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Predicting Startup Success Using Tree-Based Machine
Learning Algorithms
Previsão do sucesso de uma startup usando algoritmos de aprendizado de máquina
baseados em árvores

Saifur Rohman Cholil1,2*, Rahmat Gernowo1, Catur Edi Widodo1, Adi Wibowo1, Budi Warsito1,
Alauddin Maulana Hirzan2

Abstract: Startups are an important element in today’s digital economy. Increased interest in startups as a
source of innovation and economic growth has prompted many studies to identify factors that can influence
startup success. One of the challenges in predicting startup success is the diversity and complexity of the data.
This research aims to identify the tree-based algorithm that achieves the highest accuracy in predicting startup
success. The study employs tree-based methods using a single estimator (decision tree), ensemble bagging
(bagging, random forest, and Extra Trees), and ensemble boosting (AdaBoost, gradient boosting, LGBM, and
XGBoost). Model testing is conducted using evaluation matrices such as accuracy, classification model formation
and confusion matrix. The results demonstrate that eXtreme Gradient Boosting (XGBoost) is the most effective
prediction method for startup success rate when compared to other tree-based algorithms, achieving a high
accuracy of 88.1%. The use of tree-based algorithms can provide useful insights for startup entrepreneurs in
improving business strategies and decision-making. The key factors that have the most influence on startup
success can be identified through the analysis of model test results, which is useful for startup entrepreneurs
and investors in improving business performance.
Keywords: Benchmark — Prediction — Startup Tech — Tree-based Algorithms

Resumo: As startups são um elemento importante na economia digital atual. O aumento do interesse nas
startups como fonte de inovação e crescimento econômico levou muitos estudos a identificar fatores que podem
influenciar o sucesso das startups. Um dos desafios na previsão do sucesso de uma startup é a diversidade e
a complexidade dos dados. Esta pesquisa tem como objetivo identificar o algoritmo baseado em árvore que
atinge a maior precisão na previsão do sucesso de uma startup. O estudo emprega métodos baseados em
árvores usando um único estimador (árvore de decisão), ensemble bagging (bagging, floresta aleatória e Extra
Trees) e ensemble boosting (AdaBoost, gradient boosting, LGBM e XGBoost). O teste do modelo é realizado
usando matrizes de avaliação, como precisão, formação do modelo de classificação e matriz de confusão. Os
resultados demonstram que o eXtreme Gradient Boosting (XGBoost) é o método de previsão mais eficaz para
a taxa de sucesso de inicialização em comparação com outros algoritmos baseados em árvore, alcançando
uma alta precisão de 88,1%. O uso de algoritmos baseados em árvores pode fornecer percepções úteis para
empreendedores de startups no aprimoramento das estratégias de negócios e na tomada de decisões. Os
principais fatores que mais influenciam o sucesso de uma startup podem ser identificados por meio da análise
dos resultados dos testes de modelos, o que é útil para empreendedores e investidores de startups melhorarem
o desempenho dos negócios.
Palavras-Chave: Benchmark — Previsão — Tecnologia de Startups — Tree-based Algorithms

1Information System School of Postgraduate, Universitas Diponegoro, Indonesia
2Information Technology and Communication, Universitas Semarang, Indonesia
*Corresponding author: saifurrohmancholil@students.undip.ac.id; cholil@usm.ac.id
DOI: http://dx.doi.org/10.22456/2175-2745.133375 • Received: 21/06/2023 • Accepted: 04/11/2023
CC BY-NC-ND 4.0 - This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International License.

1. Introduction
Startups are a topic that attracts attention in the business world
because they have the potential to generate large profits in
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the short and long term[1]. However, startup success is not
easy to achieve, because many factors affect its success. Ac-
cording to Aminova and Marchi [2], approximately 90% of
startup businesses are failed to run. Hence, many studies have
been conducted to develop methods and algorithms to predict
startup success including tree-based algorithm[3]. Like boost-
ing algorithms, tree-based algorithms combine weak models
to create a powerful and precise predictor. These algorithms
make use of ensemble learning to grasp complicated rela-
tionships and provide accurate predictions by combining the
individual decision tree strengths [4]. The tree-based approach
is particularly effective in resolving categorization issues and
predicting startup success. Tree-based algorithms have been
used in various applications, such as cancer gene classification,
breast cancer risk prediction, heart health[5, 6], underground
fault classification [7], and predicting of amorphous alloys
[8].

Some recent studies have shown that the tree-based al-
gorithm is more effective in predicting startup success com-
pared to other methods. While various approaches have been
explored, this particular algorithm has demonstrated promis-
ing results in accurately forecasting the potential success of
startups [9, 10, 11, 12]. The research shows that the tree-
based algorithm is more accurate in breast cancer than other
Deep Learning methods. Other research conducted using
the tree-based algorithm includes classifying impact damage
of fiber-reinforced concrete panels, classifying gene cancer
on expression data, and classifying underground fault cables
[13]. Tree-based algorithm was also used to detect anoma-
lies on displacement rates and deformation pattern features
in Indonesia[14]. The tree-based algorithm can be used to
predict factors that affect startup success [15, 16] such as
funding especially financial fraud [17], financial distress [18],
business strategy, marketing, bankruptcy [19], and product de-
velopment. Tree-based algorithms possess the ability to learn
patterns and trends associated with these factors, allowing for
more accurate predictions about startup success. In the article
[20], the authors utilized tree-based algorithm to identify fac-
tors that influence the success of circular economy strategies
in startups. The results indicated that tree-based approach
was effective in identifying key factors contributing to the
strategy’s success, such as capital availability, team skills, and
a favorable regulatory environment. Overall, the tree-based
algorithm has proven to be effective in various applications for
predicting key factors that affect startup success. By using this
algorithm, business decision-makers can identify key factors
that need to be im- proved to increase startup success. There-
fore, further research on the use of the tree-based algorithm in
the startup context is expected to provide a clearer and more
accurate view of the key factors affecting startup success[21],

The primary objective of this research is to determine the
most accurate startup prediction using tree-based classification
models capable of assessing a startup’s likelihood of success
based on pertinent features or factors. Some Tree-based algo-
rithms in machine learning aim to achieve optimal accuracy

and are categorized into three main types (e.g. decision tree),
ensemble bagging (e.g. bagging, random forest, and Extra
Trees), and ensemble boosting (e.g. AdaBoost, gradient boost-
ing, LGBM, and XGBoost). These algorithms play a crucial
role in the startup ecosystem. Having an accurate prediction
model can help decision-makers evaluate the opportunities
and risks of investing in startups.

This includes identifying factors that contribute to startup
success, such as funding, failure, founding team experience,
business model, or other factors that can be used as features in
the prediction model. The ultimate objective is to enhance the
understanding of startup success prediction, equipping stake-
holders with practical insights to make informed decisions in
the realm of startup investment

2. Methods
2.1 Research Method
The research methodology consists of seven stages: data col-
lection, data preprocessing, feature selection, data splitting,
model training, model testing, and result analysis. These
stages are depicted in Figure 1.

1. Data Collections

2. Data Preprocessing

4. Data Splitting

5. Model Training

6. Model Testing

7. Result Analysis

3. Feature Selections

Figure 1. Research Method

2.1.1 Data Collection
First, the data required to test the tree-based algorithm in
predicting startup success needs to be collected. The dataset
obtained from Kaggle contains information essential for pre-
dicting startup success [22] which is startup data in the United
States contains 923 rows and 48 features, including quantita-
tive and categorical attributes, such as age at first and last fund-
ing year, relationships, funding rounds, total funding (USD),
milestones, state, industry type, presence of venture capital
(VC), angel investors, and funding rounds (Round A, B, C, D).
The target variable ”status” categorizes startups as ”acquired”
or ”closed,” representing the ultimate measure of startup
success or failure, respectively. The dataset’s potential to
predict startup success allows investors and decision-makers
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to gain a competitive advantage by identifying high-growth
prospects and fostering a thriving entrepreneurial ecosystem.
The dataset was used in data sprint #5 at DPhi, and acknowl-
edgments go to Ramkishan Panthena, a Machine Learning
Engineer at GMO, for providing this dataset. The data is pro-
cessed using machine learning to determine the distribution
of successful and unsuccessful (closed) startup data based on
the categories presented in Figure 2.

Figure 2. Startup Categories

From Figure 2, it can be seen that the software category
has the highest number of successes followed by startups
in the web and other categories. The smallest number of
successes is the sports, hospitality, and other categories. Next,
we will look at the data based on startup funding presented in
Figure 3.

Figure 3. Startup Financing

2.1.2 Data Preprocessing
Once the data has been collected, the next step is to perform
data preprocessing. This includes processing missing data,
removing irrelevant data, and data normalization. Data prepro-
cessing should also consider the problem of unbalanced data.
Furthermore, to aid in data preprocessing, we analyze the
correlation matrix of each attribute to identify relationships
between variables. The results of this analysis are presented
in Figure 4. The attributes with a correlation value close to 1
are selected as training data, resulting in 36 attributes used for
the training process.

Figure 4. Attributes Correlations

Attribute correlation provides an overview of the rela-
tionship between variables and also the contribution of input
features to the output. The value of the correlation coefficient
ranges from 0 to 1. A value of 0 indicates no correlation,
while a value of 1 describes a full correlation. Good selection
means that the selected input variables have a small correla-
tion. The features selected in this study are good candidates
for investigating ML models. The target distribution used
to display the number of successful and unsuccessful startup
data is presented in Figure 5.

Figure 5. Target Distributions

Referring to Figure 5, the distribution of targets in suc-
cessful startups is higher than that of unsuccessful ones. It
shows that the success rate is higher than that of unsuccessful
startups.

2.1.3 Feature Selection
Feature selection plays a vital role in predicting the success
of startups through machine learning. By carefully select-

R. Inform. Teór. Apl. (Online) • Porto Alegre • V. 31 • N. 1 • p.52/59 • 2024



Predicting Startup Success Using Tree-Based Machine Learning Algorithms

ing a diverse set of attributes, we aim to pinpoint the most
significant factors that influence the outcomes of emerging
businesses. This approach not only improves prediction ac-
curacy but also offers valuable insights for entrepreneurs,
investors, and policymakers [20]. Our research highlights
the importance of feature selection in understanding the com-
plex dynamics of startup success prediction. We selected
26 features for our training. These chosen attributes include
Milestones, Category Code, Venture Capital Involvement,
Geographical Location, Industry Categorization, and Fund-
ing Rounds. Each feature plays a crucial role in predicting
startup success, capturing various aspects of a startup’s jour-
ney. ’Funding rounds’ and ’milestones’ signify financial sta-
bility and growth progress, while ’category code’ determines
market positioning and industry-specific opportunities. Ad-
ditionally, venture capital involvement, angel investors, and
multiple funding rounds reflect the impact of external funding
support. Geographical location and industry categorization
provide insights into regional advantages and industry-specific
growth patterns. The figure in Figure 6 displays the feature im-
portance obtained from our analysis, showcasing the attributes
that hold relevance in predicting startup success.

Figure 6. Feature Importance

2.1.4 Data Splitting
After preprocessing the data, the next step is to divide the data
into two parts, namely training data and testing data. Training
data uses 70% of existing data while testing data uses 30% of
existing data that will be used to test the performance of the
algorithm. This splitting technique will affect the result of the
model[23].

2.1.5 Model Training
The next step is to train the tree-based model on the training
data. The model training should consider several parameters,

such as the number of decision trees, the maximum depth
of the tree, and the learning rate. These parameters can be
adjusted to achieve optimal model performance.

2.1.6 Model Testing
Once the model is trained, the next step is to test the per-
formance of the model on the test data. Model performance
can be evaluated using evaluation metrics such as accuracy,
precision, recall, and F1-score [24, 25]. The phases from Data
Collection to this phase is shown in Figure 7.

Figure 7. Research Phases

Figure 7 explains the process used to predict startup suc-
cess. The first step is to create a dataset followed by dividing
it into n subsets called folds. Each fold will act as a validation
dataset in a particular turn, while the other subsets are used
as training datasets. At each iteration, one fold is taken as the
validation dataset, while the other folds (the remaining folds)
are used as the training dataset. The XGBoost model is trained
using a training dataset consisting of all folds except fold i.
Fold I, which has been determined as the validation dataset,
is used to test the performance of the model after the training
process, which aims to help in measuring the performance
of the model on data that has never been seen before. The
XGBoost model trained using the training dataset creates a
small decision tree to make predictions. Model performance
is evaluated using the validation dataset with evaluation ma-
trices such as accuracy, precision, recall, or F1-score can be
used to measure the quality of model predictions. After all
iterations, the XGBoost model is trained using all training
subsets except the validation subset at each iteration to create
a stronger and more general final model. The use of cross-
validation schemes and XGBoost models can obtain more
stable model performance estimates and reduce the possibility
of overfitting training data.

2.1.7 Result Analysis Method
After carrying out the above steps, the results from model
testing need to be analyzed. This includes analyzing the key
factors that have the most influence on startup success, as well
as analyzing the performance of the XGBoost algorithm in
predicting startup success.
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2.2 Single Estimator (Decision Tree)
In the context of supervised learning, decision trees have been
historically considered as a reliable method for handling cat-
egorization challenges. However, it’s worth noting that the
landscape of machine learning algorithms has evolved, and
different approaches have emerged as viable alternatives. For
instance, recent studies [21] demonstrate the effectiveness of
ensemble methods in addressing categorization difficulties,
showcasing the advancements in this domain. This strategy,
represented as a model or graph like a tree, involves assessing
features at internal nodes. Each branch represents a pos-
sible test result, whereas the leaf nodes represent the final
categorization result. Decision trees provide an intuitive and
interpretable framework for modeling complex relationships
within the data [26]. Decision trees are a powerful algorithm
for knowledge representation and reasoning under uncertainty.
Unlike black-box models such as Nearest Neighbor or Sup-
port Vector Machine[23], decision trees offer the advantage
of representing the interrelationships among dataset features,
providing valuable insights.

The decision tree technique effectively separates the data
based on the most discriminative qualities by generating a
tree-like structure. Each decision tree internal node represents
a feature test, allowing for informative splits that drive the
classification process [6]. Predictive variables are employed to
partition data into distinct datasets based on the target variable.
The decision tree algorithm examines the predictor variable
and splits the target variable into two classes. To enhance
accuracy, numerous decision trees, such as through bagging,
are constructed using bootstrap samples from the training
dataset [14].

We will examine x, which is a hyper-rectangle contained in
Rd and encompasses target training instances. An a represents
the set of attributes {a1,a2, ...,an}, while a x represents the set
of instances {x1,x2, ...,xn}. When considering a specific node,
denoted as t, At denotes the set of eligible attributes for divi-
sion, where At is a subset of A. We use At = {a′1,a′2, ...,a′lt}
to represent the eligible attributes at node t, where lt is the
count of eligible attributes at that node, and lt is less than or
equal to d. At each node t, the algorithm searches for the
attribute a′ j ∈ At that provides the most effective division
of the initial sub-space t into one or multiple sub-spaces xti,
satisfying the given conditions in Equation 1.

Xti =
{

x ∈ Lti ≤ xai ≤ Rti
}

(1)

The value of instance x for attribute a′ j is represented by
x′a′ j. Lti and Rti are the left and right bounds of the closed
sub-intervals, used to divide the current node t into target
nodes ti, according to the attribute a′ j.

2.3 Ensemble Bagging (Bagging, Random Forest,
and ExtraTrees)

The bagging classifier serves as a meta-classifier ensemble
technique utilized to enhance the stability and accuracy of

tree-based algorithms. By leveraging bootstrap sampling, the
bagging classifier combines multiple tree models trained on
different data subsets. The resulting ensemble model gener-
ates more robust and accurate predictions [27]. This method
effectively addresses the challenges of overfitting and vari-
ance, leading to improved performance and enhanced pre-
dictive capabilities in determining the likelihood of startup
success. The Bagging classifier can be utilized to predict the
success of startups by employing multi-task learning princi-
ples. In this scenario, we have two related learning tasks,
namely representation learning and classification, denoted
as T = {t1, t2}. The Autoencoder t1 and the classifier t2 are
jointly trained to enhance the expressiveness of the learned
representations and improve the generalization of the startup
success predictor. To achieve this, the training process com-
bines supervised and unsupervised loss functions, namely
binary cross entropy and mean squared error, respectively.
The ultimate goal is to develop a classifier that can accurately
predict the success of startups. The final cost function of the
supervised autoencoder is defined accordingly to optimize the
performance of the Bagging classifier in predicting startup
success as shown in Equation 2.

1
m

m

∑
i=1

[(y)Lr (x̂i,xi)+(1− γ)Lp (ŷi,yi)] (2)

The network’s reconstruction loss (Lr) is of great signifi-
cance. It is determined by computing the Mean Squared Error
loss between the input data (x) and the reconstructed values
(x̂) in the output layer of the autoencoder, as illustrated in
Equation 3.

Lr =
1
m

m

∑
i=1

(x− x̂)2 (3)

The prediction loss, denoted as Lp (as indicated in Equa-
tion 4, is used to predict the labels of input data using the
learned representations. It is computed as the binary cross-
entropy loss between the true labels (yi) of each data sample
(xi) and the predicted labels (ŷi) based on the learned repre-
sentations.

Lp =
1
m

m

∑
i=1

yi · log(p(ŷi))+(1− yi) · log(1− (p(ŷi))) (4)

To put it differently, following the principles of multi-
task learning, the reconstruction loss is integrated into the
classification loss of the neural network structure.

The random forest classifier is an ensemble algorithm
that builds upon the decision tree method. In this approach,
each tree in the random forest is created using a random vec-
tor sample, irrespective of the input vector. This intentional
randomness brings diversity among the individual trees, ef-
fectively reducing the risk of overfitting [28]. By combining
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the predictions from multiple randomized trees, the random
forest classifier improves accuracy and strengthens the pre-
dictive performance for various outcomes. The Extra Trees
classifier creates an ensemble of base estimators, just as the
random forest classifier. It adds an additional dimension of
randomization, though, which broadens the scope of this idea.
Each base estimator of the Extra Trees classifier is trained on
a random subset of features during the training phase. The
diversity among the various trees is increased through this in-
tentional randomization, which also improves generalization
and boosts the algorithm’s overall predictive power [29].

In the methodology, the approach for achieving accurate
predictions using the Random Forest algorithm is described.
The process involves several steps.

Step 1: Gathering ntree bootstrap samples from the training
set of samples obtained from the decision makers is the first
stage. Consider a dataset (C, V) in which the observations are
composed of the elements c1,c2,c3, ...,cd and the replies are
composed of v1,v2,v3, ...,vd . A second set of data (Cc,Vc) of
size d is produced by randomly picking and replacing data to
create bootstrap T datasets of size d.

Step 2: A dataset (Cc,Vc) is utilized to train a decision
tree for each C = 1,2,3, ...,c.

Step 3: To forecast new data, the ntree trees’ predictions
are integrated. To forecast new observations, each decision
tree Cnew uses the vote of most of its trees.

Step 4: After the predictions are taken out of the boot-
strapped sample, the mean prediction error of each decision
tree’s prediction is determined. This makes it easier to see
an out-of-bag (OOB) mistake. To calculate the error rate, the
dataset may also be divided into a train and test set.

2.4 Ensemble Boosting (Gradient Boosting, AdaBoost,
LGBM, and XGBoost)

The boosting classifier is introduced as a potent predictive
modeling algorithm that combines multiple weak learners to
generate sequential strong learners. As an ensemble tech-
nique, boosting significantly enhances prediction accuracy
by iteratively mitigating bias and transforming it into a more
resilient and influential framework [30]. Gradient boosting,
AdaBoost, LGBM, and XGBoost are a few examples of boost-
ing techniques.

Friedman popularized the procedure known as gradient
boosting, which incorporates statistical modeling concepts
from earlier models. Gradient boosting effectively converts
weak learning problems into gradient descent problems uti-
lizing a loss function through the iterative addition of trees
and parameter modifications. This method enhances predic-
tive capabilities significantly by efficiently leveraging com-
plex patterns within the data[31]. As a result, the model
gains a deeper understanding of nuanced linkages, leading
to precise and accurate forecasts[32]. XGBoost, on the other
hand, is an enhanced version of gradient boosting that incorpo-
rates additional feature processing techniques such as parallel
processing, tree pruning, and imputation of missing values

[22, 24]. Extreme Gradient Boosting (XGBoost) is a decision
tree-based machine learning technique that achieves extremely
high accuracy and processing efficiency[25]. Gradient-boosting
reasoning is used to reduce the chance of overfitting, while se-
quential training is used to improve predictive models. Cross-
validation is used in XGBoost to reduce overfitting and capture
complicated non-linear interactions. Multithreading is also
used to improve computational accuracy. It is advised for
use in the prediction of natural occurrences due to its success
in several practical applications[33]. The XGBoost model
runs an iterative procedure to optimize the objective function
by updating the parameters in one step using the residuals
from the previous step [1]. The objective function (J) of the
XGBoost model is expressed as J(θ) in Equation 5.

J(φ) = L(φ)+Ω(φ) (5)

where θ represents the learned parameter and L(θ) is the
loss function Ω(θ) is the regularization term that governs the
model’s complexity. The prediction scores from all trees are
added together to yield the final score, with the output (ŷi)
given in Equation 6.

ŷi =
k

∑
k=i

fx (xi) , fk ∈ F (6)

Here, xi signifies the vector of input variables, i denotes
the number of inputs, K denotes the number of trees, f k
denotes the scoring function of the independent tree structure
used to estimate the output in the functional space F , and F
denotes the set of all feasible classification and regression
trees. Equation expresses the model’s objective Equation 7.

J(θ) =
n

∑
i=1

L(yi, ŷi)+
k

∑
k=1

Ω( fk) (7)

where N denotes the number of predictions. Equation
expresses the prediction of ŷI at the nth iteration in Equation
8.

ŷi
(n) = ŷi

(n−1)+λ fn(xi) (8)

a λ in which the learning rate or step size. As a result, the
objective function at the nth round can be written as Equation
9.

Jn =
n

∑
n=1

L(yi, ŷn
i )+

n

∑
n=1

Ω( fk)

=
n

∑
n=1

L(yi, ŷi +λ fn(xi))+Ω( fn)

(9)

Equation 10 expresses the regularization term at the nth
iteration, and Equation 11 expresses Gain:
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Ω( fn) = γT +
1
2

α

T

∑
i=1

w2
j (10)

Gain =
1
2

[
G2

L
HL +α

+
G2

R
HR +α

+
(G2

L +G2
R)

2

HL +HR +α

]
(11)

The popular ensemble learning technique known as Ad-
aboost, or Adaptive Boosting, combines several weak learners
to produce a powerful classifier. It improves overall perfor-
mance by repeatedly adjusting the weights of misclassified
samples to concentrate on challenging situations [34]. By
focusing on the value of difficult cases throughout the model
training phase, Adaboost is especially good at solving compli-
cated categorization issues. The gradient boosting architecture
known as LightGBM, which stands for Light Gradient Boost-
ing Machine, uses tree-based methods. It is renowned for its
great scalability and efficiency, making it appropriate for pro-
cessing huge amounts of information [35]. To achieve quicker
training times and more accuracy, LightGBM uses a unique
gradient-based technique that makes use of histogram-based
binning and a leaf-wise tree growth strategy. LightGBM is an
effective technique for forecasting complicated outcomes in
a variety of fields since it can handle high-dimensional and
sparse data [36].

3. Results and Discussion

To comprehensively assess the effectiveness of tree-based al-
gorithms in predicting startup success, we aim to compare
multiple tree-based algorithms in this study. By considering
a range of tree-based approaches, including but not limited
to XGBoost, we seek to evaluate their performance and iden-
tify the most suitable algorithm for accurate startup success
prediction. This comparative analysis will provide valuable in-
sights into the strengths and limitations of different tree-based
algorithms, enabling us to make informed recommendations
for predicting startup success effectively. The accuracy re-
sult shows 98.9% to handle the startup success problem. The
accuracy of this method is higher than other methods in the
classification model including the K Neighbors method which
has an accuracy of 83.1%, the Naı̈ve Bayes method has an ac-
curacy of 93.8%, the SVM method has an accuracy of 96.9%
and other methods. The accuracy results of several methods
belonging to the classification category are presented in Figure
8.

Figure 8. Classification Methods’ Accuracy

The next step is to create a classifier model with the ex-
treme gradient boosting method presented in Table 1.

Table 1. Classification Models’ Benchmarks

Model Accuracy
Train & Test Time

(second)
XGBoost 0.8810 0.24
LGBM 0.8810 0.10

Gradient Boosting 0.8750 0.27
Bagging 0.8750 0.06s

AdaBoost 0.8690 0.13
Random Forest 0.8393 0.25

Extra Trees 0.8155 0.21
Gaussian NB 0.5714 0.01

We compared the performance of several algorithms, in-
cluding Gradient Boosting Classifier (87.50%), Extra Trees
Classifier (81.55%), Bagging Classifier (87.50%), AdaBoost
Classifier (86.90%), Gaussian NB (57.14%), XGB Classi-
fier (88.10%), LGBM Classifier (88.10%), and Random For-
est Classifier (83.93%). The results demonstrate that the
tree-based algorithms, XGB Classifier and LGBM Classifier,
achieved the highest accuracy of 88.10%. These models out-
performed other algorithms, making them the most suitable
for classifying startup success based on the given features. On
the other hand, Gaussian NB (Naive Bayes) showed a lower
accuracy of 57.14%, indicating that this algorithm may not
be the most appropriate choice for this particular task. Fur-
thermore, the computational efficiency of the models varied,
with Bagging Classifier demonstrating the shortest train and
test time (0.06s), followed closely by Gaussian NB (0.01s),
while Gradient Boosting Classifier had the longest train and
test time (0.27s). In conclusion, the findings highlight the
effectiveness of tree-based algorithms, particularly XGBoost
and LGBM, in accurately predicting startup success based

R. Inform. Teór. Apl. (Online) • Porto Alegre • V. 31 • N. 1 • p.56/59 • 2024



Predicting Startup Success Using Tree-Based Machine Learning Algorithms

on relevant features. The evaluation of the model used in the
startup success classification is presented in Figure 9.

Figure 9. The Model Evaluation

Another evaluation using the confusion matrix to display
plots of the accuracy that has been made is presented in Figure
10.

Figure 10. Classification Methods’ Accuracy

The model in Figure 9 can predict most of the positive
successful startup data (blue dots), but there are some failed
startup data that are predicted to be successful (red dots) this
is due to the imbalance dataset in the ”status” column where
the number of successful startups is more than unsuccessful
startups.

A confusion matrix is used to evaluate the performance
of a classification model which gives an idea of how well the
model can classify the data correctly or incorrectly. Confusion
matrix consists of four components: True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN).
Referring to Figure 10, it explains that the True Positive (TP)
of 178 is the amount of positive data that is correctly classified
by the model. A total of 178 positive data were classified
correctly. True Negative (TN) of 73 is the amount of negative
data correctly classified by the model. A total of 73 negative
data were correctly classified. Thus, the total result is 100%.

Meanwhile, False Positive (FP) of 2 is the amount of negative
data that is misclassified as positive by the model. A total of
2 negative data were misclassified as positive. The end result
for this case is 99%.

4. Conclusion
Tree-based algorithms offer a promising approach for pre-
dicting startup success. Extensive studies have consistently
demonstrated their superior performance compared to other
machine learning methods. Applying tree-based algorithms
involves essential steps like data collection, preprocessing,
sharing, model training, and testing. Evaluating the model’s
performance using metrics like f1-score, accuracy, precision,
and recall provides valuable insights into the key factors influ-
encing startup success. These insights can guide entrepreneurs
in refining business strategies and making informed deci-
sions. Leveraging tree-based algorithms opens new avenues
for startup entrepreneurs to gain meaningful insights and en-
hance their overall business strategies and decision-making
processes.
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