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ABSTRACT: Startups play a significant role in economic growth and innovation, but predicting their success remains
a challenging task due to various financial, market, and organizational factors. Investors and entrepreneurs often rely on
intuition and limited analysis to make investment and strategic decisions, which may lead to financial risks and
unsuccessful ventures. This paper presents a machine learning-based approach for predicting startup success using
historical startup data and key business indicators. The proposed system utilizes data preprocessing, feature selection,
and classification algorithms to analyze startup characteristics and predict whether a startup is likely to succeed or fail.
Multiple machine learning algorithms were evaluated, and the Random Forest algorithm was selected as the final model
due to its higher accuracy and better performance. The model was trained and tested using startup datasets, and
performance was evaluated using metrics such as accuracy, precision, recall, and Fl-score. The final model was
deployed using a Flask-based web application that allows users to input startup details and receive prediction results
through a user-friendly interface. The proposed system helps investors, entrepreneurs, and policymakers make data-
driven decisions and reduce risks associated with startup investments. This study demonstrates how machine learning
can be effectively applied in predictive analytics for business decision support systems.

L. INTRODUCTION

Startups play a crucial role in economic development, innovation, and job creation. However, a large number of
startups fail within the first few years due to various factors such as poor market analysis, lack of funding, ineffective
management, and improper strategic planning. Investors and entreprencurs often face significant challenges in
predicting whether a startup will succeed or fail before making investment or business decisions. Traditional decision-
making methods rely heavily on experience, intuition, and manual analysis, which may lead to inaccurate predictions
and financial losses.

With the advancement of data science and machine learning, predictive analytics has become an effective approach for
analysing large datasets and identifying patterns that can support decision-making. Machine learning algorithms can
analyse historical startup data, funding details, market trends, and business characteristics to predict the probability of
startup success. This enables investors, entrepreneurs, and policymakers to make informed decisions based on data
rather than assumptions.

This project proposes a machine learning-based system for predicting startup success using classification algorithms.
The system uses historical startup data and applies data preprocessing, feature selection, and model training techniques
to build a predictive model. Multiple machine learning algorithms were evaluated, and the Random Forest algorithm
was selected due to its higher accuracy and ability to handle structured data effectively.

The developed model is integrated into a web-based application using the Flask framework, where users can input
startup-related parameters and receive prediction results indicating whether a startup is likely to succeed or fail. The
system aims to provide a decision support tool that helps reduce investment risk and improve strategic planning for new
ventures.
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II. LITERATURE SURVEY

Startup success prediction has gained significant attention in recent years due to the high failure rate of startups and the
increasing availability of business, financial, and market data. Researchers and analysts have attempted to use data
mining and machine learning techniques to predict whether a startup will succeed or fail based on various factors such
as funding amount, team size, business model, market competition, and growth indicators. Traditional methods for
evaluating startup success relied heavily on expert opinions, manual financial analysis, and market research. However,
these methods are often time-consuming, subjective, and prone to human bias. With the advancement of machine
learning and predictive analytics, automated prediction systems have been developed to analyse historical data and
identify patterns that influence startup success. Machine learning models can process large amounts of structured and
unstructured data and provide predictions that support investors, entrepreneurs, and policymakers in making data-
driven decisions.

Several machine learning algorithms have been used in previous studies for classification and prediction tasks related to
business success and financial forecasting. Logistic Regression is commonly used for binary classification problems
and provides interpretable results, but it may not perform well when the relationship between variables is nonlinear.
Support Vector Machine (SVM) is another powerful classification algorithm that can handle high-dimensional datasets
and create optimal decision boundaries, but it requires careful parameter tuning and may not be efficient for very large
datasets. Decision Tree algorithms are widely used because they are easy to understand and interpret, but they often
suffer from overfitting when trained on complex datasets. To overcome these limitations, ensemble learning methods
such as Random Forest have been introduced, which combine multiple decision trees to improve prediction accuracy
and reduce overfitting. Random Forest is particularly effective for structured datasets and can handle missing values,
feature importance evaluation, and nonlinear relationships between variables.

Recent research indicates that ensemble methods such as Random Forest and Gradient Boosting outperform traditional
machine learning algorithms in many prediction problems involving business analytics and financial risk analysis.
These models provide higher accuracy, better generalization, and improved performance when dealing with complex
datasets. Many studies have also focused on using machine learning models for investment decision support systems,
where predictive models analyze startup features and estimate the probability of success or failure. These systems help
reduce investment risk and improve decision-making by providing objective, data-driven insights.

1. METHODOLOGY

The startup success prediction system using machine learning is developed through a series of well-defined steps. The
complete workflow of the project is explained below:

1. Data Collection:

The first step involves collecting startup-related data from a reliable source such as the Startup Success Prediction
dataset available on Kaggle. The dataset includes important startup parameters such as funding amount, number of
funding rounds, startup category, company age, team size, and market-related features. These parameters are selected
because they play a significant role in determining whether a startup will succeed or fail.

2. Data Preprocessing:

Before training the model, the collected data is pre-processed to ensure data quality and consistency. Missing values are
handled using appropriate techniques such as mean or median imputation. Duplicate records and irrelevant features are
removed to improve data quality. Categorical features such as startup category and location are converted into
numerical values using encoding techniques. Feature scaling is also applied to normalize numerical values so that all
features are within a similar range, which improves the performance of machine learning algorithms.

3. Feature Selection:

In this step, the most relevant features that significantly influence startup success are selected. Feature selection helps in
reducing noise, improving model performance, and reducing computational complexity. Correlation analysis and
feature importance techniques are used to identify the most important features affecting startup success prediction.
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4. Splitting the Dataset:

The processed dataset is divided into two parts: training data and testing data. Generally, 80% of the dataset is used for
training the machine learning model, and the remaining 20% is used for testing the model. This helps in evaluating the
model performance on unseen data and prevents overfitting.

5. Model Training:

Multiple supervised machine learning algorithms such as Logistic Regression, Support Vector Machine, Decision Tree,
and Random Forest are trained using the training dataset. Each model learns patterns from the input features and their
relationship with the target variable, which indicates whether the startup is successful or unsuccessful. Among these
algorithms, Random Forest is selected because it provides higher accuracy and handles structured data efficiently.

6. Model Evaluation:

After training the models, they are evaluated using performance metrics such as accuracy, precision, recall, and F1-
score. These evaluation metrics help in comparing the performance of different models. The model that provides the
best accuracy and balanced performance across all evaluation metrics is selected as the final model.

7. Prediction and Deployment:

The final step involves using the trained Random Forest model to predict startup success. The model is deployed using
a Flask web application where users can enter startup details through a web interface. The system processes the input
data and provides the prediction result indicating whether the startup is likely to succeed or fail. This makes the system
user-friendly and useful for investors and entrepreneurs for decision-making.

IV. RESULTS AND DISCUSSION

Startup Success Predictor

Funding Rounds

Total Funding (USD)
Milestones

Relationships

Average Participants

Age at First Funding (Years)
Age at Last Funding (Years)
Age at First Milestone (YWears)
Age at Last Milestone (Years)

Is Top 500 Company? {1 = Yes, 0 = No)

Predict Success
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Startup Analysis Result

B Accquired

This startup shows strong indicators of future success.

Analyze Another Startup

Accuracy and Precision:

The trained machine learning model achieved an overall accuracy of approximately 81% on the test dataset. The class-
wise performance metrics showed strong predictive performance for successful startups (Class 1) with higher precision
and recall compared to failed startups (Class 0). The classification report indicated that the model achieved balanced
precision, recall, and F1-score values, demonstrating that the model can effectively classify startup success and failure
based on the selected features. The weighted average precision, recall, and F1-score values were also satisfactory,
indicating that the model performs well even when the dataset contains class imbalance. These results show that the
Random Forest model can successfully identify important patterns related to startup success prediction.

Prediction Performance and Evaluation Metrics:

Additional evaluation metrics such as precision, recall, F1-score, and ROC-AUC score were calculated to evaluate the
model performance more accurately. The ROC-AUC score indicated good classification capability of the model in
distinguishing between successful and unsuccessful startups. The model also showed consistent performance across
both training and testing datasets, although slightly higher training accuracy suggested minor overfitting. However, the
model still performed well on unseen data, indicating good generalization ability.

Model Comparison:

A comparison of different machine learning algorithms was performed to identify the best model for startup success
prediction. Algorithms such as Logistic Regression, Support Vector Machine, Decision Tree, and Random Forest were
trained and evaluated. The Random Forest model achieved the highest accuracy compared to other algorithms, while
Logistic Regression and Decision Tree showed moderate accuracy. Support Vector Machine performed reasonably well
but required more parameter tuning. The comparison results indicate that ensemble learning methods such as Random
Forest perform better than individual classification models for structured business datasets.

Confusion Matrix Analysis:

The confusion matrix illustrates the distribution of predicted and actual startup outcomes. The majority of successful
startups were correctly classified, indicating good prediction capability of the model for positive outcomes. However,
some unsuccessful startups were misclassified as successful due to similarities in feature patterns such as funding and
company size. These misclassifications indicate that additional feature engineering and data balancing techniques could
further improve model performance. Overall, the confusion matrix shows that the model performs effectively in
predicting startup success and failure with acceptable error rates.
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V. LIMITATIONS

1. Limited and Imbalanced Dataset:

The dataset used for training the startup success prediction model contained an uneven distribution between successful
and unsuccessful startups. This class imbalance affected the model’s ability to accurately predict minority class
outcomes, which may lead to lower recall values for certain categories.

2. Dependence on Historical Data Quality:

The performance of the machine learning model heavily depends on the quality and completeness of the historical
startup data. Missing values, incorrect funding information, or inconsistent records in the dataset can negatively impact
the prediction accuracy.

3. Limited Feature Availability:

The dataset used in this project contains only a limited number of startup-related features such as funding amount,
category, and company age. Other important factors such as founder experience, market competition, business strategy,
and customer growth were not included, which may affect the overall prediction performance.

4. Model Overfitting Risk:

The Random Forest model showed very high accuracy on the training data compared to the testing data, indicating a
possibility of overfitting. This means the model may perform very well on known data but slightly less accurately on
completely new data.

5. Prediction Uncertainty:

Startup success depends on many external factors such as economic conditions, market trends, and management
decisions, which cannot be fully captured using historical data alone. Therefore, the model predictions should be
considered as supportive decision-making tools rather than absolute predictions.
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6. Deployment and Real-Time Data Limitations:
The current system uses a static dataset and does not update automatically with real-time startup data. For real-world
applications, continuous data updates and model retraining would be required to maintain prediction accuracy

VI. FUTURE WORK

1. Dataset Expansion and Improvement:

Future work will focus on collecting larger and more comprehensive startup datasets that include additional features
such as founder experience, employee growth, revenue trends, and market competition. Expanding the dataset will help
improve the accuracy, reliability, and generalization capability of the prediction model.

2.Implementation of Advanced Machine Learning Models:

Future research can explore the use of advanced machine learning and deep learning algorithms such as Gradient
Boosting, XGBoost, Artificial Neural Networks, and other deep learning models to further improve prediction
performance and model efficiency.

3. Real-Time Prediction System:
The system can be enhanced to support real-time data input and continuous model updating, allowing predictions to be
generated using the most recent startup data and current market trends. This will make the system more practical and
applicable in real-world scenarios.

4. Web Application Enhancement:
The web-based system can be further improved by adding user dashboards, prediction history, graphical analysis, and
automated report generation features to enhance usability and provide a better user experience.

5. Integration with Financial and Market Data Sources:Future systems can integrate external financial APIs, market
trend data, and economic indicators to improve prediction accuracy and provide more comprehensive decision support
for investors, entrepreneurs, and stakeholders.

6. Model Optimization and Automation:
Future work can include automatic hyperparameter tuning, automated model retraining, and deployment using cloud
platforms. This will make the system more scalable, efficient, and accessible to a larger number of users.

VII. CONCLUSION

In this paper, a machine learning-based approach for predicting startup success has been presented. The main objective
of this project was to develop a predictive model that can analyse startup-related features and determine whether a
startup is likely to succeed or fail. The system was developed using historical startup data and various machine learning
techniques including Logistic Regression, Support Vector Machine, Decision Tree, and Random Forest algorithms.
After comparing the performance of different models, the Random Forest algorithm was selected as the final model due
to its higher accuracy and better performance in handling structured datasets.

The methodology involved data collection, data preprocessing, feature selection, model training, and model evaluation
using performance metrics such as accuracy, precision, recall, and Fl-score. The trained model was then deployed
using a Flask-based web application where users can input startup details and obtain prediction results. The results
demonstrate that machine learning techniques can be effectively used for predictive analytics in business decision-
making and investment analysis.

The proposed system helps investors, entrepreneurs, and policymakers make data-driven decisions by providing startup
success predictions based on historical data patterns. This system can reduce investment risk, improve strategic
planning, and support better decision-making for startup investments. Overall, the project demonstrates the practical
application of machine learning in predictive business analytics and decision support systems.
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