stages: by stages of data gathering, data cleaning, data transformation, feature extraction and selection
model calibration, model assessment and evaluation of all the algorithms regarding the criteria such as Mean Square
Error (MSE) and R-squared.

These techniques were chosen to be able to learn from data flow in financial trading environments and to be able to
process financial datasets. The systematic approach pronounced ensures the findings present the right templates, to enable
accurate predictions of stock prices. These points of the chosen methodology are designed to enhance the performance
of the models and be useful to provide suggestions for stock forecasting in the ever-shifting scenario of the financial
market.

DATA PREPROCESSING

It is a very important step to make the data more eligible for model building. Preprocessing encompasses data washing,
the management of missing values, scaling the data and making new feature vectors which enhance the predictive ability
of the model (Bhandari et al. 2022).

Handling Missing Values

This is because missing values if not dealt with correctly can lead to a skewed model. Various strategies for handling
missing data include:

Removal: When the proportion of missing values is relatively low or widespread only in separate rows or columns, intact
data can be excluded without undermining the general matrix.

Imputation: In order to enhance the given approach, the missing values can be filled in by statistical measures like mean,
median, or mode or by the advanced technique like K- Nearest Neighbors (KNN) imputation, whose approach is based
on the similarity of data points.

Normalization

To improve efficiency of the model, normalization is conducted to make all the data scores to be of similar range.
Therefore, normalization of the features was done using Min-Max scaling as a common technique of scaling the features
to the range 0 — 1. This process is imperative when using feature scaling algorithms that are sensitive to scale of an input
data as seen with the implementation of a SVM.

The normalization process follows the formula:
Xscaled=(X- Xmin)— (Xmax—Xmin)
where X is the original data.
Xmin the minimum value
and Xmax is the maximum value of the data.

Feature Engineering

Feature engineering is used for improving the model’s predictive power since the new variables are engineered out of the
available data. Some of the engineered features include:

Lagged Features: This approach brings into focus predictors based on the previous stock prices like the weekly closing
price, timing patterns.

Technical Indicators: Analyzing such financial parameters, as MA, MACD, RSI, Bollinger Bands; used to prompt
trends and possible prices change.

Volatility Measures: Using additional parameters such as Average True Range (ATR) in order to consider volatility in
stock prices.

SEQUENCE DIAGRAM:

A sequence diagram in Unified Modeling Language (UML) is a kind of interaction diagram that shows how processes
operate with one another and in what order. It is a construct of a Message Sequence Chart. Sequence diagrams are
sometimes called event diagrams, event scenarios, and timing diagrams.
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V. RESULTS AND ANALYSIS
The algorithms are implemented by suing the LSTM&ARIMA mechanisms using python programming language. This

section shows the classification of high stock prices that are analyzed by the proposed algorithm and compared with other
existing models.
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VI. CONCLUSION

The development of an Al-driven, real-time trading platform integrating financial data APIs, sentiment analysis tools,
and brokerage APIs marks a significant step toward the future of automated trading systems. By leveraging both REST
and WebSocket technologies, the system ensures low-latency data access and real-time responsiveness—critical
requirements for financial applications.

This platform not only enables intelligent decision-making through the use of machine learning models but also
streamlines the entire trading lifecycle—from market data acquisition and sentiment analysis to strategy execution and
trade monitoring. It addresses key limitations of existing systems by offering a unified, modular, and scalable architecture,
with high transparency and minimal manual intervention.

Overall, the proposed solution offers a robust foundation for building next-generation financial applications that are not
only automated and intelligent but also flexible enough to adapt to rapidly changing market dynamics.
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