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Abstract — There are so many types of mixed cats from various cat breeds, many people find it
difficult to identify and classify them. Therefore, we need a method that can classify the type
of cat breeds. In this study the authors used the K-Nearest Neighbor algorithm to make it
easier to recognize and classify cat breeds based on certain characteristics. The author took
samples of 2 types, the Anggora race and the Kampung race. The implementation stage is to
determine the euclidean distance and sort it, then determine the K-value to find the nearest
neighbor. In testing, the authors used 50 training data and 50 test data with 6 attributes used,
namely body shape, nose width, nose height, food type, hair type and hair length. The results
of the classification of cat breeds using the k-NN method obtained an accuracy rate of 94% and
an error rate of 6%.
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1. INTRODUCTION

Cats are pets that everyone can have. Sometimes not all cat owners know the breed of
the cat. This is due to the large number of cat breeds coupled with the large number of mixed
cats from crosses from different races [1]. Until now, the lineage cat was recorded as a strain
pure ( pure breed ) only 1% and the rest are cats of mixed breeds like stray/village cats [2] .
Each cat breed has its own characteristics, but because of the large number of cross-breeding
between cat breeds, determining the breed of a cat is much more difficult. One of the
determinations of the type of cat breed can be done by observing body shape, nose width,
nose height, type of food, type of fur, and length of cat's fur.

Therefore, we need an appropriate method to determine the type of cat breed. One of
the data mining algorithms is K-Nearest Neighbor (k-NN) which can be used to solve
classification and regression problems [3]. The KNN algorithm is what the author uses to
classify cat breeds. By using indicators of body shape, nose width, nose height, type of food,
type of fur, and length of fur. It takes the calculation of the Euclidean distance and sorting the
shortest distance from the existing data. k-NN performs a classification on a data based on the
K value that has been set previously. The value of K in this algorithm must use an odd value if it
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is used for the classification process, unlike if it is used to predict the value of K, it can be an
odd or even value [4].

Research was developed from research that has been done by previous researchers.
Among them is the implementation of the K-Nearest Neighbor ( k-NN) algorithm in
determining the type of cat [5], in this study the attributes used are still few so that the
accuracy is also smaller, while in this study the author used 6 attributes and the cat race
studied was the Angora race. and village race. Then there are also other studies that apply the
k-NN algorithm, namely the analysis of the K-Nearest Neighbor methode in the classification
of iris data [6], but the object under study is different from the object used by the author.

K-Nearest Neighbor algorithm is not only used for classification but is also widely used
to solve prediction problems. One of them is the application of the k-NN method that has been
carried out in research including predictions of the results of sawing sengon wood[7],
predictions of rice yields in the Special Region of Yogyakarta Province using the k-NN
method[8], predictions of on-time graduation of students[9], prediction of goods leaving the
warehouse using the time series method k-NN[10], and prediction of the amount of coconut oil
production using the k-NN and Backward elimination methods [11].

2. RESEARCH METHODS

2.1. K-Nearest Neighbor (k-NN) Algorithm

The k-Nearest Neighbor (k-NN) algorithm is a supervised algorithm that has query
results new instance obtained by classifying the majority value of the category. The k-NN
algorithm has the aim of classifying new objects based on data attributes and training samples
[12]. Implementation of the k-NN algorithm by collecting datasets as training data ,
determining the value of k, entering new data as testing data, looking for the Euclidean
distance, sorting the nearest neighbors according to the value of k, and classification is
determined from the value that appears the most. The value of k is the number of nearest
neighbors to determine the classification results. The distance value from the classroom is
calculated from the dataset marked by x' training and x” testing of the new data values entered
[3].

With the k-NN method, the classification of cat types can be done according to the
characteristics of the cat. In the research conducted, the objects observed were the Angora cat
and the village cat. In other words, this study was conducted to classify cats , whether cats
with existing characteristics are included in the category of Angora cats or native cats.

The distance used is the calculation of the Euclidean distance namely the search
method between two variable points, the closer and similar the smaller the distance between
the two points [13]. Euclidiean Distance is said to be good if the new data has a minimum
distance and high similarity [14]. Calculations for measuring the distance between two points
in Euclidean space study the relationship between angles and distances. This Euclidean
distance calculation has the following formula:

di= \/Z(erxli)z
1=i

Description :
X; =sample test data
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X2 =testdata

i = data variable
d =dissimilarity /distance
n =dimension data

2.2. Research methods

In this case study of the k-NN method, the calculation process used is the Euclidean
distance calculation process. The steps to calculate the K-Nearest Neighbor method with
Euclidean distance include:

a.

Determining the K parameter : At this stage the determination of the K value has
no certainty so that the value of K is relative. However, if there is a condition
where the number of votes is balanced, then the value of K is reduced by 1 for
each finding a balanced voting result.

Calculating the Euclidean distance between the data to be evaluated with all
training: At this stage, calculating the distance on k-NN is done by calculating each
case data with the Euclidean distance.

Sort the distances formed : After calculating each case with the Euclidean distance
, the next step is to sort the data from the known quantities starting from the
closest to the furthest.

Determine the shortest distance to the K sequence: If the K value has been
determined and the distance for each case has been calculated, then we take
some cases according to the K value, starting from the smallest sequence.

Pairing the appropriate classes : After the shortest distance to the sequence K has
been determined, the classes are paired, which then looks for the number of
classes from their nearest neighbours.

Look for the number of classes from the nearest neighbor and define the class as
the data class to be evaluated : to determine the class to be evaluated, the classes
taken according to the k value are searched for in number from the nearest
neighbors.

The research method used can be described as in Figure 1

define parameters k

Calculate euclidean
distance

l

Sorting euclidean
distance

l

Determine the
shortestdistance to k

Sum the same class

end

Figure 1. Research Methods
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2.3. Accuracy Testing

Testing is done to know the accuracy of the method used. Accuracy is the degree of
closeness of the predicted value to the actual calculated value [15]. The accuracy value is
obtained by comparing the amount of data that is correct or wrong against the total amount of
data ( testing ). The following is the accuracy calculation formula.

Y. true value

Accuracy rate = x 100%

Y. overall data

Description :
> True value
> Overall data

= The amount of data tested with correct results
= Total data tested

3. RESULTS AND DISCUSSION

3.1. Processing of Training Data and Test Data

In this study, the authors collected 100 data consisting of 50 training data and 50 test
data. By using 6 attributes, namely body shape, hair type, hair length, nose height, nose width,
and type of food. Data from each attribute will be grouped as follows:

Table 1. Grouping of Body Shape Data Input

Class Label
plump 1
slim 2

At table 1. Body shape is classified into 2, namely plump and slender. For the next
plump classification will be labeled 1 and label 2 for slender classification.

Table 2. Grouping of Feather Type Input Data

Class

Label

Short straight

1

straight length

2

Solid length

3

At Table 2. The types of fur will be grouped into 3, namely short straight for label 1,
long straight for label 2, long solid for label 3.

Table 3. Grouping of Feather Length Data Input

Class Value limit Label

Short 0-10mm 1
Currently 11-20mm 2

Long 21-30mm 3

At table 3. Feather lenght will be grouped into 3. Short feather with a value limit of 0-
10 mm is labeled 1, medium feather with a value limit of 11-20mm is labeled 2, long feather
with a value limit of 21-30mm.

Table 4. Grouping of Nose Height Data Input

Class Value limit Label

Low 1-3mm 1
Currently 4-6mm 2

Tall 7-9mm 3
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At table 4 classifies the size of the nose height. Low class with a value limit of 1-3mm is
included in label 1, Medium class with a value limit of 4-6mm is included in label 2, High class

with a value limit of 7-9mm is included in label 3.

At table 5 classifies the width of the nose. Narrow noses with a value limit of 1-3mm
fall under label 1, medium noses with a value limit of 4-6mm fall under label 2, wide noses

Table 5. Grouping of Nose Width Data Input

Class Value limit Label
Narrow 1-3mm 1
Currently 4-6mm 2
Wide 7-9mm 3

with a value limit of 7-9mm fall under label 3.

Table 6. Grouping of Food Type Data Input

Class Label
Dry Food 1
Wet Food 2

Fish 3

Chicken 4

In table 6 classifies the types of food. dry food is included in label 1, wet food is
included in label 2, fish food is included in label 3, chicken food is included in label 4

The following is a training data table from the results of data collection.

Table 7. Original Train Data

Case E?):jrc ii?t;tir V':l/(i)dsti H'\fle(i)gss t Food Type Feather Type Type of Cat
1 slim 16 6 6 Fish straight short Village
2 slim 18 7 7 fish straight short Village
3 plump 28 9 9 dry food straight length Angora
4 slim 5 3 3 wet food straight short Village
5 plump 21 6 6 chicken straight length Angora
6 plump 21 6 6 chicken solid length Angora
7 plump 25 7 6 chicken straight length Angora
8 slim 17 7 7 fish straight short Village
9 plump 26 8 8 dry food solid length Angora
10 slim 5 3 3 wet food straight short Village
11 slim 17 7 7 fish straight short Village
12 plump 26 8 8 dry food straight length Angora
13 slim 4 3 3 wet food straight short Village
14 plump 24 7 6 chicken solid length Angora
15 slim 16 6 6 fish straight short Village
16 slim 19 7 7 fish straight short Village
17 plump 27 9 8 dry food solid length Angora
18 plump 26 8 8 dry food straight short Angora
19 plump 26 8 9 dry food straight length Angora
20 plump 28 9 9 dry food solid length Angora
21 slim 5 3 3 wet food straight short Village
22 slim 16 6 6 fish straight short Village
23 plump 27 9 8 dry food straight length Angora
24 slim 5 3 3 wet food straight short Village
25 plump 23 7 7 chicken straight length Angora
26 slim 18 7 7 fish straight short Village
27 plump 29 9 9 dry food solid length Angora
28 plump 10 3 3 wet food solid length Angora
29 slim 18 7 7 fish straight short Village
30 plump 27 9 9 dry food solid length Angora
31 plump 8 3 2 wet food solid length Angora
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32 plump 21 6 6 chicken solid length Angora
33 plump 22 6 6 chicken solid length Angora
34 plump 30 9 9 dry food straight length Angora
35 plump 29 9 9 dry food straight length Angora
36 slim 17 7 7 fish straight short Village
37 slim 17 7 7 chicken straight short Village
38 slim 19 7 7 fish straight length Village
39 plump 30 9 9 wet food straight length Angora
40 plump 28 9 9 dry food solid length Angora
41 plump 7 3 3 wet food straight length Angora
42 plump 22 6 6 chicken solid length Angora
43 plump 27 9 9 dry food straight length Angora
44 plump 16 6 6 fish straight short Angora
45 slim 20 7 7 fish straight short Village
46 slim 17 7 7 fish straight short Village
47 plump 30 9 9 dry food solid length Angora
48 plump 27 9 9 dry food solid length Angora
49 plump 26 8 8 dry food solid length Angora
50 slim 18 7 7 fish straight short Village
Table 8. Original Test Data
Case l;%:jn\; iee?]t;tir Nose Width Nose Height Food Type Feather Type
1 slim 27 9 9 dry food straight length
2 plump 22 8 7 dry food straight length
3 slim 17 7 7 fish straight short
4 slim 9 3 2 wet food solid length
5 slim 11 5 4 chicken straight length
6 slim 16 9 9 fish straight short
7 plump 30 7 7 dry food straight length
8 plump 28 7 8 dry food solid length
9 plump 7 3 2 wet food solid length
10 slim 15 4 4 chicken solid length
11 slim 17 8 8 fish straight short
12 plump 29 8 7 dry food solid length
13 slim 12 6 6 chicken solid length
14 slim 12 6 5 chicken straight length
15 plump 21 8 8 dry food straight length
16 plump 21 9 9 dry food solid length
17 plump 25 9 8 dry food solid length
18 slim 9 3 3 wet food straight length
19 plump 27 7 7 dry food solid length
20 slim 20 8 8 fish straight short
21 plump 25 9 8 dry food straight length
22 slim 13 5 4 chicken straight length
23 plump 8 3 2 wet food solid length
24 slim 11 6 5 chicken straight length
25 plump 26 9 8 dry food straight length
26 plump 27 8 7 dry food solid length
27 plump 30 8 8 dry food solid length
28 slim 18 7 7 fish straight short
29 slim 20 7 7 fish straight short
30 slim 16 9 9 chicken straight short
31 plump 29 9 8 dry food solid length
32 slim 15 4 4 chicken solid length
33 plump 9 3 3 wet food solid length
34 slim 19 8 8 fish straight short
35 plump 24 7 7 dry food straight length
36 plump 23 7 7 dry food solid length
37 plump 21 9 8 dry food solid length
38 slim 20 8 8 fish straight short
39 plump 22 8 7 dry food solid length
40 plump 9 3 3 wet food straight short

38



~JAlS

41 slim 20 7 7 fish straight short
42 slim 19 9 9 fish straight short
43 plump 25 9 8 dry food straight length
44 slim 10 3 2 wet food straight length
45 plump 25 7 6 dry food straight length
46 plump 25 8 7 dry food solid length

47 plump 26 9 7 dry food solid length

48 slim 16 8 8 fish straight short
49 slim 18 8 8 fish straight short
50 slim 16 8 8 fish straight short

If we look at the original training data and original test data above, each attribute has
various data values, so simplification and grouping of the values of each attribute are needed.
Following are the training data and test data after simplifying and grouping:

Table 9. Training Data After Grouping

Case

Body
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Food Type
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46

47

48
49

50

Table 10. Test Data After Grouping

Feather
Length

Feather Type

Food Type

Nose Height

Nose Width

Body

Case

10
11
12
13
14
15
16
17
18
19
20
21

22
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26
27

28

29
30
31

32
33
34
35
36
37
38
39
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3.2. Application of the K-Nearest Neighbor Algorithm

From the training data and test data, the type of cat will be determined using the K-

Nearest Neighbor method with the following steps:

a.

From the existing training data and test data, the Euclidean distance will be determined
first. It is known that the number of attributes in this study is 6 so that the Euclidean
formula is as follows;

d(a,b,c,def) = \/(ali'azﬂz + (byi-b)? + (cy-c)? + (d1i-dy)’ + (egire2)? + (f1i-F2)?

Information :
d = euclidean distance axi = training data from the i-th attribute
ay = test data from the i-th attribute i = number of variables

With 50 training data and 50 test data and 6 attributes, namely body shape, hair type,
hair length, nose height, nose width, and type of food. The following is the calculation
of the Euclidean distance with the first 50 training data and test data. 1st test data with
body shape 2, hair length 3, nose width 3, nose height 3, type of food 1 and type of
fur2.

Ist data euclidean distance

d1=V (2-2)%+(2-3)%+(2-3)%+(2-3)%+(3-1)*+(1-2)* = 2.82843

Euclidean distance of 2nd data

d2 = V(2-2)%+(2-3)%+(3-3)2+(3-3)2+(3-1)2+(1-2)? = 2,44949
Euclidean distance of 3rd data

d3 = \/(1-2)2+(3.-3.)2+(3-3)2+(3-3)2+(1-1)2+(2-2)2 =1

And so on the calculation is done up to 50 training data. The following is the Euclidean
distance of all training data with the first training data.

Table 11. Euclidean distance results

Case Body Feather Nose Nose Food Type Feather Type Euclidean
Length Width Height Type of Cat distance

1 2 2 2 2 3 1 2 2.82843
2 2 2 3 3 3 1 2 2,44949
3 1 3 3 3 1 2 1 1
4 2 1 1 1 2 1 2 3.74166
5 1 3 2 2 4 2 1 3,46410
6 1 3 2 2 4 3 1 3.60555
7 1 3 3 2 4 2 1 3.31662
8 2 2 3 3 3 1 2 2,44949
9 1 3 3 3 1 3 1 1.41421
10 2 1 1 1 2 1 2 3.74166
11 2 2 3 3 3 1 2 2,44949
12 1 3 3 3 1 2 1 1
13 2 1 1 1 2 1 2 3.74166
14 1 3 3 2 4 3 1 3.46410
15 2 2 2 2 3 1 2 2.82843
16 2 2 3 3 3 1 2 2.44949
17 1 3 3 3 1 3 1 1.41421
18 1 3 3 3 1 1 1 1.41421
19 1 3 3 3 1 2 1 1
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20 1 3 3 3 1 3 1 1.41421
21 2 1 1 1 2 1 2 3.74166
22 2 2 2 2 3 1 2 2.82843
23 1 3 3 3 1 2 1 1

24 2 1 1 1 2 1 2 3.74166
25 1 3 3 3 4 2 1 3.16228
26 2 2 3 3 3 1 2 2.44949
27 1 3 3 3 1 3 1 1.41421
28 1 1 1 1 2 3 1 3.87298
29 2 2 3 3 3 1 2 2,44949
30 1 3 3 3 1 3 1 1.41421
31 1 1 1 1 2 3 1 3.87298
32 1 3 2 2 4 3 1 3.60555
33 1 3 2 2 4 3 1 3.60555
34 1 3 3 3 1 2 1 1

35 1 3 3 3 1 2 1 1

36 2 2 3 3 3 1 2 2,44949
37 2 2 3 3 4 1 2 3.31662
38 2 2 3 3 3 2 2 2.23607
39 1 3 3 3 2 2 1 1.41421
40 1 3 3 3 1 3 1 1.41421
41 1 1 1 1 2 2 1 3.74166
42 1 3 2 2 4 3 1 3.60555
43 1 3 3 3 1 2 1 1

44 1 2 2 2 3 1 1 3

45 2 2 3 3 3 1 2 2,44949
46 2 2 3 3 3 1 2 2,44949
47 1 3 3 3 1 3 1 1.41421
48 1 3 3 3 1 3 1 1.41421
49 1 3 3 3 1 3 1 1.41421
50 2 2 3 3 3 1 2 2,44949

Smallest to largest Euclidean distance. The following table shows the results of the

Euclidean distance set el ah sorted.

Table 12. Data After Euclidean Distance Sorted

Case Body Feather Nose Nose Food Feather Type of Euclidean
Length Width Height Type Type Cat distance 1

3 1 3 3 3 1 2 1 1

12 1 3 3 3 1 2 1 1

19 1 3 3 3 1 2 1 1

23 1 3 3 3 1 2 1 1

34 1 3 3 3 1 2 1 1

35 1 3 3 3 1 2 1 1

43 1 3 3 3 1 2 1 1

9 1 3 3 3 1 3 1 1.41421
17 1 3 3 3 1 3 1 1.41421
18 1 3 3 3 1 1 1 1.41421
20 1 3 3 3 1 3 1 1.41421
27 1 3 3 3 1 3 1 1.41421
30 1 3 3 3 1 3 1 1.41421
39 1 3 3 3 2 2 1 1.41421
40 1 3 3 3 1 3 1 1.41421
47 1 3 3 3 1 3 1 1.41421
48 1 3 3 3 1 3 1 1.41421
49 1 3 3 3 1 3 1 1.41421
38 2 2 3 3 3 2 2 2.23607
2 2 2 3 3 3 1 2 2,44949
8 2 2 3 3 3 1 2 2,44949
11 2 2 3 3 3 1 2 2,44949
16 2 2 3 3 3 1 2 2,44949
26 2 2 3 3 3 1 2 2,44949
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29 2 2 3 3 3 1 2 2,44949
36 2 2 3 3 3 1 2 2,44949
45 2 2 3 3 3 1 2 2,44949
46 2 2 3 3 3 1 2 2,44949
50 2 2 3 3 3 1 2 2,44949
44 1 2 2 2 3 1 1 2.82843
1 2 2 2 2 3 1 2 2.82843
15 2 2 2 2 3 1 2 2.82843
22 2 2 2 2 3 1 2 3
25 1 3 3 3 4 2 1 3.16228
1 3 3 2 4 2 1 3.31662
5 1 3 2 2 4 2 1 3.31662
14 1 3 3 2 4 3 1 3.46410
6 1 3 2 2 4 3 1 3.46410
32 1 3 2 2 4 3 1 3.60555
33 1 3 2 2 4 3 1 3.60555
37 2 2 3 3 4 1 2 3.60555
42 1 3 2 2 4 3 1 3.60555
41 1 1 1 1 2 2 1 3.74166
28 1 1 1 1 2 3 1 3.74166
31 1 1 1 1 2 3 1 3.74166
4 2 1 1 1 2 1 2 3.74166
10 2 1 1 1 2 1 2 3.74166
13 2 1 1 1 2 1 2 3.74166
21 2 1 1 1 2 1 2 3.87298
24 2 1 1 1 2 1 2 3.87298

Euclidean distance , then the K value will be determined to find the nearest neighbor.
In determining the value of K, the authors consider that the number of nearest
neighbors from each class is not the same. Because the classification process uses an
odd K value. Determining the value of K also depends on the number of classes, that is,
if the number of classes is even, the K value should be odd, and vice versa, if the
number of classes is odd, then the K value should be even.

In this study the authors determined the odd K value, namely 25 because the
training data was an even number, namely 50. Determining the value of K = 25
because the K value is the best K value with the least error than the other K values.
From the 1st test data and determining the value of K = 25, the following labels will be
generated:

Table 13. Result of Total Data of Each Label

Cat Type Label Number of Labels
Angora 1 18
Village 2 7

From the data above, it can be concluded that the results of the 1st data test
using the K-Nearest Neighbor method show that the highest number of labels is 1,
namely Angora Cat with a total of 18 labels.

3.3. Results Analysis

After testing with 50 training data and 50 test data, the following data will be

generated:

Table 14. Test Results With K=25

Body | Feather | Nose | Nose | Food Feather tags Type of Cat Type of Cat Test
Data . . tags 2
shape Length | Width | Height | Type Type 1 (k-NN) (Manual) results
1 3 3 3 1 2 18 7 1 | Angora | 2 | village | WRONG
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2 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
3 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
4 2 1 1 1 2 3 12 13 2 Village 1 Angora WRONG
5 2 2 2 2 4 2 9 16 2 Village 2 Village | CORRECT
6 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
7 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
8 1 3 3 3 1 3 20 5 1 Angora 1 Angora | CORRECT
9 1 1 1 1 2 3 16 9 1 Angora 1 Angora CORRECT
10 2 2 2 2 4 3 10 15 2 Village 2 Village | CORRECT
11 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
12 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
13 2 2 2 2 4 3 10 15 2 Village 2 Village | CORRECT
14 2 2 2 2 4 2 9 16 2 Village 2 Village | CORRECT
15 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
16 1 3 3 3 1 3 20 5 1 Angora 1 Angora | CORRECT
17 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
18 2 1 1 1 2 2 6 19 2 Village 2 Village | CORRECT
19 1 3 3 3 1 3 20 5 1 Angora 1 Angora | CORRECT
20 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
21 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
22 2 2 2 2 4 2 9 16 2 Village 2 Village | CORRECT
23 1 1 1 1 2 3 16 9 1 Angora 1 Angora CORRECT
24 2 2 2 2 4 2 9 16 2 Village 2 Village | CORRECT
25 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
26 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
27 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
28 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
29 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
30 2 2 3 3 4 1 10 15 2 Village 2 Village | CORRECT
31 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
32 2 2 2 2 4 3 10 15 2 Village 2 Village | CORRECT
33 1 1 1 1 2 3 16 9 1 Angora 1 Angora CORRECT
34 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
35 1 3 3 3 1 2 18 7 1 Angora 1 Angora CORRECT
36 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
37 1 3 3 3 1 3 20 5 1 Angora 1 Angora | CORRECT
38 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
39 1 3 3 3 1 3 20 5 1 Angora 1 Angora | CORRECT
40 1 1 1 1 2 1 6 19 2 Village 1 Angora WRONG
41 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
42 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
43 1 3 3 3 1 2 18 7 1 Angora 1 Angora | CORRECT
44 2 1 1 1 2 2 6 19 2 Village 2 Village | CORRECT
45 1 3 3 2 1 2 19 6 1 Angora 1 Angora CORRECT
46 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
47 1 3 3 3 1 3 20 5 1 Angora 1 Angora CORRECT
48 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
49 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT
50 2 2 3 3 3 1 10 15 2 Village 2 Village | CORRECT

After testing the data and comparing the test results with the K-Nearest Neighbor
method and the manual data obtained. It can be seen that there are 3 data that do not match
or are wrong. So that the level of accuracy of the test can be determined by calculating the
following formula:

Accuracy rate = 7 x 100%
50

=94%
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So from testing the determination of the type of cat using the K-Nearest Neighbor
method with 50 training data and 50 testing data, the accuracy rate is 94% and the error rate is
6%.

4. CONCLUSION

This study compares the classification of cat breeds with the K-Nearest Neighbor
method and manual determination (directly in the field). The study was conducted using 50
training data and 50 testing data. With 6 parameters taken, body shape, hair type, hair length,
nose height, nose width, and type of food. After testing with the K-Nearest Neighbor method,
there are 3 incorrect data (does not match the manual data) and 47 correct data. So that it
can be seen the level of accuracy of cat type classification using the K-Nearest Neighbor
method is 94% with an error rate of 6%. It can be seen that the results of research using the K-
Nearest Neighbor method are very close to direct research in the field.
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