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Abstract

This study evaluates the effectiveness of various machine learning algorithms in predicting startup success and explores the performance improve-
ment achieved by applying Principal Component Analysis (PCA) to the models. By analyzing logistic regression, support vector classifier (SVC),
XGBoost, and other supervised learning algorithms, the study demonstrates that PCA enhances the generalization performance of most models.
Notably, Support Vector Classifier (SVC) showed an accuracy of 0.78, precision of 0.83, recall of 0.73, and F1 score of 0.74 without PCA, but
performance significantly improved with PCA, recording an accuracy of 0.90, precision of 0.90, recall of 0.89, and F1 score of 0.89. Academically,
this research contributes to the literature by examining how dimension reduction can boost the accuracy of machine learning models for startup
success prediction, providing a valuable intersection of machine learning and venture capital studies. Practically, it offers investors AI-driven de-
cision-making tools to enhance the precision of investment evaluations and better identify startups with high growth potential. Despite its contri-
butions, this study is limited by the specific dataset used, suggesting that future research could explore various datasets and alternative dimension
reduction techniques. Future studies could also assess real-time data application and incorporate deep learning models to improve predictive
performance in startup success evaluation.
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1. Introduction

With the rise of startups and their growing economic impact, entre-
preneurs, investors, and decision-makers increasingly require effective
methods to analyze business data from various perspectives. However,
identifying relevant factors influencing business volatility has become
a challenging task due to ongoing technological advancements, com-
petitive markets, and industry innovation. Recent studies have focused
on factors such as mergers and acquisitions, financial determinants for
business success, and investments essential for achieving IPO status
(Ross et al.,, 2021). Nevertheless, these studies often examine only spe-
cific methods or limited factors, indicating certain research gaps.

While venture capital (VC) investment plays a critical role in the global
economy, many investments consistently deliver low returns for inves-
tors (Mulcahy et al., 2012). A study analyzing annual returns for VC
funds established since 1998 through June 2019 found that the top
quartile of funds achieved an average return of 24.8%, while the bot-
tom quartile reported an average return of just 0.5%, effectively incur-
ring losses for limited partners when adjusted for inflation (Associates,
2020). Further insight into VC funds’ poor performance reveals that
from 2000 to 2010, VC returns were lower than S&P 500 returns (Guzy,
2010). Similarly, the Kauffman Foundation (Mulcahy et al., 2012)

reported that between 1997 and 2012, VC funds returned less cash to
investors than the capital initially raised. Among 30 VC funds with
over $400 million in committed capital, only 4 outperformed the S&P
500. This disparity in success rates extends to individual investors, who,
with limited investment choices, often invest small amounts in startups
online, bypassing traditional financial intermediaries for minor equi-
ty stakes (Mollick, 2014). However, equity crowdfunding is high-risk
(Vroomen & Desa, 2018) and often attracts lower-quality entrepre-
neurs linked to risky banks, resulting in high failure rates (Blaseg et
al,, 2021).

Al tools with potential to enhance return on investment (ROI) are
likely to support VC investment decisions. Al has transformed deci-
sion-making in finance—improving credit evaluation, quantitative
trading, risk management, fraud detection, and stock trading (Castle-
man, 2020)—and is expected to significantly impact financial services
by enhancing decision accuracy (Ryll et al., 2020). Despite these ad-
vances, venture capitalists remain hesitant to adopt Al in investment
decision-making, relying heavily on personal networks and subjective
judgment (Weibl & Hess, 2019). In contrast, individual investors in
equity crowdfunding tend to be influenced primarily by promotional
content provided by startups, leading to more superficial assessments
(Wang et al., 2020).
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Existing research highlights the importance of selecting appropriate
machine learning (ML) models based on business goals to effective-
ly predict business outcomes (Gangwani & Zhu, 2024). For instance,
unsupervised learning methods are commonly applied in financial sta-
bility analysis and product marketing, while supervised learning meth-
ods leverage diverse business features to predict success or survival in
startups. Recent findings demonstrate that deep learning approaches
are increasingly efficient for predicting business failure using financial
and historical data.

Therefore, this study adopts supervised ML models to predict startup
success, providing valuable support for investment decision-making by
evaluating critical metrics. However, the data used to predict startup
success often involves complex interrelationships between variables,
potentially reducing predictive performance due to multicollinearity
during the training process. To address this, the present study applies
Principal Component Analysis (PCA) within supervised ML models to
account for the unique characteristics of startup data, exploring how AI
can optimize startup investment decisions by improving success pre-
diction accuracy.

2. Related Work

In this section, we focus on explaining various machine learning mod-
els categorized as supervised or unsupervised learning, depending on
the availability of company goals and features. Supervised learning
models are further divided into two subgroups: regression and classi-
fication, both commonly used for predicting and forecasting business
success. Based on label information, models are categorized into three
types: binary classification, multi-class classification, and continuous
variable prediction.

First, binary classification is frequently employed to predict business
success, with many researchers using various machine learning algo-
rithms. For instance, several studies have utilized machine learning al-
gorithms to predict business outcomes for startups and SMEs (Pasayat
etal., 2020). Logistic Regression (LR), Support Vector Machine (SVM),
and Gradient Boosting are commonly used to predict the success of
startups based on VC funding (Zbikowski & Antosiuk, 2021). The pri-
mary goal is to develop an unbiased predictive model that VCs and
stakeholders can confidently use in real prediction scenarios. The target
variable is labeled as “success” based on completing a second funding
round, indicating a company’s stability in generating sufficient future
revenue. A previous study (Gangwani et al., 2023) developed new fea-
tures to predict business success or failure, including acquisitions and
IPOs, using the triangular relationship among investors, businesses,
and markets. The study found that adding these relationship-based fea-
tures improved prediction accuracy compared to using simple features
alone. Another definition of a successful startup is based on company
survival. McKenzie et al. (2017) used three machine learning approach-
es—SVM, LASSO (Least Absolute Shrinkage and Selection Operator),
and Boosted Regressor—to predict survival probability based on start-
up revenue and profit. Bohm et al. (2017) proposed using clustering
techniques and SVM to predict survival probability. Startups can also
be evaluated based on innovation or project level, where innovation
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serves as a critical turning point for new achievements and economic
growth. Kinne and Lenz (2021) proposed a method to predict startup
success from a business innovation perspective by classifying data from
surveys of multiple firms and using deep learning to capture product
innovations on company websites for business outcome prediction.
Guerzoni et al. (2019) argued that innovation improves a firm’s surviv-
al probability, using seven supervised learning approaches, including
classification, regression trees, logistic regression, Naive Bayes, and ar-
tificial neural networks (ANN), to predict survival rates from an inno-
vation standpoint.

Second, multi-class classification offers entrepreneurs and investors new
perspectives in assessing business outcomes. Many companies ultimate-
ly fail due to insufficient funding, poor marketing strategies, or lack of
competitiveness in similar markets, putting them at risk of bankruptcy.
Multi-class algorithms help investors identify risks or bankruptcy like-
lihood and assess a company’s current position relative to its revenue.
These algorithms classify business outcomes into multiple categories,
such as “risk;” “failure;” “survival,” and “bankruptcy;” beyond simply pre-
dicting success or failure. This allows investors to make more informed
decisions based on a company’s current status and investment poten-
tial. For example, Jones and Wang (2019) proposed the TreeNet meth-
od, based on gradient boosting, to predict bankruptcy risk for private
companies, enabling risk analysis before a company files for bankrupt-
cy. Arroyo et al. (2019) used time-sensitive analysis to predict company
success by categorizing firms as acquisitions, funded, or IPOs. Using a
sliding window to measure time, this approach provides predictions that
guide investors on the appropriate timing for company growth invest-
ments, aiming for investment at the acquisition or IPO stage.

Finally, business growth measurements in business prediction models
can be quantified. Evaluating growth effectively requires continuous
assessment across various factors and variables. Growth rates vary by
company, depending on the set target variable. For startups, growth
may be measured by sales profit or units sold, while for SMEs, it may be
based on revenue, employment, or customer service. External factors
like market conditions, business environment, and product distribu-
tion should also be considered. Regression models in machine learning
have proven to be powerful tools for business growth prediction.

Unsupervised machine learning models are also widely used for busi-
ness data analysis, finding hidden patterns or discovering meaningful
groups within a given dataset. One of the primary advantages of unsu-
pervised learning is that it doesn't rely on labeled data. Unsupervised
learning is broadly divided into four categories: clustering, association
rule mining, outlier detection, and dimensionality reduction.

First, clustering helps predict business failure or survival by analyzing
customers with similar behaviors, products with similar profiles, or
companies with similar growth or failure histories. Various clustering
methods are used in business data analysis, including k-means clus-
tering, partition-based clustering, density-based clustering, hierarchi-
cal clustering, and model-based clustering. Among these, k-means
clustering is most commonly used in business due to its transparency
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and similarity-based approach. Density-based clustering is useful for
grouping information and filtering noise (outliers) from data. A study
used clustering, diffusion theory, and density estimation to analyze ear-
ly sales data for predicting new product success (Garber et al., 2004).
Key findings indicated that changes in data point density serve as ear-
ly warning signals for business status. Business Model DNA (Béhm et
al., 2017) describes business process characteristics, like the human
genome, using a combined approach of SVM and k-means clustering
to identify similar clusters based on different growth types (e.g., slow
growth, fast growth). This approach improves prediction accuracy
compared to previous studies. Shah and Murtaza (2000) demonstrated
a bankruptcy prediction method using neural networks combined with
clustering techniques. The neural network architecture involved three
layers: the first layer clustered companies based on financial ratios, the
second layer used time-series data to learn financial trends, and the
third layer included two neurons to classify companies as bankrupt or
non-bankrupt.

Second, in the finance sector of the business domain, association rules
reveal relationships between business operations and financial status.
Specific rules applied to financial data can identify combinations of
business operations at risk of bankruptcy (Martin et al., 2011). The
Apriori algorithm, combined with a financial domain ontology,
identifies a company’s strengths and weaknesses, such as accounting
health or total debt, aiding strategic planning and decision-making.
Overall, association rule mining offers valuable insights into custom-
er behavior, product portfolios, and financial analysis, enabling com-
panies to make data-driven decisions on product placement, pricing,
operations, and promotional strategies, ultimately driving sales and
business success.

Third, outliers in the business world often signify crucial risks or val-
ues. In banking and credit card sectors, outlier detection models are
used to identify irregularities and predict risks within the business do-
main. Outliers vary in definition, but local outliers, in particular, are
useful for identifying samples that differ from others within a specific
region. The Local Outlier Factor (LOF) compares the local density of
data points with that of neighboring points. A previous study (Chen et
al., 2007) employed LOF in banking to detect inconsistencies or fraud,
contributing to reliability and customer satisfaction. Overall, outlier
detection provides companies with valuable insights, improving op-
erations and risk management. This enables early risk detection and
necessary actions to mitigate the impacts of such risks, leading to better
decision-making and ultimately enhancing business strategy.

ISSN: 0718-2724. (http://jotmi.org)

Finally, dimensionality reduction is popular in various data analysis
fields and is also used in business prediction. This technique simpli-
fies complex datasets by reducing the number of features (dimensions)
while preserving essential information. Wang and Wu (2017) proposed
a two-stage ensemble approach, using feature selection to remove re-
dundant data and improve business failure prediction. The final subset
included carefully selected financial metrics containing information
about healthy and failing companies. Three manifold learning algo-
rithms—ISOMAP, Linear Embedding (LE), and Locally Linear Embed-
ding (LLE)—were applied to select various feature subsets, comparing
their performance with PCA to improve model performance. Another
study (Tsai, 2009) aimed to predict business bankruptcy using financial
ratios. This study used PCA to reduce data dimensionality and identi-
fy critical financial ratios for bankruptcy prediction, showing that di-
mensionality reduction improves model accuracy by explaining 91%
of the total variance with five principal components. Recent studies
(Sivasankar et al., 2017; Rtayli & Enneya, 2019) have utilized feature
selection and extraction (PCA and LDA) techniques for credit risk or
fraud detection. Rtayli and Enneya (2019) combined Random Forest
with feature filtering to detect credit card fraud, using the Gini index to
calculate feature importance scores in financial datasets and construct-
ing decision trees to determine final classes. These studies emphasize
the importance of dimensionality reduction in business prediction by
identifying the most crucial variables for the target variable and en-
hancing prediction model accuracy.

3. Methodology

3.1 Dataeset

First, the data required to test the supervised machine learning models
with PCA Appliedin predicting startup success needs to be collected.
The dataset obtained from Kaggle contains information essential for
predicting startup success (Zbikowski et al., 2021) which is startup data
in the United States contains 923 rows and 48 features, including quan-
titative and categorical attributes, such as age at first and last funding
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 poten-
tial to predict startup success allows investors and decision-makers 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 acknowledgments go to Ramkishan Panth-
ena, a Machine Learning Engineer at GMO, for providing this dataset.
The data is processed using machine learning to determine the distri-
bution of successful and unsuccessful (closed) startup data based on the
categories presented in Figure 1.
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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 2.
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From Figure 1, it can be seen that the software category has the
highest number of successes followed by startups in the web and other

Figure 2. Starup financing
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3.2 Data preprocessing

Once the data has been collected, the next step is to perform data
preprocessing. This includes processing missing data, removing irrel-
evant data, and data normalization. Data preprocessing should also
consider the problem of unbalanced data. Furthermore, to aid in data

Figure 3. Attributes correlations

preprocessing, we analyze the correlation matrix of each attribute to
identify relationships between variables. The results of this analysis are
presented in Figure 3. The attributes with a correlation value close to
1 are selected as training data, resulting in 36 attributes used for the

training process.
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Attribute correlation provides an overview of the relationship 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 indi-
cates no correlation, while a value of 1 describes a full correlation. Good

Figure 4. Target distributions

selection means that the selected input variables have a small correlation.
The features selected in this study are good candidates for investigating
ML models. The target distribution used to display the number of suc-
cessful and unsuccessful startup data is presented in Figure 4.
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Referring to Figure 4, the distribution of targets in successful startups
is higher than that of unsuccessful ones. It shows that the success rate is
higher than that of unsuccessful startups.

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].

3.3 Proposed experimental model

This study proposes the following experimental models to predict start-
up success. First, in the initial experiment, the dataset undergoes pre-
processing before being split into training and test datasets. The train-
ing dataset is then used to train various supervised machine learning
algorithms, including Logistic Regression, Random Forest, KNN, and
XGBoost. Each trained algorithm is subsequently tested on the test
dataset, and metrics such as accuracy, precision, recall, and F1-score
are calculated for each model.

ISSN: 0718-2724. (http://jotmi.org)

In the second experiment, the dataset undergoes preprocessing, fol-
lowed by the application of PCA to generate new factor variables. The
PCA-transformed data is then split into training and test datasets. Sim-
ilar to the first experiment, the training dataset is used to train Logistic
Regression, Random Forest, KNN, and XGBoost models. Each trained
algorithm is then tested on the test dataset, and performance metrics,
specifically accuracyPCA, precisionPCA, recallPCA, and F1-scoreP-
CA, are calculated.

Through this approach, the study aims not only to identify the most
suitable supervised machine learning model for predicting startup
success but also to determine whether the proposed PCA application
improves predictive performance by removing multicollinearity among
variables in the supervised learning models.
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Figure 5. Proposed experimental model
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3.4 Performance indices

Confusion matrix is a tool that evaluates classification models using  positive and negative are specified to suit the purpose of the experimen-
matching between actual classes and predicted classes. In this study, tal models proposed in this study, as shown in Table 1 below.

Table 1. Confusion matrix

Actual

Positive (Buy) Negative (Hold)

Predicted

Positive (Buy)

TP (True Positive) FP (False Positve)

Negative (Hold)

FN (False Negative) TN (True Negative)

This study uses four evaluation indicators: accuracy, precision, recall,  experimental modelproposed in this study as shown in Table 2.

and Fl1-score to measure the purchase decision performance of the

Table 2. Evaluation indices for performance

Calculation Explanation
Accuracy is the ratio of the sum of the number of cases that are actually Buy and the prediction is also
Accurac TP+TN Buy, and the number of cases that are actually Buy but the prediction is Hold, among all identified sam-
Y TP+FP+FN+TN ples. It is the simplest indicator to evaluate a classification model, but it has the disadvantage of being
difficult to evaluate datasets with unbalanced classes.
. TP Precision is the ratio of samples that are actually Buy among those judged as Buy by the prediction.
Precision c .
TP+FP Precision indicates how accurate the result detected as Buy is.
Recall TP Recall is the ratio of predicted buys among samples that are actual buys. Recall indicates how accurately
TP+FN the model predicts the actual Positive class.
Fl-score 2 x Precision x Recall F1-score is used to simultaneously consider the precision and recall performance of the model. Fi-score
Precision+Recall is a value between 0 and 1, and the closer it is to 1, the better the prediction performance.
Results

Regression demonstrated an accuracy of 0.80, precision of 0.81, recall
of 0.77, and an F1-score of 0.78, indicating overall high performance.

Table 3 presents a comparative analysis of performance evaluation  Notably, the high precision suggests that the model made a significant

metrics for various machine learning algorithms. Each algorithm was  number of correct predictions. Random Forest maintained consistent

assessed based on accuracy, precision, recall, and Fl-score. Logistic  values across accuracy, precision, and recall at 0.76, with an F1-score of

ISSN: 0718-2724. (http://jotmi.org)
Journal of Technology Management & Innovation © Universidad Alberto Hurtado, Facultad de Economia y Negocios. 83



0.75. While it exhibits stable performance, it is slightly inferior to that of
Logistic Regression. K-Nearest Neighbors (KNN) achieved an accuracy
of 0.78, precision of 0.80, recall of 0.74, and an F1-score of 0.75, indi-
cating relatively high precision among the evaluated models. Support
Vector Classifier (SVC) showed an accuracy of 0.78, precision of 0.83,
recall of 0.73, and an F1-score of 0.74. The exceptionally high precision
suggests a lower rate of false positives, which may be advantageous in

Table 3. Experiment 1

J. Technol. Manag. Innov. 2024. Volume 19, Issue 4

specific contexts. XGBoost recorded an accuracy of 0.79, precision of
0.79, recall of 0.76, and an F1-score of 0.77, displaying balanced perfor-
mance metrics comparable to those of Logistic Regression. From this
comparison, it is evident that Logistic Regression and XGBoost exhib-
it relatively superior performance. Additionally, the high precision of
SVC may be particularly beneficial in scenarios where minimizing false
positives is critical.

accuracy precision recall fl-score
Logistic Regression 0.80 0.81 0.77 0.78
Random Forest 0.76 0.76 0.76 0.75
KNN 0.78 0.80 0.74 0.75
SvVC 0.78 0.83 0.73 0.74
XGBOOST 0.79 0.79 0.76 0.77

The reasons for the relatively superior performance of Logistic Regres-
sion and XGBoost, as well as the potential advantage of high precision
in SVC under specific conditions, are as follows. Logistic Regression,
though a relatively simple linear model, proves highly effective when
the data is linearly separable. This model is less susceptible to overfit-
ting, resulting in strong generalization performance, fast training, and
ease of interpretation. Therefore, Logistic Regression demonstrates
stable performance in terms of accuracy and F1 score. XGBoost, an
ensemble learning method based on boosting, combines individual
weak learners to create a powerful model. This model delivers robust
performance and handles data non-linearity and complex interactions
effectively, leading to high performance. Additionally, the model adapts
well to data characteristics, resulting in evenly high precision, recall,
and F1 scores.

The advantage of high precision in SVC is as follows. Precision refers
to the proportion of true positive cases among those predicted as pos-
itive by the model. This metric is particularly important in scenarios
sensitive to false positives, such as fraud detection, medical diagnostics,
and spam filtering, where the costs or damage resulting from misclas-
sification as positive can be significant. SVC recorded a precision of
0.83, indicating that it effectively reduced false positives, achieving high
accuracy in positive case predictions. SVC maintains high precision by
optimizing the decision boundary through support vectors, making it
particularly effective for high-dimensional data or complex boundaries.

Table 4. Experiment 2

Table 4 presents a comparison of various machine learning algorithms’
performance following the application of Principal Component Analy-
sis (PCA). Each model’s performance was evaluated based on accuracy,
precision, recall, and F1 score. Logistic Regression with PCA achieved
an accuracy of 0.88, precision of 0.87, recall of 0.88, and F1 score of 0.88,
showing overall high performance. This indicates that Logistic Regres-
sion effectively classifies data even after PCA application. Random For-
est with PCA, with an accuracy of 0.77, precision of 0.77, recall of 0.72,
and F1 score of 0.73, showed relatively lower performance compared
to other models. This may indicate some information loss during PCA
application, potentially affecting the model’s performance. K-Nearest
Neighbors (KNN) with PCA achieved balanced performance, record-
ing an accuracy of 0.81, precision of 0.81, recall of 0.77, and F1 score
of 0.78, showing higher performance than Random Forest. Support
Vector Classifier (SVC) with PCA achieved the highest performance
among the models in the table, with an accuracy of 0.90, precision of
0.90, recall of 0.89, and F1 score of 0.89. Notably, SVC maintained high
precision and recall even after dimensionality reduction through PCA,
demonstrating effective classification. XGBoost with PCA recorded an
accuracy of 0.84, precision of 0.83, recall of 0.81, and F1 score of 0.82,
achieving consistently high performance similar to Logistic Regression.
In summary, SVC with PCA achieved the highest performance, with
Logistic Regression with PCA and XGBoost with PCA also demon-
strating strong results. These findings indicate that SVC is an effective
model even after PCA application reduces data dimensionality.

accuracy precision recall fl-score
Logistic Regression with PCA 0.88 0.87 0.88 0.88
Random Forest with PCA 0.77 0.77 0.72 0.73
KNN with PCA 0.81 0.81 0.77 0.78
SVC with PCA 0.90 0.90 0.89 0.89
XGBOOST with PCA 0.84 0.83 0.81 0.82
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The superior performance of SVC with PCA can be attributed to the
following characteristics. First, Principal Component Analysis (PCA)
is a dimensionality reduction technique that preserves most of the in-
formation while reducing data dimensions, allowing high-dimensional
data to be represented efficiently. High-dimensional data often risks
model overfitting; however, by selecting only the principal components
that capture essential information, the model becomes simpler and
noise is reduced. This leads to a more generalized performance for SVC.
Second, Support Vector Classifier (SVC) is an algorithm that identi-
fies the optimal decision boundary (margin) through support vectors.
Particularly in high-dimensional spaces, SVC defines decision bound-
aries precisely, yielding high performance. Even after dimensionality
reduction with PCA, crucial features remain, enabling SVC to find an
optimal decision boundary and maintain high accuracy and precision.
SVC is especially advantageous for data requiring nonlinear boundar-
ies and can identify complex boundaries between data points, resulting
in high classification performance with balanced precision and recall,
leading to an elevated F1 score. Third, by removing variables related to
unnecessary noise and retaining only significant features, PCA effec-
tively reflects data variance, reducing overfitting and enhancing model
generalization. SVC, by selecting optimal support vectors in this sim-
plified data, is able to maintain stable, high performance. In conclusion,
the combination of dimensionality reduction effects of PCA and the
optimal boundary formation capability of SVC contributes to the mod-
el’s high performance.

Table 5 shows the performance variations of various machine learning
algorithms based on the application of Principal Component Analy-
sis (PCA). Performance evaluation metrics include accuracy, preci-
sion, recall, and F1 score. Logistic Regression without PCA recorded

Table 5. Comparision
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an accuracy of 0.80, precision of 0.81, recall of 0.77, and F1 score of 0.78.
With PCA applied, performance improved across all metrics to an ac-
curacy of 0.88, precision of 0.87, recall of 0.88, and F1 score of 0.88. This
demonstrates that reducing noise through PCA enhances the model’s
generalization performance. Random Forest, without PCA, achieved
approximately 0.76 on all metrics, and while applying PCA resulted in
minor changes, recall and F1 score slightly decreased, resulting in an
accuracy of 0.77, precision of 0.77, recall of 0.72, and F1 score of 0.73.
This indicates that PCA has minimal impact on Random Forest and
may sometimes cause information loss. K-Nearest Neighbors (KNN)
recorded an accuracy of 0.78, precision of 0.80, recall of 0.74, and F1
score of 0.75 without PCA, and showed a slight improvement post-PCA,
achieving an accuracy of 0.81, precision of 0.81, recall of 0.77, and F1
score of 0.78, indicating a positive effect of dimensionality reduction on
KNN performance. Support Vector Classifier (SVC) showed an accura-
cy of 0.78, precision of 0.83, recall of 0.73, and F1 score of 0.74 without
PCA, but performance significantly improved with PCA, recording an
accuracy of 0.90, precision of 0.90, recall of 0.89, and F1 score of 0.89.
This reflects SVC’s capability to handle high-dimensional data and sug-
gests that removing unnecessary variables through PCA enables SVC to
achieve higher performance. XGBoost recorded balanced performance
before PCA, with an accuracy of 0.79, precision of 0.79, recall of 0.76, and
F1 score of 0.77. It maintained similar performance after PCA (accuracy
of 0.84, precision of 0.83, recall of 0.81, and F1 score of 0.82), showing
consistent performance even without PCA, with some improvement. In
summary, SVC and Logistic Regression exhibit the greatest performance
improvements post-PCA, with SVC with PCA achieving the highest per-
formance overall. On the other hand, Random Forest shows minimal
performance changes with or without PCA. The effectiveness of PCA
varies by model, proving particularly beneficial for models like SVC.

accuracy precision recall fl-score

Logistic Regression 0.80 0.81 0.77 0.78
Logistic Regression with PCA 0.88 0.87 0.88 0.88

Random Forest 0.76 0.76 0.76 0.75
Random Forest with PCA 0.77 0.77 0.72 0.73

KNN 0.78 0.80 0.74 0.75
KNN with PCA 0.81 0.81 0.77 0.78

SvC 0.78 0.83 0.73 0.74
SVC with PCA 0.90 0.90 0.89 0.89

XGBOOST 0.79 0.79 0.76 0.77
XGBOOST with PCA 0.84 0.83 0.81 0.82

The reason SVC with PCA achieves the highest performance, while
Random Forest shows minimal performance change before and af-
ter PCA application, stems from the characteristics of each algorithm
and the way PCA functions. First, Support Vector Classifier (SVC) is a
model that forms an optimal decision boundary in high-dimensional
space, demonstrating high performance even when data has complex
nonlinear structures. Since PCA reduces high-dimensional data to a

ISSN: 0718-2724. (http://jotmi.org)

lower dimension while preserving key information, SVC can find a
meaningful classification boundary through optimal support vectors
even in dimensionally reduced data. When PCA reduces noise and
irrelevant variance, SVC can establish a decision boundary in a more
concise feature space, maximizing generalization performance. As a
result, SVC can significantly improve its performance by eliminating
unnecessary information through PCA. Second, Random Forest is an
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ensemble model composed of multiple decision trees that predict by
considering various feature combinations. Each tree is trained on a
random subset of the features, which means that even if the original
data contains noise, this noise tends to be automatically offset during
the ensemble process. This characteristic explains why dimensionality
reduction through PCA does not lead to significant performance gains.
Additionally, while Random Forest captures nonlinear relationships
well, each tree operates independently, so PCAs summary of overall
data variance does not substantially affect the trees’ splitting criteria.
Consequently, Random Forest’s performance tends to remain stable
regardless of PCA application. Third, SVC requires the essential fea-
tures of the entire dataset to create a decision boundary, and with PCA
retaining only the principal features, SVC can form an even more ac-
curate boundary. In contrast, Random Forest uses a variety of subsets
to form decision trees, resulting in minimal performance differences
between utilizing the entire dataset and the dimensionally reduced
data from PCA. In summary, SVC can maximize its performance using
data that preserves only the essential high-dimensional features, while
Random Forest, due to its intrinsic mechanism of combining diverse
features to offset noise, is less influenced by PCA.

5. Conclusion

This study evaluated the predictive performance of various machine
learning models in forecasting startup success and analyzed the impact
of Principal Component Analysis (PCA) on improving model perfor-
mance. The results demonstrated that applying PCA enhanced the per-
formance of several representative supervised learning models, includ-
ing Logistic Regression, SVC (Support Vector Classifier), and XGBoost,
with the most significant improvement observed in the SVC model.
Specifically, SVC achieved the best results in accuracy, precision, recall,
and F1 score after PCA was applied, indicating that PCA helps improve
the generalization ability of the model by retaining key features from
high-dimensional data.

The academic contributions of this study are twofold. First, it empiri-
cally demonstrates that combining machine learning models with pre-
processing techniques, such as PCA, can improve the performance of
startup success prediction. This approach, which has not been exten-
sively explored in previous research, provides a detailed examination
of how dimensionality reduction techniques impact the effectiveness of
machine learning models. Second, this study highlights the role of PCA
in addressing multicollinearity in high-dimensional data, offering an
effective method to prevent overfitting and enhance predictive perfor-
mance in the context of startup success prediction.

From a practical perspective, the findings suggest that Al-based deci-
sion-support tools can significantly improve decision-making in start-
up investment. Investors can leverage the SVC model with PCA to
make more accurate predictions and select startups with higher poten-
tial for success based on refined forecasts. Moreover, the study empha-
sizes the importance of integrating real-time dynamic data processing
and various dimensionality reduction techniques to enhance predictive
accuracy in real-world applications.
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However, this study has several limitations. First, the analysis is based
on a specific dataset, which may limit the generalizability of the results
to other industries or regions. Second, while PCA was the primary di-
mensionality reduction technique used, a comparison with other tech-
niques, such as Linear Discriminant Analysis (LDA), was not conduct-
ed, leaving a gap in the comprehensive evaluation of dimensionality
reduction methods.

Future research should focus on validating the generalizability of the
model using more diverse datasets and comparing the impact of differ-
ent dimensionality reduction techniques on startup success prediction.
Additionally, exploring real-time dynamic startup data could lead to
the development of real-time predictive models, which could be valu-
able for investors. Further comparison with advanced machine learn-
ing techniques, including deep learning models, could provide deeper
insights into predictive performance and contribute to enhancing the
accuracy of investment decision-making.

In conclusion, this study demonstrates the potential of combining ma-
chine learning models with PCA to improve the prediction of startup
success, offering valuable insights for both academic research and prac-
tical applications in Al-based investment decision-making.
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