SJIF Rating: 8.659

" International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 10 Issue: 06 | Jun - 2026

ISSN: 2582-3930

Stock Market Analysis and Prediction Using Random Forest.

Amey. A. Mojar!, Shreyash. S. Zope?, Rohit. A. Sawant?, Onkar. G. Avakale*, Rohan. S. Chavan®

Dept. of Information Technology, Sinhgad Institute of Technology & Science (SPPU), Pune, India

seskosk

Abstract - The stock market is one of the most dynamic and
complex systems influenced by numerous economic, political,
and psychological factors. Predicting stock price movement has
been a long-standing challenge for researchers and investors
due to the volatile nature of market behavior and the nonlinear
relationships among financial variables. With the advancement
of Artificial Intelligence (Al) and Machine Learning (ML), it is
now possible to extract meaningful patterns from large-scale
financial datasets to support informed investment decisions.
This research proposes a Stock Price Visualizer and Predictor
system that leverages supervised learning techniques to
forecast short-term market movements while providing a real-
time visual analytics interface. The system utilizes two years of
historical stock data collected from the Yahoo Finance API
using the yfinance Python library. Data preprocessing includes
handling missing values, normaliza- tion, and feature
enhancement by introducing new indicators such as Price
Change and Simple Moving Averages (SMA-5 and SMA-10).
These derived features strengthen the predictive power of the
model by capturing recent market momentum and volatility.
The dataset is divided into three parts—training, testing, and
validation—where the validation set consists of the most recent
day’s data to evaluate real-world performance. A Random
Forest Classifier, implemented using the Scikit-learn library, is
trained on the engineered dataset. The model’s output predicts
the directional movement of stock prices (Up/Down).
Evaluation metrics, including accuracy and prediction
validation, are employed to measure the model’s performance.
The system achieved an average accuracy of 51.52 percent,
which is consistent with results from similar financial
forecasting studies where short-term predictions remain highly
uncertain. Despite market volatility, the model successfully
identified correct directional trends on several test datasets. The
application integrates Python- based ML modules with a
Node.js and Express.js web inter- face to deliver a seamless

user experience. Users can visualize historical stock trends,

observe the model’s latest prediction, and compare predicted

versus actual outcomes. Furthermore, prediction results and
performance metrics are automatically exported to Google
Sheets for transparency and traceability. This research
demonstrates the feasibility of using ensemble learning
methods for short-term stock forecasting while combining them
with visualization and automation for end-user accessibility.
The developed system serves as a foundation for further
exploration into hybrid or deep learning models, sentiment-

based analytics, and real-time financial prediction systems.
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1. INTRODUCTION

The stock market plays a vital role in the economic growth of
any nation, providing investors and companies with oppor-
tunities to generate wealth and raise capital. However, predict-
ing stock market movements is an extremely challenging task
due to its volatile, dynamic, and nonlinear nature. Stock prices
are influenced by numerous interrelated factors such as market
trends, investor sentiment, company performance, economic
indicators, and global events. The inherent uncertainty in these
factors makes forecasting stock price movements complex and
often inaccurate when using traditional statistical approaches.
In recent years, the rise of Machine Learning (ML) and
Artificial Intelligence (AI) has transformed how data-driven

decisions are made across industries, including finance. Ma-
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chine learning techniques are capable of identifying patterns,
learning from historical data, and making informed predictions
on unseen datasets. This ability makes ML a powerful tool for
stock market analysis, as it can process large volumes of
financial data and uncover relationships that may not be visible
through manual analysis. The project “Stock Analysis and
Prediction using Machine Learning” focuses on utilizing these
advanced computational techniques to predict the short-term
price direction of a stockwhether it will move upward or
downward. The system automates the entire process, from data
collection to prediction visualization. Using the Yahoo Finance
API (yfinance), two years of historical stock data are retrieved,
including parameters such as Open, High, Low, Close, and
Volume. These parameters serve as the foundation for
constructing a more informative dataset through feature
engineering. Feature engineering is a crucial part of this project,
as it enhances the raw data by generating new attributes that
can better represent the underlying trends in stock prices.
Derived features such as Price Change, 5-day Moving Average
(SMA-5), and 10-day Moving Average (SMA-10) are
calculated to capture both short-term and medium-term market
behavior. These engineered features significantly improve the
model’s predictive capability by incorporating temporal trends
and smoothing random fluctuations. After data preparation, the
dataset is divided into three subsets Training, Testing, and
Validation to ensure accurate model evaluation. The Random
Forest Classifier, implemented through Scikit-Learn, is chosen
as the primary predictive model due to its robustness,
efficiency, and ability to handle nonlinear data relationships. It
operates as an ensemble of multiple decision trees, combining
their outputs to achieve a higher overall accuracy and prevent
overfitting. Once the model is trained, it is evaluated using the
testing dataset to measure its predictive accuracy. The final
validation step involves predicting the stock movement for the
most recent day in the dataset and comparing it to the actual
market outcome. The model’s accuracy typically ranges from
51% to 60%, demonstrating that it performs better than random
guessing and offers meaningful insights for investors. The
project also integrates Node.js and Express.js for back-end
operations, enabling communication between the Python-
based ML model and a web-based frontend. The frontend
interface, built using HTML, CSS, and JavaScript, displays

predictions, accuracy results, and visual analytics in a user-

friendly format. In summary, this project demonstrates how
machine learning, data science, and web technologies can be
effectively combined to build an intelligent financial forecast-
ing system. It provides a foundation for future enhancements,
such as the integration of Deep Learning models (LSTM) and
Sentiment Analysis, to further improve the accuracy and

reliability of stock market predictions.

2. LITERATURE REVIEW

The stock market is a dynamic and highly volatile financial
ecosystem influenced by numerous factors such as economic
indicators, investor sentiment, and global events. Predicting its
behavior has long been a challenge for economists, data
scientists, and investors. Traditional methods relied on
statistical and econometric models like ARIMA and linear
regression, but these models struggled to capture non-linear
market patterns. With the emergence of machine learning (ML)
and artificial intelligence (Al), researchers began developing
data-driven models that can learn complex relationships within
financial data and adapt to evolving market trends. Machine
learning offers a significant advantage in terms of identifying
hidden patterns and relationships in large datasets. Algorithms
such as Decision Trees, Random Forests, Support Vector
Machines (SVM), Neural Networks, and LSTM (Long Short-
Term Memory) networks have shown promising results in
forecasting market trends and predicting price movements.
This literature review explores previous research studies, their
methodologies, findings, and limitations to establish a foun-
dation for the development of the Stock Prediction System in
this project.

A. Predicting Stock Market Trends using Random Forests
(2015):

In this study, the researchers used the Random Forest algorithm
to predict the direction of stock price movement based on
historical data. The model was trained on features such as
opening, closing, high, and low prices. The Random Forest,
being an ensemble of decision trees, provided better
generalization and reduced overfitting compared to single deci-
sion trees. The study concluded that Random Forest achieved
higher predictive accuracy than traditional linear regression
models. However, it was limited by its use of basic features
without including technical indicators or external sentiment

data.
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B. Stock Market Prediction via Multi-Source Multiple Instance
Learning (2018):

In this study, researchers applied Multiple Instance Learning
(MIL) to integrate multiple sources of data, including historical
prices, economic indicators, and sentiment data. This approach
enhanced the model’s ability to understand the influence of
different variables on market behavior. The study revealed that
integrating diverse data sources leads to a significant
improvement in prediction accuracy. However, the system
required extensive computational resources and large datasets,
limiting its practical implementation in real-time prediction
systems.

C. Combining Random Forest Estimates using LSBoost for
Stock Market Index Prediction (2017):

This paper proposed a hybrid ensemble approach that com-
bined Random Forest and LSBoost (Least Squares Boosting)
for stock index prediction. By aggregating multiple weak
learners, the system achieved improved stability and reduced
variance. The model performed well in forecasting the direc-
tion of major stock indices such as NIFTY and SENSEX. The
authors highlighted the efficiency of ensemble learning tech-
niques in reducing noise and improving robustness. Nonethe-
less, the system focused solely on index-level prediction and
did not address the prediction of individual stock movements.
D. Deep Learning for Stock Prediction using LSTM Networks
(2019):

With the rise of deep learning, this study introduced Long
Short-Term Memory (LSTM) networks to model temporal
dependencies in stock data. LSTM, a variant of Recurrent
Neural Networks (RNN), is designed to remember long-term
patterns in sequential data, making it well-suited for time series
forecasting. The researchers found that LSTM outper- formed
traditional ML models, especially in predicting stock price
trends over short time windows. However, the model required
careful hyperparameter tuning, a large amount of training data,
and significant computational resources, making it difficult for
smaller projects to implement.

E. Hybrid Approach for Stock Market Forecasting using
Technical and Sentiment Analysis (2020):

This research introduced a hybrid framework combining
machine learning and natural language processing (NLP). The
system used SVM and Na“1ve Bayes algorithms for sentiment

analysis on Twitter and financial news data. The inclusion of

public sentiment alongside technical indicators improved the
prediction of short-term price changes. The study demon-
strated that sentiment data plays a vital role in market pre-
diction, especially during events or announcements. However,
sentiment analysis introduced additional complexity due to the
need for text preprocessing and ambiguity in interpreting
human emotions.

F. Stock Market Forecasting using Machine Learning Algo-
rithms (2021):

In this comparative analysis, multiple algorithms including
Random Forest, XGBoost, and Artificial Neural Networks
(ANN) were tested on stock data from the National Stock
Exchange (NSE). XGBoost provided the highest accuracy,
followed by Random Forest and ANN. The study emphasized
that ensemble models outperform single predictive models due
to their ability to capture diverse decision boundaries. Despite
this, real-time deployment was not covered, and the study
focused on offline prediction performance.

G. Key Findings:

Transition from Traditional Models to Machine Learning, Rise
of Ensemble Learning, Incorporation of Deep Learning
Techniques, Integration of Multi-Source Data.

H. Gaps Identified in Existing Research:

e Lack of Real-Time Implementation: Most research
fo- cused on historical data and offline models
without inte- gration into interactive, real-time
systems.

e  Overfitting and Generalization Issues: Some models
achieved high accuracy on training data but failed to
generalize well to unseen data, particularly during
market volatility.

o Complexity vs. Interpretability: Deep learning models
like LSTM offer strong performance but are often
treated as black boxes, making them difficult to
interpret for financial decision-making.

* Limited Scope in Feature Engineering: Many papers
relied only on raw market data, missing derived
features such as moving averages and rate of change
that could enhance predictive strength.

* Integration with Web-Based Platforms: Very few
models have been deployed in a web-based
environment, restrict- ing their accessibility to end-

users.
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3. PROBLEM DEFINITION

The stock market is one of the most complex and un-
predictable systems in the financial world. It is influenced by
numerous internal and external factors such as economic
indicators, company performance, political conditions, global
events, and investor sentiment. The dynamic and non-linear
nature of these factors makes forecasting stock price move-
ments a challenging task. Investors, traders, and financial
analysts often rely on historical data, technical charts, and
experience-based predictions, which are limited by human bias
and subjectivity. Traditional statistical methods, although
useful, struggle to accurately capture the intricate relationships
between multiple market variables. As a result, stock price
prediction often remains uncertain and unreliable. Furthermore,
the manual process of data collection, pre-processing, and
analysis consumes significant time and ef- fort, making it
unsuitable for real-time trading and decision- making. The need
for automation and intelligent data analysis has led to growing
interest in the application of Machine Learning (ML) for
financial forecasting. ML techniques can process vast amounts
of historical data, recognize patterns, and make predictions
without explicit programming. They can learn from past trends
and continuously improve their performance as more data
becomes available. In this project, the problem is to design and
implement a machine learning-based system capable of
predicting short-term stock price movements specifically
determining whether a stock’s price will increase or decrease
on the next trading day. The system must automatically fetch
real-time stock data, preprocess it, generate additional
predictive features, train an ML model, and validate its
accuracy on unseen data. Additionally, to enhance accessibility
and usability, the solution should integrate with a web-based
platform, allowing users to view predictions, accuracy scores,
and performance metrics in real time. The problem also
involves ensuring the model’s reliability and interpretability, so
users can trust and understand the reasoning behind predictions.
By leveraging the strengths of Python for data analysis and
modeling and Node.js for backend web integration, this system
aims to bridge the gap between data science research and

practical financial applications.

4. PROPOSED METHODOLOGY

A. Data Collection:

The first step in solving the problem is gathering reliable and
high-quality data. The system uses the Yahoo Finance API
(yfinance) in Python to fetch two years of historical stock
market data for selected companies. The dataset includes key
financial parameters such as Open, High, Low, Close, and
Volume. The advantage of using yfinance is that it provides
real-time and historical data directly from Yahoo Finance in a
structured format, eliminating the need for manual data entry.
If internet access is unavailable, pre-stored datasets like
stockdata.csv or history.xls serve as backup sources. This data
forms the foundation of the project and is further processed to
generate meaningful insights.

B. Data Preprocessing and Feature Engineering:

Once data is collected, it undergoes preprocessing to ensure it
is clean and consistent. Missing values and duplicate entries are
removed to prevent errors during model training. Next, feature
engineering is performed a critical step in improving model
accuracy. New attributes are created to represent market
behavior more effectively, including:

*  Price Change: The difference between consecutive
clos- ing prices.

*  SMA-5 and SMA-10 (Simple Moving Averages):
Indi- cators that smooth short-term fluctuations and
highlight long-term trends.

A new target variable is defined, where 1 represents an upward
movement in price and 0 represents a downward movement.
This transforms the problem into a binary classification task,
suitable for machine learning algorithms like Random Forest.
C. Data Splitting:

*  The processed dataset is divided into three parts:

—  Training Set (80 percent) — Used to teach the
model patterns from past data.

—  Testing Set (19 percent) — Used to evaluate
how well the model generalizes to unseen
data.

— Validation Set (1 percent) — The most recent
day’s

data, used to simulate real-world prediction perfor- mance. This
division ensures that the model’s performance is unbiased and

accurately reflects its predictive ability.

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJ]SREM64630 |

Page 4


https://ijsrem.com/

W Volume: 10 Issue: 06 | Jun - 2026

" International Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.659

ISSN: 2582-3930

D. Model Selection and Training:

The Random Forest Classifier from Scikit-Learn is selected for
prediction. This algorithm is chosen because it performs well
with non-linear data and reduces overfitting by combining
multiple decision trees. During training, each decision tree in
the forest learns from random subsets of data and features. The
final prediction is based on the majority vote of all trees. Key
parameters such as the number of trees (n-estimators=100) and
minimum samples per split are tuned for optimal results. The
model is trained on the training dataset using (X-train, Y-train)
pairs, enabling it to learn the relationships between features and
stock movements.

E. Model Evaluation:

e  After training, the model’s performance is tested using
the testing dataset. The following evaluation metrics
are used:

— Accuracy: Measures the proportion of correctly
predicted movements.

—  Precision and Recall: Assess the reliability of pre-
dictions for both upward and downward
movements.

—  Confusion Matrix: Provides a detailed breakdown
of true and false predictions.

On average, the model achieves an accuracy between 51 and 60
percent, which is reasonable for short-term financial
forecasting.

F. Validation:

The validation step evaluates the model’s real-world appli-
cability by predicting the stock’s movement for the most recent
trading day. The prediction is compared against the actual
closing price movement to determine whether the prediction is
correct or incorrect. This step helps verify the model’s

generalization ability and simulates live market prediction.

G. Web Integration:

To make the system interactive and accessible, a Node.js +
Express.js backend is developed. It acts as a bridge between the
Python ML model and the frontend interface. When a user
requests a prediction, the backend executes the Python script
(ML.py) and returns the result in JSON format. The frontend,
built using HTML, CSS, and JavaScript, displays the
prediction, accuracy, and market trend visualization in a user-

friendly dashboard.

H. Result Visualization and Interpretation:
The output includes predicted direction (Up/Down), accu- racy
score, and validation correctness. Results are visualized

through charts, graphs, and tables for better interpretation.

5. SYSTEM DESIGN SPECIFICATIONS
A. System Architecture
The System Architecture for Stock Market Prediction con-
sists of five main layers that work together to fetch, process,
analyze, and visualize stock data:
*  Data Acquisition Layer:
—  Collects two years of historical stock data
using  the Yahoo Finance API through the
yfinance Python library.
—  Provides essential features such as Open,
High, Low, Close, and Volume
values.
*  Data Processing and Feature Engineering:
— Cleans and preprocesses raw data by
removing miss- ing or duplicate values.
—  Generates new features like Simple Moving
Average (SMA) and Price Change.
—  Splits data into training and testing sets for
model development.
*  Model Training and Evaluation:
— Trains the Random Forest Classifier using
the pro- cessed dataset.
— Evaluates model performance using
accuracy metrics to ensure reliability.
*  Prediction (Inference) Layer:
—  Uses the trained model to predict the next
day’s stock movement (Up or Down).
— Compares predicted results with the actual
outcome to validate accuracy.
*  Presentation and Analysis Layer:
— Displays predictions, accuracy, and visual
charts (historical vs. predicted trends) on
the web interface.
— Helps users interpret results and make

informed investment decisions.
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process of how data moves through the Stock
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e User/Investor interacts with the Frontend Interface to

request a stock prediction and view results.

* The Frontend Interface sends the request to the

Backend (Node.js + Express), which coordinates the W et bt

system operations. " tht

*  The Backend triggers the Yahoo Finance API to fetch \ ‘ ’ 1

real-time or historical stock data and sends it to the ‘ y ‘ " (._____
Python ML Model for analysis.

*  The Python ML Model performs data preprocessing

and feature engineering (such as SMA and Price

Change) to generate a Processed Dataset. C. System Modeling:
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D. Entity Relationship Diagrams:

The Entity Relationship Diagram (ERD) illustrates how

different components of the Stock Prediction System are

related and interact with each other to enable stock forecasting

and data management.

e User:

— Represents the end-user or investor who interacts

with the system to make predictions based on

stock data.

— Initiates prediction requests to the model.

e Model:

—  Refers to the Machine Learning Model (Random

Forest Classifier) that processes stock data and

generates predictions.

— It is trained using datasets and later generates

prediction outputs.

e Trained Model:

—  The finalized version of the model after training.

—  Stored in the Database for future predictions.

¢ Database:

—  Stores both the trained model and relevant stock

datasets.

— Provides input data for model retraining and

prediction.

¢ Prediction:

— Represents the output generated by the model

based on user requests.

—  Each prediction corresponds to a specific stock.

e Stock:

—  Contains the historical and real-time stock data

used for training and prediction.
—  Each stock is linked to a dataset.

¢ Dataset and Features:

—  The Dataset includes various Features such as

Open, High, Low, Close, Price Change, and

Moving Averages.

— These features serve as inputs for the model

training and prediction process.
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E. UML Diagram:
The UML Class Diagram represents the structural design of the
Stock Prediction System, showing the main classes, their
attributes, methods, and relationships.
e User Class:
— Attributes: userld, name.
—  Methods:viewPrediction(),
requestStockData().
— Role: Requests stock data and views
prediction results.
*  Model Class:
—  Attributes: modelld, algorithm, accuracy.
—  Methods: trainModel(), predict().
— Role: Represents the machine learning model
(e.g., Random Forest Classifier) used to train
and generate predictions.
*  Prediction Class:
— Attributes: predictionld, predictionDate,
result.
—  Method: compareWithActual().
— Role: Stores prediction results and compares
them with actual market outcomes.
*  Stock Class:
—  Attributes: stockld, name, open, close, high,
low, volume.
—  Method: getStockInfo().
— Role: Contains stock-specific data used for
predictions.
»  Dataset Class:
— Attributes: datasetld, startDate, endDate.
—  Method: loadData().
— Role: Manages historical stock data for
model training.
*  Feature Class:
— Attributes: featureld, featureName,
featureValue.
—  Method: generateFeatures().
— Role: Defines input parameters (e.g., SMA,

price change) used in prediction.

Model
User

sstring modalld
+string userid
by sstring aigorithm
+string name
5 +float accuracy

strainModel()
/ +predice()

requests gonerates

wwiswPrediction()

rrequestsStockDatal)

Prediction

sstring predictionid
selects

Stock /

sstring stockId

sdate predictionDate

sstring result

+«compareWithActunt()

belongsTo trainzOn

sstring name
«float ppon
+float close
sfloat high
+float low
+float volume

sgotStockinfo()

providesData
\l /

Oataset

+string datazotld
+date startDate

rdate endDate

sloadDatal)

includes

Feature

+string featureld
+string featureName
+float featureValue

tRenerateFeatures()

6. EXPERIMENT AND IMPLEMENTATION

A. Implementation process:

The implementation of the Stock Price Visualizer and
Pre- dictor system is carried out in several stages: data
collection, preprocessing, feature engineering, model
training, integration, and visualization. The system is
primarily developed in Python using libraries such as
yfinance for data retrieval, Pandas and NumPy for data
handling, and Scikit-learn for model development. Two
years of historical stock data are extracted from the
Yahoo Finance API using the yfinance library. The raw

dataset, containing Open, High, Low, Close, and Volume
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values, undergoes preprocessing to handle missing
values, normalize prices, and remove inconsistencies.
Feature engi- neering introduces new indicators such as
Price Change and Simple Moving Averages (SMA-5 and
SMA-10) to capture short-term momentum and volatility.
The enhanced dataset is divided into training (70 percent),
testing (25 percent), and validation (5 percent) subsets.
The Random Forest Classifier is trained using Scikit-
learn to predict directional movement (Up/Down) of
stock prices. The model achieved an average testing
accuracy of 51.52 percent, reflecting realistic short-term
prediction reliability. After training, the model is
integrated into a Node.js backend that communicates with
the Python script through REST APIs. A web-based
interface allows users to input stock symbols, visualize
two years of historical data, and view prediction results
interactively. Predictions and accuracy metrics are
exported automatically to Google Sheets for
transparency and continuous performance tracking. This
modular implementation ensures scalability, enabling
future integration of advanced models such as LSTM or
XGBoost, live market data streaming, and improved
visualization tools for enhanced financial decision
support.
B. EXPERIMENTATION AND ANALYSIS
*  Experimental Setup:
— The experimentation for the proposed
Stock Price Visualizer and Predictor
system was carried out on a personal
computing environment configured with
Windows 10 (64-bit) operating system,
Intel Core 15 (10th Gen) processor, 8 GB
RAM, and Python 3.10 as the main
programming platform. The machine
learning model was implemented using
the Scikitlearn library, while Pandas,
NumPy, and Matplotlib were employed

for data manipulation and visualization.

The data used for experimentation
consisted of two years of historical stock
records obtained from the Yahoo
Finance API through the yfinance
Python library. Each dataset contained
daily stock market features, namely
Open, High, Low, Close, and Volume
prices. The choice of two years ensured
sufficient data points for training and
testing while maintaining relevance to
current market trends. The Random

Forest Classifier was chosen for
implementation due to its robustness
against noise, capability to handle
nonlinear data, and superior performance
in classification tasks compared to

single-decision models.

*  Experimental Procedure:

Data Acquisition: Historical stock price
data were downloaded using yfinance,
which provides access to real-time and
historical market data. Stocks such as
AAPL, UNH, and TCS were selected for
testing to analyze performance
consistency across different sectors.
Data Preprocessing: Raw stock data
frequently con- tain missing values due
to market holidays or trading halts. The
missing data were filled using forward
and  backward filling techniques.
Numerical features were normalized
using Min—Max scaling, ensuring that all
inputs had uniform value ranges suitable
for model training. Outliers caused by
sudden price fluctuations were detected
using Z-score filtering and replaced with
median values to stabilize training.

To enhance

Feature Engineering:

predictive capability, new features were
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¢ Results

created—Price Change, SMA- 5, and
SMA-10. Price Change captured short-
term volatility, while moving averages
smoothed out noise and highlighted
momentum. These features were critical
for the Random Forest model to identify
upward and downward market trends.
Data Splitting: The dataset was divided
into 70 percent training, 25 percent
testing, and 5 percent  validation sets.
The validation set represented the most
recent trading day, enabling real-world
evaluation of predictive performance.
Model Training: The Random Forest
Classifier was configured with 100
decision trees (n-estimators = 100), using
gini impurity for node splitting.

Model Evaluation: Performance was
measured using accuracy, precision,
recall, and Fl-score. Feature im-
portance analysis was also performed to
understand which attributes contributed
most  significantly to  prediction
outcomes.

and Observations:

After extensive training and testing, the
Random Forest model achieved an
average testing accuracy of 51.52
percent, consistent with findings from
similar research in short-term stock
prediction. Shortterm market movement
forecasting is inherently difficult
because of non-stationarity, external
events, and speculative fluctuations.
Despite this, the model effectively
identified multiple correct directional
trends intestdata, validating its predictive
of

capability. The analysis feature

importance revealed that Closing Price,

SMA-5, and Price Change were the top
con- tributors to model performance,
while Volume had a comparatively
lesser impact. The confusion matrix
showed a Dbalanced classification
performance, indicating that the model

was neither biased toward predicting

upward nor  downward  trends.
Visualization plots of the predicted
versus actual stock movements

demonstrated that while the predictions
followed the general direction of market
changes, deviations occurred during
high-volatility periods. This reflects the
sensitivity of ensemble models to sudden

market anomalies or unmodeled factors.

e Discussion:

The experimentation highlights the
efficiency of ensemble learning methods
like Random Forest in  capturing

complex relationships between stock
to individual

attributes. Compared

algorithms such as Decision Trees
or Logistic Regression, the Random
Forest Classifier offered improved
stability and generalization. However,
due to its static structure, it lacks
temporal awareness meaning it does not
consider sequential dependencies over
time, which are crucial in financial
forecasting. @ To  improve  future
prediction accuracy, additional methods
such as Recurrent Neural Networks
(RNN) or Long Short- Term Memory
(LSTM) could be employed. These
models are designed to handle temporal
dependencies and can adapt to evolving
market trends.

Moreover, integrating

sentiment analysis from financial news

© 2026, IJSREM

| https://ijsrem.com

DOI: 10.55041/IJ]SREM64630 |

Page 10


https://ijsrem.com/

W Volume: 10 Issue: 06 | Jun - 2026

" International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

and social media could capture external
factors that significantly influence
investor behavior and price fluctuations.
Despite these challenges, the achieved
accuracy of over 50 percent represents a
meaningful improvement over random
guessing and demonstrates that machine
learning can extract actionable insights
even in stochastic systems like the stock
market. Furthermore, the integration of
the predictive model with a web-based
visualization interface enhances
interpretability, allowing users to easily
compare predictions with actual
outcomes and monitor performance in

real time.

7. LIMITATIONS AND FURURE ENHANCEMENT

A. Project Limitations:

Model Accuracy:

— The Random Forest model achieves an
accuracy of approximately 51-60 percent,
which, while above random guessing, may
not be sufficient for highstakes trading
decisions.

Short-Term Focus:

— The model is designed for short-term
prediction and may not perform well for
long-term investment forecasting.

Limited Feature Set:

— Only a few technical indicators are used;
more advanced features like RSI, EMA, and
MACD could improve results.

Data Dependency:

— The model relies solely on historical data,
without considering external factors such as
news, economic events, or investor

sentiment.

e Real-Time Constraints:

B. Although predictions are displayed on a web
interace, the system is not optimized for high-
frequency or live market trading.

B. FUTURE ENHANCEMENTS

The current implementation of the Stock Price Visualizer
and Predictor demonstrates the feasibility of using
machine learning for short-term stock market forecasting.
While the Random Forest Classifier provides moderately
accurate predic- tions and interpretable results, there exist
several opportunities for enhancing both the predictive
performance and functional capabilities of the system.
Future enhancements can be cat- egorized into model
improvements, data enrichment, system integration, and
user experience optimization.

e Advanced Predictive Modeling:

— The model can be further enhanced by
integrating deep learning architectures such
as Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) networks,
which are designed to handle sequential
dependencies inherent in stock market data.
These models can capture long-term
temporal relationships, unlike ensemble
algorithms that treat each observation
independently. Moreover, hybrid
architectures, combining Random Forest for
feature extraction and LSTM for temporal
prediction, can offer better generalization
and adaptability to fluctuating market
conditions. Another promising direction
involves the use of Transformer-based
architectures and attention mechanisms,
which have recently shown superior
performance in financial forecasting by
focusing on the most relevant input patterns
over time. Optimization techniques such as

Bayesian  hyperparameter tuning and
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AutoML frameworks can further improve

model selection and configuration efficiency.

* Data Enrichment and Feature Expansion:

—  The predictive capability of any model is
heavily dependent on the quality and
diversity of its data. Future versions can
incorporate alternative data sources.

e Sentiment analysis from financial news, social
media (e.g., Twitter, Reddit), and expert opinions
using Natural Language Processing (NLP).

e Macroeconomic indicators like interest rates, in-
flation rates, and GDP growth. Technical
indicators such as RSI (Relative Strength
Index), MACD (Moving Average Con- vergence
Divergence), and Bollinger Bands.

e Real-Time Prediction and Automation:

— Future systems can support real-time
data streaming through integration with
APIs like Alpha Vantage or IEX Cloud.
This would allow continuous model up-
dates and live stock prediction

dashboards. Deploying the system on a

cloud infrastructure (e.g., AWS, Azure,

or Google Cloud) would improve

scalability, reliability, and multi-
user accessibility. Additionally,
implementing automated retraining

pipelines can ensure that the model

remains updated with the most recent

market  trends  without = manual
intervention.

* Enhanced Visualization and User Interface:

— Further improvements can be made by

integrating interactive dashboards using
Dash, Streamlit, or ReactJS frameworks.
Enhanced visual tools such as heatmaps,
volatility graphs, and feature impact
plots  will provide deeper analytical

Personalized

insights to  users.

recommendation modules could be

added to guide investors.

6. CONCLUSION

The Stock Price Visualizer and Predictor system success- fully
demonstrates the integration of machine learning, data
visualization, and financial analytics for short-term stock
market forecasting. The study aimed to develop a model
capable of predicting stock price movements using historical
data, engineered features, and an interpretable ensemble-based
algorithm. Through systematic experimentation, the research
validates that Random Forest Classifier, combined with fea-
ture enhancement techniques, can moderately capture market
trends despite the inherent volatility of financial time-series
data. The implementation of this system involved a complete
workflow encompassing data acquisition from Yahoo Finance,
preprocessing to handle missing values, feature engineering
using indicators such as Price Change and Simple Mov- ing
Averages (SMA-5, SMA-10), and model training using Scikit-
learn. The data was divided into training, testing, and validation
subsets to ensure robust evaluation. The trained Random Forest
model achieved an average accuracy of 51.52 percent, aligning
with the expected benchmark for short-term predictions where
market randomness significantly influences outcomes. A major
contribution of this research lies in its user- centric
visualization interface, developed using Nodejs and
Express.js, which allows users to visualize historical trends,
observe model predictions, and verify outcomes in real time.
The automated export of prediction results to Google Sheets
ensures transparency and continuous monitoring of model
performance, making it practical for academic, research, and
investment use. The findings reaffirm that ensemble learning
models such as Random Forest strike a balance between
accuracy, interpretability, and computational efficiency.
However, the un- predictability of financial markets restricts
the model’s up- per bound of performance, suggesting that even
the most sophisticated algorithms can provide probabilistic
insights rather than deterministic forecasts. Future work can
explore hybrid deep learning architectures (such as LSTM-
Random Forest combinations), sentiment-based features, and
real-time predictive streaming to enhance accuracy and
adaptability. Additionally, integrating cloud deployment and
automated retraining pipelines can extend the system’s

scalability and operational efficiency. In conclusion, this
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research contributes to the growing body of work at the
intersection of artificial intelligence and finance, establishing a
strong foundation for intelligent stock analysis platforms that
blend prediction, visu- alization, and decision support into a

single integrated system.
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