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1. INTRODUCTION

Entrepreneurship education continues to grow because of its benefits in developing students’
competencies and entrepreneurial skills that the mindset and intention to become entrepreneurs continue to
grow from this activity [1]. Activities that support students to learn directly in the field and support programs
can improve technical skills as entrepreneurs [2], [3]. In addition, this entrepreneurship education can help
develop business performance [4]. Activities that are supported by direct application in the field, an
ecosystem that encourages students to be enthusiastic about solving problems, can encourage innovative
ideas [5] With universities being able to play a role in business and economic growth, entrepreneurship
education can encourage the birth of innovation from new businesses [4].

Universities that focus on developing entrepreneurship, in this case, fully support the birth of new
entrepreneurs through the application of entrepreneurship in various courses, creative programs, university-
based business incubators, and other supporting facilities that can be a good ecosystem for growing new
entrepreneurs [6], [7]. The development of services, teaching, and their influence on the curriculum are
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required to meet student competencies to obtain the best results [8], [9]. In addition, the existence of a system
and periodic evaluation are essential in understanding the needs of business students that the performance of
services and facilities can be measured [10].

The existence of sound system and service integration between universities and business incubators
can affect the development of businesses being managed [11]. Currently, not many businesses incubators
measure and understand their participants’ needs in depth. This can help incubators develop supporting
facilities such as activities and mentoring [12], [13]. The success of a university-based incubator is greatly
influenced by many factors that will affect its performance. Starting from internal university support,
facilities in the incubator, entrance selection, human resource capabilities, knowledge of technology and
finance, and managerial. Then, external support, such as funding support, business networks, and government
policies [14], [15]. Therefore, a manager is needed, as well as good management and measurable evaluation
and measurement for success in a business incubator [16].

Predicting, classification, clustering, and interpretation are necessary, especially when building a
sustainable business. One way is by utilizing artificial intelligence (Al) [17], [18], However, its use needs to
be paid attention to, especially for its business purposes [19], [20] Al also does not stand alone because it has
other research branches, such as machine learning (ML) [21], deep learning (DL) [22], and transfer learning
(TL). On the other hand, their uses are different. However, in business cases, it is expected to use ML
because the data used is usually a lot and can be used as training data [23], [24].

This Al technology also changes how companies do business, allowing them to analyze data and
automate decision-making processes. By looking at historical data, ML algorithms can predict future
possibilities, which is invaluable for inventory management, demand forecasting, and financial planning.
Businesses are using ML to gain deeper insights into customer behavior, preferences, and engagement,
resulting in more personalized services and products [25]. However, several questions arise about how to use
it or collaborate with it, where some research may only use ML alone without creating a start or architecture
for its creation. So, it is felt that the use of ML is not optimal [26], [27].

Previous research has not used ML as much for business classification and interpretation.
Martinez et al. [28], utilize gradient boosting in its use in business. Kraus et al. [29], utilize DL in business
conditions. Nakhal et al. [30], like others, they also use ML in business. However, there is still not much
research that emphasizes architectural creation in classifying and interpreting it. However, some approaches
rarely discuss how to interpret the algorithm’s results. Therefore, this was a disadvantage in the previous
study [31].

This research contributes and investigates by taking advantage of previous research’s limitations.
Previous research only discussed prediction and classification. This has been clarified by the need for a way
to find the interpretation of the ML results. Meanwhile, there is not much clarification regarding the
interpretation of the data because this explanation is needed to understand how the ML learning algorithm
works. Interpretation of results is usually used so that humans better understand the influence of prediction
results on existing features.

Therefore, this research will fill the gaps in previous research by proposing several ML model
architectures in this study to provide new solutions for interpreting ML results and can also improve ML
performance. This research aims to create an Al model architecture to help see the success and interpretation
of the success of the incubator business. The following are his main contributions:

a) This study builds a model architecture based on ML algorithm and looks for a good algorithm based on
its classification.

b) The proposed model architecture is used to classify incubator businesses based on existing data.

c) The results of the best ML model need to be interpreted from proposed model using several good
algorithms to find dominant features.

d) Present complete datasets in the form of incubator business data.

The article has four sections in the last section. Section 1 explains the problem description and
introduction. Section 2 explains the proposed model. Section 3 explains the implementation and trial results.
Finally, section 4 is followed by conclusions and suggestions for further research.

2. RESEARCH METHOD

This section will explain the stages of forming an model architecture for an incubator business.
Previous researchers have used many general models, but the best ML algorithms must be found when using
classification in incubator businesses. Then, the best ML algorithm must be interpreted to obtain the
dominant features. Figure 1 shows the research process flow for classifying business success and interpreting
the success results, starting from “start” to “Finish.” The following are the stages.
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a) The first phase is the data introduction phase. Information comes from primary data, namely the
Bandung binus business incubator. This data collection was collected by Bandung binus incubator
businesses.

The dataset contains 151 data with 17 features. With the detected variable being “Target”.

b) Next, we start by handling the data because it will be processed. The author will look for several features
that do not affect the classification results. Therefore, the selection is carried out to maximize the results
of classification and interpretation. The feature results after elimination are 15 features.

c) The next stage, the fixed data, is carried out by Pearson correlation by looking for a heatmap and
examining the correlation results of each variable, especially the primary variable, “Target”.

d) the data was also treated to conform to a normal distribution because all data was not normally
distributed. At this stage, the result range is [0 to 1]. Therefore, it is usually distributed. At this phase,
divided into 2 with a comparison between training data and test data, namely 90/10 for training data.

e) At this stage, various suitable ML algorithms are used, which will become a benchmark in the next stage
of the interpretation process.

f) At this stage, the test results are the performance of all the selected ML algorithms.

g) After looking for performance, several parameters are evaluated, including accuracy, recall, F1-score,
precision, and computing time. This aims to get results from architecture.

h) After that, the results of the best ML model will be interpreted for dominant features using select K-best.
This final result is helpful for determining which features are parameters in the incubator business’s

success.
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Figure 1. Research proposed model
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The proposed model flow is used to incubate a successful process as shown in Figure 1. The data
used in this study utilizes primary data from [32]. In Figure 1 the author only uses a few algorithms used in
the proposed model, because these ML algorithms are very commonly used in research. Inspired by this
widely used model, the ML algorithm in Figure 1 is used.

2.1. Data information

According to the author, the data used is an incubator from Binus Bandung, which was processed to
remove useless data and produce processed data as shown in Table 1. Table 1 explains the data used in this
study based on a business incubator. Feature no 16°s prediction target is “Target.” The data taken results
from an incubator business, which has a target when the final revenue can exceed 20 million rupiahs. Then,
the target will be “1,” whereas if it does not meet the target, it will be “0”. The imbalance issue target has
been achieved for each feature so that no more in-depth management is needed to get maximum results.

Table 1. Data information

No Feature Number of data sets  Data type
1 Business name 151 String
2 Business category 151 String
3 Business team member 151 Numeric
4 First revenue 151 Numeric
5 Last revenue 151 Numeric
6 Number of employees 151 Numeric
7 External collaboration 151 Numeric
8 Total follows the bazaar 151 Numeric
9 Number of online advertisements 151 Numeric
10 Using TikTok live 151 String
11  Additional investment from external 151 String
12 covered by the media 151 String
13 own trademark rights 151 String
14 have a halal certificate 151 String
15 Number of types of sales methods 151 String
16 Target 151 Numeric

All the features in Table 1 are selected and processed in the data handling section as shown in
Figure 1, because there is not too much data, there is no splitting of small data. Because the data used is not
too much, the challenge in the proposed model is managing the limited data in order to get good confusion
matrix results.

2.2. Correlation

At this phase, a correlation test r(x;,y;) is carried out on the dataset. In (1) the correlation formula
itself [33]. Correlation is used to see how variables relate to each other, and according to the author this is
very important to utilize:

r(xpy;) = Z?=1(xi;x)(3/i-y) _ (1)
Jo G- P - 5)
which:
r (x;,y;) : correlation coefficient.
X > X to-i.
X : x data mean.
y Dy to-i.

2.3. Logistic regression

Logistic regression (LR) is used in data analysis techniques, especially in the relationship of several
variables used for classification algorithms. This variable is used in grouping classification based on the
influence and relationship of several variables [34]. The formula found in (2):

l0g (125) = Bo + Buxs + Bota + -+ Buxn 2)

which:
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(p) : the probability of the desired event.
(B) : intercept.
(By ... Bn) : is the coefficient for the predictor variable (x; ... x,).

2.4. SVM classification

Support vector machine (SVM) classification is a tmodel for finding the best hyperplane
to divide classes linearly. In SVM, the goal is to looking for a hyperplane in N-dimensional space
(N-number of features) that unambiguously classifies data points. It is used to identify data with
similar patterns across thereby maximizing the margin between classes. The formula for SVM is as
(3) [35]:

w.x—>b 3)
which;
(w) : the weight vector is average to the hyperplane.
x) : a feature vector
(b) : bias

2.5. Decision tree

ML algorithm that uses a tree structure or decision hierarchy. Where the nodes in the tree represent
features, the decision branches and each leaf represent the outcome. The formula for the decision tree (DT)
approach is (4) [36]:

Entrophy (S) = — X, pilog,p; )

which
pi : the sample proportion from class-i.

2.6. Random forest

ML method that starts from DT changes and becomes a famous classification (random forest (RF)).
The following is the basic formula used in RF for classification presented in (5). This equation is a derivative
of the previous use of DT, because RFs are derivatives of DT [37].

¥ = modus{h(x,0,),k =1,...,K} (5)

Which:

) : the predicted class

(h(x, 8)) : aclassification function applied to the input vector (x), with parameters (8,) which is unique to
the ke tree -(Kk).

(K) : number of trees in the forest

2.7. XGBoost classification

The XGBoost classification is also a derivative of the DT. This ML model is more focused on the
case of gradient boosting algorithms with a DT model as the basis for the classifier. This model can be
explained with a (6). Where represents data containing n observations. x is the independent variable, and y is
the dependent variable [38].

D =1xy] (6)

2.8. CatBoost classification

Catboost is a robust ML algorithm for classification. It is a type of boosting algorithm that
optimizes gradient-boosting ML. Catboost is a symmetric DT technique that can solve the problems of
prediction drift and gradient bias and reduce overfitting with stable and high accuracy and results [39].
Inused (7):

y = argmaxy Xizq fr (0 (")

which:
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) : the predicted class
(fk (x);): the score is given by the (t)th DT for the (k)th class.
@) . is the total number of trees in the model.

2.9. K-nearest neighbors

In the KNN algorithm learning. The model using Manhattan as the distance algorithm is shown in
(8) [40]. In (8) are used to find the closest past cases. This equation is beneficial in determining predictive
values. The variables X and y from (1) represent only two vectors in the feature space, and xi and yi are their
coordinates each [40].

Manhattan distance: d(x,y) = Y%, |x; — vl (8)

Which:
i=lton
p = positive integer

2.10. AdaBoost

AdaBoost, is an ML algorithm used as an ensemble or combination technique and is also the basis
for deriving DT. It works by combining several weak learners to create a strong learner. Each weak learner
usually consists of a simple DT. The following is the formula for AdaBoost [41], [42] (9):

wirr = wix exp(a;x y; x hy(x;)) ©)
where:
(wy) : the weight of the (i)-th observation.
(a;) : the weight of the (i)-th classifier, calculated based on its error rate.
(a;) : the actual label of the (i)-th observation.

(h;(x;)) : the prediction of the (i)-th classifier for the (i)-th observation.

2.11. Select K-best

This method is used to remove less contributing parts from the attributes or features in the dataset so
that it can reduce training time by calculating variables based on the highest correlation between the score
function provided and the attribute or feature itself (10) [43].

x2(0) = x Tt (10)
Eij

Which:
(0;5) : Observation frequency of class (j) with feature (i).
(E;j) :isthe expected frequency of class (j) with feature (i) if there is no relationship between the features.

3. RESULTS AND DISCUSSION

This section will discuss the results of two experimental proposed models. The proposed model was
evaluated by looking at the dataset results based on pearson correlation. Then, the ML results will show
which is the best and which will be used. Finally, the results of the best ML will be interpreted using select
K-best to see the interpretation of the ML.

3.1. Correlation result

The authors found that the correlation of all data using (1) as shown in Figure 1, where no
correlation exceeds 0.5. It can be said that all data is not correlated with each other. However, the best
correlation is found in 3 features, namely “first income,” “last income,” and “number of employees.” This
third attribute is compared with the target attribute, which correlates around “0.23”, “0.28”, and “0.34”.
Where the attribute “number of employees” has the highest correlation value. Weak correlation affects the
contribution of features to the algorithm, it is wrong but the author still uses all features because it still allows
for a contribution between all features to the performance of the ML algorithm in the proposed model.
Therefore, the author suggests that interpretation is necessary to see the influence of classification on the
interpretation of the data. The author’s suggestions will also be presented in another section so that you can
see the results of ML and interpret them.
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3.2. Machine learning result

This section will explain the proposed ML model’s results in all aspects, such as F1-score, accuracy,
precision, and recall. These results are presented in Table 2. These results are useful in seeing the quality of
the ML algorithm given by the proposed model.

Table 2. ML result
No MLalgorithm  Acuraccy Precision Recall Fl-score  Time computation

1 KNN 88% T1% 88% 82% 0.1s

2 DT 93% 93% 93% 92% 0.1s

3 LR 88% 7% 88% 82% 0.023
4 SVM 88% T1% 88% 82% 0.021s
5 RF 93% 93% 93% 92% 0.44s
6 XGBoost 94% 94% 94% 93% 0.61s
7 CatBoost 94% 94% 94% 93% 1.49s
8 AdaBoost 94% 94% 94% 93% 0.081s

Table 2 explains the results of the proposed model provided by XGBoost, CatBoost, and AdaBoost.
The results were 94% accuracy, 94% precision, 94% recall, and 93% F1-score. However, if the author looks
at the computing time between the three algorithms. The author prefers AdaBoost with a computing time of
only 0.081s. Meanwhile, Catboost and XGbhoost have computing times of 1.49s and 0.61s. This computing
time was chosen because it is important to see the superiority of the ML algorithm in the proposed model.
Computation time also affects how fast processing improves accuracy. Therefore, the algorithm chosen is the
best, namely AdaBoost.

The AdaBoost algorithm produces the best results compared to the others. This happens because the
three of them are one of the ensemble techniques that are good for classification. As for those who say that
the assemblage technique can maximize the algorithm in many ways, especially in its approach to detection
[44], [45]. And some reasons why these three techniques are better in terms of:

— Bias and variance reduction

— Focus on mistakes

— Regularization

— Categorical feature processing
— Computational efficiency

— Large scale data handling

— Flexible parameter tuning

In the real world, the advantages of computing time and a suitable confusion matrix affect
processing time in the business world because time and accuracy are the ones that influence company
operations. Several advantages make this technique better. The three ML techniques will be tried to interpret
the results in the next chapter.

3.3. Interpretation result

This section will explain the best results proposed by the model from ML and AdaBoost. This is
used to interpret ML results, or what it is usually called, to see how ML works, utilizing (10), namely the
select K-best formula. These results are presented in Table 3.

Table 3. Select K-best result

No. Attribute K-value
1 Last revenue 0.58
2 First revenue 0.196
3 Number employees 0.077
4 Internal collaboration 0.0242
5 Number of online advertisements 0.024
6 Total follows the bazaar 0.026
7 External collaboration 0.022
8 Business team member 0.016
9 Additional investment from external 0.01
10  own trademark rights 0.009
11 covered by the media 0.008
12 Have halal cerified 0.005
13 Using TikTok live 0.004
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The results of the proposed model interpretation of the AdaBoost algorithm show that the most
dominant features determining an incubator business’s success qualifications are last revenue and first
revenue, with values of 0.58 and 0.196. However, this contrasts with the results in Figure 2 which states that
the number of employees really influences the target. The K-value is interpreted based on the target features
in the ML algorithm and looks at the influence on the business’s success.

The results of this interpretation only look at which features are more dominant in the classification.
In the context of business success, it can be seen that when the first revenue and last revenue increase, this
means that it indicates the success of the business, but not only that, another aspect, namely the number of
employees, also influences the success of the business.
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Figure 2. Performance of heatmap correlation incubator datasets

4. CONCLUSION

The results of this research are in search of incubator business success; in this case, the research
presents a proposed model architecture for classifying business success; in this case, the proposed model
architecture comes from preprocessing, ML models, and model interpretation. The first result is that the best
correlation based on the heatmap is the “number of employees,” with a correlation value of 0.34. Then,
several ML algorithms such as AdaBoost, CatBoost, and XGBoost with accuracy, precision, recall values of
94%, and F1-score of 93%. But if the author looks at the computing time, the best ML is 0.081s, namely
AdaBoost. Then, finally, the interpretation results from AdaBoost using select K-best are the best features
“last revenue” and “first revenue,” with feature K-values of 0.58 and 0.196; these features influence the
success of the business. Therefore, in this data, the level of success can be assessed from the correlation
results, classification, and interpretation results. Future research, such as using improvements in hybrid ML
algorithms and other model interpretations, is important. These improvements could be in the form of ML
algorithms that are more immune to data uncertainty, and interpretation of results with wider data.
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