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Abstract: 
Understanding why startups succeed or fail remains a complex problem influenced by multiple uncertain 
factors. This paper presents a reproducible machine learning approach to predict startup survival using 
structured venture capital data derived from Crunchbase. A dataset containing over 17,000 startups is 
processed, engineered into meaningful features, and transformed into a balanced classification problem. 
Multiple models including Logistic Regression, Random Forest, and Gradient Boosting are evaluated. The 
results show that ensemble methods outperform linear models, achieving a maximum ROC-AUC of 0.74. 
Feature importance analysis reveals that company age and funding characteristics are the most influential 
predictors. The entire pipeline is designed to be reproducible, allowing future researchers to replicate and 
extend this work. 
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I. I. INTRODUCTION 

Startups are widely regarded as engines of 
innovation and economic growth. However, a large 
proportion of startups fail within a few years, 
making it difficult for investors and entrepreneurs 
to assess risk accurately. 

Traditionally, startup evaluation has relied 
heavily on qualitative factors such as founder 
reputation, intuition, and market perception. While 
valuable, these methods lack consistency and 
scalability. With the availability of structured 
datasets and advances in machine learning, it is now 
possible to approach this problem from a data-
driven perspective. 

This paper explores whether machine learning 
models can effectively predict startup survival 
using historical venture capital data. The focus is 
not only on predictive performance but also on 
understanding which factors contribute most to 
survival. 

II. II. DATASET AND PROBLEM DEFINITION 

The dataset is derived from Crunchbase and 
contains information on 17,727 startups. Key 

attributes include funding data, company category, 
location, and founding details. 

The target variable is defined as: Survived (1) — 
Operating, acquired, or IPO; and Failed (0) — 
Closed. Since the dataset is highly imbalanced, 
downsampling is applied to create a balanced 
dataset of 1,106 samples. 

III. III. FEATURE ENGINEERING 

The following features were constructed: Funding 
Total (total capital raised); Funding Rounds 
(number of investment rounds); Funding per Round 
(average capital per round); Company Age (time 
between founding and last funding); Founded Year 
(temporal indicator); and Category Code (industry 
classification, one-hot encoded). Missing values 
were handled using median imputation. 

IV. IV. METHODOLOGY 

Three classification models were implemented: 
Logistic Regression as the linear baseline, Random 
Forest as the ensemble tree-based method, and 
Gradient Boosting as the sequential boosting 
approach. 
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The dataset was split into training and testing sets 
using an 80/20 ratio. Performance was evaluated 
using accuracy, precision, recall, F1-score, and 
ROC-AUC. All experiments used Python with 
standard machine learning libraries under fixed 
random seeds to ensure reproducibility. 

V. V. RESULTS 

A. A. Model Performance 

Table I presents detailed performance metrics for 
all three models. Random Forest achieves the best 
overall performance, indicating the importance of 
non-linear relationships in the data. 

TABLE I 
DETAILED MODEL PERFORMANCE 

Model Accuracy ROC-
AUC 

Precision Recall F1-Score 

Logistic 
Regression 

0.62 0.64 0.62 0.62 0.62 

Random 
Forest 

0.66 0.74 0.67 0.66 0.66 

Gradient 
Boosting 

0.63 0.71 0.63 0.63 0.63 

 

B. B. Model Comparison 

Fig. 1 shows a visual comparison of Accuracy 
and ROC-AUC across all three models. Random 
Forest achieves the highest ROC-AUC of 0.74, 
outperforming Logistic Regression (0.64) and 
Gradient Boosting (0.71). 

 
Fig. 1.  Comparison of Accuracy and ROC-AUC 

C. C. ROC Curves 

Figs. 2-4 display the Receiver Operating 
Characteristic (ROC) curves for all three classifiers. 
The Random Forest curve shows the greatest 
separation from the diagonal baseline, confirming 
its superior discriminative power. Gradient 
Boosting shows moderate performance, while 
Logistic Regression tracks closest to the diagonal. 

 
Fig. 2.  ROC Curve - Random Forest 

 
Fig. 3.  ROC Curve - Gradient Boosting 
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Fig. 4.  ROC Curve - Logistic Regression 

D. D. Feature Importance 

Table II and Fig. 5 summarise the top features 
identified by the Random Forest model. Company 
Age is the single most predictive feature (0.221), 
followed by Funding Total (0.172), Funding per 
Round (0.164), Founded Year (0.155), and Funding 
Rounds (0.052). 

TABLE II 
TOP FEATURE IMPORTANCE 

Feature Importance 
Company Age 0.221 
Funding Total 0.172 
Funding per Round 0.164 
Founded Year 0.155 
Funding Rounds 0.052 

 

 
Fig. 5.  Top 10 Feature Importance 

E. E. Data Distribution 

Figs. 6 and 7 illustrate the distributions of key 
input features. Funding is highly right-skewed, 
confirming that most startups raise modest amounts. 
Company age also skews right, with a concentration 
of younger companies reflecting typical venture-
backed startup lifecycles. 

 
Fig. 6.  Funding Distribution 

 
Fig. 7.  Company Age Distribution 

VI. VI. DISCUSSION 

The results show that startup survival is strongly 
influenced by financial and temporal factors. 
Company age emerges as the most important 
feature, suggesting that longevity itself is a key 
indicator of stability. Companies that remain active 
for longer periods demonstrate resilience, 
operational maturity, and the ability to adapt to 
market conditions. 
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Funding-related variables also play a dominant 
role, confirming that access to capital significantly 
increases survival probability. Industry categories 
contribute less, indicating that while sector matters, 
financial strength is more critical. 

The moderate performance of all models reflects 
the inherent uncertainty of startup success, which is 
influenced by factors not captured in the dataset, 
such as founder quality, market timing, and 
competitive dynamics. 

VII. VII. REPRODUCIBILITY 

To ensure reproducibility, all steps of the 
machine learning pipeline are systematically 
defined, including data preprocessing, feature 
engineering, model training, and evaluation. The 
dataset is derived from Crunchbase and processed 
using consistent data cleaning and transformation 
procedures. Missing values are handled using 
median imputation, and categorical variables are 
encoded using one-hot encoding. 

The experiments are conducted using Python 
with standard machine learning libraries. Model 
training is performed using fixed random seeds to 
ensure consistent results across runs. 
Hyperparameters for each model are explicitly 
defined and kept constant during evaluation. All 
figures and results presented in this paper are 
generated programmatically from the processed 
dataset. The complete implementation, including 
code and instructions for data preparation, can be 

made available to enable other researchers to 
replicate and extend this work. 

VIII. VIII. LIMITATIONS 

Several limitations affect this study. The dataset 
exhibits a bias toward successful startups since 
companies that never receive formal venture 
funding are unlikely to appear in Crunchbase. The 
absence of qualitative variables such as team 
composition, product quality, and competitive 
positioning limits the predictive ceiling of any 
purely data-driven approach. Additionally, the 
dataset has limited temporal depth, preventing long-
horizon survival analysis across economic cycles. 

IX. IX. CONCLUSION 

This paper demonstrates that machine learning 
can provide useful insights into startup survival. 
While prediction performance is moderate, the 
analysis highlights key factors such as funding and 
company age as primary determinants of survival. 
Ensemble methods, particularly Random Forest, 
offer meaningful improvements over linear 
baselines. Future work can focus on incorporating 
richer datasets including qualitative signals, social 
network data, and market indicators, as well as 
exploring more advanced modeling techniques such 
as deep learning and survival analysis to improve 
predictive accuracy. 
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