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Abstract—Student achievement is one of the main focuses to
increase university credibility. An early warning system is
needed to prevent more risks. The early warning systems
(EWS) of student achievement has been possible with a
combination of case based reasoning (CBR), k-nearest
neighbor (K-NN), and decision tree. CBR is used to obtain a
solution that stores knowledge so that it can predict student
achievement. This research is combining the Case Based
Reasoning, K-Nearest Neighbor (K-NN), and Decision Tree
(DT) methods for the prediction of student achievement that
applied in the early warning system. The attributes of an early
warning system of student achievement are genders, distances
of residence, ages, high schools, majors, and grade point
average (GPA) for six semesters. The results show that
accuracy rate is 60.5% of 55 data in the early warning system
of student achievement and a model CBR for Early Warning
System of Student Achievement.
Keywords—case based reasoning, decision tree, k-nearest
neighbor, early warning system

I. INTRODUCTION
An early warning system (EWS) is one strategy to
improve and guarantee the continuity of organization or
university. It is very crucial to prevent and reduce impact and
risks as like a development of the monitoring and early
warning system of students' learning [1]. It provides
information quickly and precisely related to the problems
that applied in the future.
The development of early warning systems has been
widely developed using the latest technology such as
warnings for the risks and impact of the internet of things
based environment disasters [2]. It is also expanded in the
field of education to predict students that success in
university entrance exams [3], the student emergency at
university [4], the final grades of student [5], and monitoring
and prevention mechanisms [1].
Student achievement problems affect the credibility of
the institution in passing students. Some private universities
have the same issues as GPA's student getting very low.
Several factors affecting student achievement are motivation,
learning methods, facilities within the university and faculty,
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and the environment. The GPA is one measure of the success
in student achievement. The student attributes required in
determining student achievement are genders, distances of
residence, ages, high school, majors, and GPA's Semester.
EWS can help stakeholders determine patterns of student
achievement that will have an impact on study graduation. It
is also currently developed with various methods and
technologies. The Implementation of EWS at universities has
been increasingly developed in cloud campus [1]. One of the
benefits of EWS is providing early warning and plans by
informing students and lecturing guidance, parental feedback
and so on [1]. Four actors are very urgent in the Academic
Early Warning Eco-system namely students, teachers,
college and parents [6].
In EWS, the data are processed optimally to extract
information and obtain new knowledge so that can be used to
considerate decision making. Data collection is used to
predict student achievement through the process of taking
cases, grouping or classifying cases, assessing similarities,
resolving cases recorded previously [7]. Therefore, to
overcome these problems, an EWS based on CBR is
developed that can predict student achievement index by
utilizing cases stored in the student database.
According to L.D. Xu [8] that CBR was based on
cognitive models and focused on cases stored in memory and
ideas as past experiences and a way of solving problems. The
problem solving focused on a building solution of new cases
and a modifying solution of pre-cases. Development of the
EWS based on CBR, there are several stages such as taking,
selecting, classifying, assessing the similarity of cases on
matching cases and adapting them to a system. The
classifying case is conducted to find a pattern that describes
and separates data classes from another. The classifying
cases collaborate Decision Tree Algorithm while the
grouping of similarity cases uses K-Nearest Neighbor as the
predictive value of the new instance value. The EWS based
on CBR is developed with classification methods such as
Decision Tree, and K-Nearest Neighbor so that can predict
student achievement.
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II. RESEARCH METHOD
A. Case Based Reasoning (CBR)
CBR has been applied in various cases such as a
determining system for the status of volcanoes [9], a context
of awareness systems [10], the autonomic managers [11],
and searching for the same answers [12]. It was also
developed with an Object-Oriented model using Situation
Tree [13]. According to CBR, has four sub-processes [7]:
1) Retrieve: taking the most common problem or case
A similar case-taking process is carried out with a
criterion that determines how to find and control a case in a
base case so that it is more effective in assessing cases [9].
The searching process is carried out with cases by comparing
new cases and content-based features [14]. The similarity
assessment process using the K-Nearest Neighbor Algorithm
determines the highest similarity value new case [9].

CART is the ability to choose the most discriminatory
features and classification conducted by a little calculation.
The disadvantage is the complicated calculations occurs
when it has more the problem spaces and the possible level
of misclassification that occurs when training data is a few
numbers of classes [19].
Methods related to decision tree classification algorithms
have been developed in several studies such as Decision Tree
Using Fast Splitting Attribute Selection (DTFS) [20],
Classification by Clustering (CBC) [21]and EWS Model to
predict student achievement [5].

2) Reuse: reuse the case to try and solve it
This process is done to find solutions and problems by
adapting to the query system after taking the case.
3) Revise: revise the offered solutions
If the solution offered is rejected then the cases revised
until the case accepted as a solution.
4) Retain: store experiences for future purposes in other
cases
This process adaptation made in the system. This process
can be proposed to modify the level of similarity of cases
with index structure modification.

Fig. 1. Case Base Reasoning Cycle [8]

B. Decision Tree
Tree Structure, the internal node shows the test on the
attribute, each branch shows a test result, and each leaf node
holds the class label [15]. Several categories of Decision
Tree methods are C.45, CHART, CHAID. The C4.5, TreeInduction Algorithm makes the best and fastest classification
accuracy among other algorithms [16],[26]. Classification
and Tree Regression (CART) is a non-parametric method
and does not require variables to be selected first [17].
CHAID can be used in prediction and classification, and for
detecting interactions among variables. Both CHAID and
CART algorithms can be applied to analyze the problem of
regression or classification type [18]. The advantage of the

Fig. 2. Workflow of Decision Tree [19]

C. K-Nearest Neighbor (K-NN)
K-NN is one of the methods in supervised learning that
widely used to identify and assess similarities and uses
Euclidean metrics to determine similarities [22]. The value of
k is used to category selection in the data training case. KNN acts by finding groups of objects in the closest (similar)
training data to objects in new data or testing data. K-NN has
the advantage of training a lot of noise data that can be
effective if the training data is massive. The K-NN method
can also be combined with the CBR method to obtain
similarities in cases such as volcano status systems [9], and
chronic lung diagnosis [23]. The K-NN algorithm are [12]:
1) Determining parameter k.
2) Calculating the distance among data to be evaluated.
3) Sorting the distance ascending.
4) Determining the shortest distance to the sequence.
5) Pairing the class accordingly.
6) Looking for the number of classes from NN and
setting the class as class data to evaluate.
7) Classification and Similarities of Stages.

Fig. 3. The Classification Process and Similarity Stages [12]
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III. RESULTS AND DISCUSSION
The CBR and classification methods namely decision
tree (CART) and K-NN are developed in the early warning
system. The case study of the development of an early
warning system on student achievement begins with
gathering new cases into data collections. Data collections
serve to form a data set. A case study in one of the private
universities in Makassar with 55 data stored as a case base
consisting of two datasets, namely profile data and academic
values. The data collection has attributes used in
classifications including student identification number,
gender, distances of residence, address, subjects, grade point
average (GPA) 6 semesters, credits, ages, majors, and high
school.
The data set consists of two parts namely training data
and testing data. The academic transcripts for four semesters
as training data and two semesters as testing data. The
original data set is urgent as input in the classification
algorithm. At the preprocessing stage, extract the data
sample to avoid noise and bias. The academic transcripts are
as the target attribute. In the Decision tree model, built using
80% of the original dataset are determined as data training.
Then it is tested using 20% of the dataset as data training.
Independent variable importance, namely gender, age,
distance, majors and high school, is shown in Fig. 4.

the highest percentages. The others have a crucial role in
predicting. They are majors and the high school. These
attributes are used as a case base to perform calculations
using KNN analysis.

Fig. 5. Classification KNN of Student Data based on GPA

The results of the KNN analysis show the percentage of
poor predicate having the highest percentage level. The
analysis is used to develop the student's early warning
system so that stakeholders take precautionary measures
against the achievements of students who have a poor
predicate. Development of early warning infrastructure at the
application service level which is formed from the CBR
development model by elaborating the process that occurs
using a decision tree algorithm and the KNN algorithm. The
results of a study of the development of a combination of
CBR, KNN and CART methods, the EWS Model was
obtained in Fig. 6.
TABLE II.
Observed
Excellent
Excellent
Good
Poor
Very good

Fig. 4. Normalized Importance Attributes

TABLE I.

Observed

Excellent

excellent
good
poor
very good
overall
percentage

7
0
1
2
18.2%

CLASSIFICATION CART MODEL
Classification
Predicted
Good
Poor
0
0
0
0
0.0%

5
4
23
5
67.3%

Very
Good
0
0
2
6
14.5%

Percent
Correct
58.3%
0.0%
88.5%
46.2%
65.5%

Based on these datasets analyzed using the CART
classification method by classifying an event into the
category of poor, good, very good, excellent with an
appropriate 65.5%. The calcification results from the
decision tree become new knowledge for the next case.
Based on the tree analysis model, gender is attribute having

7
0
3
3

CLASSIFICATION TABLE USING KNN
Classification
Predicted
Good
Poor
0
0
2
0

2
4
15
2

Very
good
1
0
0
4

Percent
Correct
70.0%
0.0%
75.0%
44.4%

The development was started from the data collection
process in the form of data sets. Through the pre-processing,
data sets are grouped into classes as training data and testing
data. The analysis process using Decision Tree Algorithm
(CART) was modelled into Tree Model to produce useful
knowledge for new cases. The new cases in the preprocessing were also taken new cases then analyzed by KNN
algorithm to determine cases that had the highest similarity.
The results of the Retrieved Case were reused to obtain a
solution. If no solution is found, it will be revised and
corrected until the best solution is received. The solution was
stored as a knowledge and could be reused if there is a recent
case. Based on data as many as 55 samples of student data
for 6 semesters in training data obtained 30.2% predicted to
get excellent predicate.
Early Warning Infrastructure consists of 4 levels. These
are user level, Interfaces Level, Application Services Level,
and Devices and Servicers level. The user level showed that
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4 actors who has role in the early warning system of student
achievement. They are lecturers, students, parents and
university management. While interfaces and Devices level
is composed by devices, networks, and data center.

[7]

[8]
[9]

[10]

[11]

[12]

[13]

[14]
[15]
Fig. 6. Model CBR for Early Warning System of Student Achievement

[16]

IV. CONCLUSION
Based on the study method and testing the data using
CBR, CART, and KNN on student achievement, the
percentage level of accuracy between the KNN algorithm
and CART algorithm has a significant difference. In the
CART algorithm, the accuracy rate is 65.5% while the K-NN
algorithm has the accuracy rate of 60.5%. Early warning
system successfully predicts student achievement with
features of 6 attributes and 55 data.
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