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Abstract : Classification is used to find out in which group each data instance is related within a given dataset. It is used for
classifying data into different classes according to some constrains. The major kinds of classification algorithms include k-nearest
neighbour classifier, SVM, and Random Forest. An organization especially in retail, ecommerce, consumer packaged goods industry
have lot of identical product’s which are clustered into a higher category. This paper tries to identify which of these algorithms provide
a better accuracy on classification of products into higher categories.
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I. INTRODUCTION

Classification methods in data mining are able to process a large amount of data. Categorical class labels can be
predicted by using this method and it classifies data based on training set and class labels and it can be used for classifying
newly available data. The word could cover any context in which some decision or forecast is made on the basis of presently
available information. Classification procedure is recognized method for repeatedly making such decisions in new
situations. [5].The creation of a classification procedure from a set of data for which the exact classes are known in advance
is termed as pattern recognition or supervised learning[6]. Classification task is fundamental in certain contexts like
assigning individuals to credit status on the basis of personal and financial information and the diagnosis of a patient’s
disease in order to select immediate treatment while waiting for perfect test results. The most critical problems arising in
science, industry and commerce can be called as classification or decision problems. All groups have some objectives in
common. They have all attempted to develop procedures that would be able to handle a wide variety of problems and to
be extremely general used in practical settings with proven success.

Il. PROBLEM STATEMENT

For any organization, especially in retail and Consumer Packaged Goods industries, that has many thousands of
products in their production across various geographies, a strong analysis of their products and classification into its higher
category is very important. This helps in understanding the customer behavior across various geographies and helps in
forecasting and planning and helps sales teams better regarding their sales targets. But due to diverse and global
infrastructure, similar products can get classified as different .Such an inaccurate clustering produces bad results. With
better classification the insights generated about the various product ranges becomes usable.

Let’s assume there are thousands of products and each product can be described by some attributes. And each product
will have different values for such attributes, also known as features. Such an instance is created by this work. We have a
number of products described by its attributes and our goal is to classify the different products into its right category by
using 3 famous classification algorithms — KNN, SVM and Random Forest and understand which algorithm performs
better.

I11. ALGORITHMS

3.1. KNN

K Nearest Neighbors is an algorithm which is very simple .1t will store all available cases and it will classify new
cases by a majority vote of its k neighbors. This algorithm segregates unlabeled data points into well-defined groups.
Choosing the number of nearest neighbors i.e. determining the value of k plays a significant role in determining the
efficacy of the model[7]. So the selection of k can determine the results of the KNN algorithm by utilizing the data in a
good manner. A large k value has benefits which include reducing the variance due to the noisy data; the side effect being
developing a bias due to which the learner tends to ignore the smaller patterns which may have useful insights.
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Pros:
1. The nature of the algorithm is highly unbiased and there is no prior assumption of the underlying data.

2. KNN algorithm has gained good popularity due to its simplicity and effectiveness.
Cons:

1. Abstraction process is not involved in KNN algorithm.
2. Prediction time is high even though the training time is fast.

3.2.SvM

Support Vector Machine” (SVM) is a well known supervised machine learning algorithm which is simple and can be
used for either regression or classification [11]. But, it is commonly used in classification problems. Using this
algorithm we are able to plot each data item as a point in n-dimensional space (where n is number of features you have)
with the value of each feature being the value of a particular coordinate[12]. Then, we perform classification by finding
the hyper-plane that differentiate the two classes very well.

Pros:

=

It works really well with clear margin of separation
2. ltis effective in high dimensional spaces.

1. It doesn’t perform well, when we have large data set because the required training time is higher
2. It also doesn’t perform very well, when the data set has more noise i.e. target classes are overlapping
3. SVM doesn’t directly provide probability estimate

3.3. Random Forest

Random Forest is an algorithm which is considered to be a remedy of all data science problems. Random Forest is a
flexible machine learning method which is able to perform both classification and regression tasks[18]. It also undertakes
dimensional reduction methods, treats missing values, outlier values and other essential steps of data exploration, and
does a fairly good job[17]. It is also a type of ensemble learning method in which a group of weak models combine to
form a powerful model.
It works in the following manner. We can see that each tree is planted & grown as follows:

1. Here assume number of cases in the training set is N. Then, sample of these N cases is taken at random but
with replacement. This sample will be the training set for growing the tree.

2. Soif there are X input variables, a number m<X is specified such that at each node, m variables are selected

at random out of the X. The best split on these m is used to split the node. The value of m is held constant

while we grow the forest.

Each tree is grown to the largest extent possible and there is no pruning.

4. Predict new data by aggregating the predictions of the trees (i.e., majority votes for classification, average for
regression).

@

Pros:

1. Thisalgorithm can solve both type of problems i.e. classification and regression and does a decent estimation
at both fronts.

2. One of benefits of Random forest which excites me most is, the power of handle large data set with higher
dimensionality. Random Forest can handle many of input variables and it will identify most significant
variables so it is considered as one of the dimensionality reduction methods. Further, the model outputs
Importance of variable, which can be a very handy feature (on some random data set).

Cons:

1. Itsurely does a good job at classification but not as good as for regression problem as it does not give precise
continuous nature predictions. In case of regression, it doesn’t predict beyond the range in the training data,
and that they may over-fit data sets that are particularly noisy.
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IV. METHODOLOGY

Step 1: Data collection

A data set of 12256 observations (records), each record corresponding to a product is used in this work. There are 28
columns/ features in each of the record. These feature are numerical in nature and helps define the properties of the
product. Please note that this data set is created solely for the purpose of comparative study and may not represent actual
data. The data set has been prepared keeping in mind the results which are generally obtained from organization. All the
data manipulations, model training and prediction is done on 3.4.2 version of R Statistical language using R Studio
interface v1.0.143. The data set consists of 12256 observations and 28 variables. 27 columns are numerical in nature and
one column is categorical .The column “class” is the categorical in nature, It is also the target variable which we want to
classify correctly. The columns can represent numerical attributes like Weight, Height, length, width etc. It can be also
binary variables like Is_solid, Is_liquid .In real life, there are dozens of important parameters needed to define a product,
and it will be beyond the scope of this study to consider and assign all variables. For the purpose of making it simpler,
all these features are randomly named and values are also randomly generated using the sample method in R. For the
example given below | am creating 12256 values . These values can range from 0 to 128 as mentioned in the below
function

> sample(D:128.12256. replace=TRUE}

[11 52 117 92 83 B3 51 B3 7¥3 12 120 32 8B 117 48 82 82 20 102
[19] 72 91 115 BE &0 78 27 46 5 8 48 VO V8 B3 98 86 &Y &8
[37] 30 EB5 72 118 32 19 102 32 744 111 44 43 43 22 B3 &Y a
[55] 42 40128 99 117 85 91 59 14 27 2 o84 28 17 37 24 4 |
[f3] 34 93103 28 EBE 73 497 1068 112 53 119 BO 2 11 45 24 14 17
[91] 74 27 B1 71 78122 25 2 110 B1 16 119 B3 25 83 96 128 18

[109] 72 127 127 108 103 75 16 B4 38 40 BY B2 91 111 122 70 51 33
[127] 87 23 46 116 41 32 128 81 89 E 115 52 42 75 126 103 5 12E
[145] 30 EBA 119 &7 117 26 84 11 453 &Y 70O 105 74 22 44 1268 14 20
[1631 €1 123 110 94 81 107 70 99 94 109 125 117 128 112 B3 128 19 102
[181] 40 82 114 112 128 64 112 15 93 27 73 115 111 8f 80 &8 Bl 71

Fig. 1. Sample Data Set

The inner meaning or what a feature represents can be ignored. The first four letters of the “feature” is taken and
increased sequentially to arrive at all the column names.

1. ID 6. feat 4 11. feat 9
2. Class 7. feat 5 12. feat_10
3. feat 1 8. feat 6 13. feat_11
4. feat 2 9. feat 7 14. feat_12
5. feat 3 10. feat_8

Fig. 2. Column Names

For training the model we divide the data set into 2 — Train data set and test data set. The train data set will have 9251
observations and the test data set will have 3005 observation. The models will be trained on the train data set and final
prediction would be done on the test data set. Here’s how the train data set looks like:

X class feat_1 | feat_2 feat_3  feat_4 feat_ 5 feat_ 6 feat_7  feat_ 8 feat_9

1 1 category_5 54 3 10 =] 17 17 8 3 101
2 2 category_l 62 37 8 18 4 11 =] 7 90
3. 2 category_3 44 37 2 5 17 3 2 7 25
4 4  category_5 e 18 2 20 13 16 10 5 110
5 5 category_2 82 14 4 35 18 =3 16 5 o
& & category_2 24 32 =3 25 4 31 13 4 101
Fg 7  category_2 88 33 =3 2 21 13 (51 10 109
8 8 category_ 5 23 15 o 27 11 16 15 o 50
9 9 category_1 49 19 5 13 16 13 (o] 7 40
10 10 category_4 4 14 8 23 20 18 12 1 106
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Step 2: Preparing and exploring the data

We load the train and test data set as follows. The first variable ‘id’ is unique in nature and can be removed as it

does not provide useful information
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Fig. 3. Train Data Set
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Fig. 4. Summary Train

Step 3 — Training models and predicting the class

a) KNN —The default Euclidean distance measure calculation is used to calculate the distance between various
attributes. The parameter K representing the number of neighbors is usually taken as square root of number of
parameters So here in our case, it will be sqrt(26)= 5. So we started with K=5. Then we also tested for k=6 and
k =3 . The KNN() function from class library was used here. Also ,the output classes are balanced, so a normal
accuracy formula is enough to find out accuracy. The highest classification accuracy of 81.36% was achieved

with k = 3.

b) SVM

The svm() function from e1071 package is used. We set a value of 0.6 for gamma, 0.05 for epsilon, and 0.8
for cost. These parameters helps greatly in training and are explained as below. The gamma is the kernel
coefficient for ‘rbf’, ‘poly’, and ‘sigmoid’. If gamma is ‘auto’, then 1/n_features will be used instead. C is the
cost of constraints violation (default: 1).It is the ‘C’-constant of the regularization term in the Lagrange

u}
u}
n :19.0 Median
1
u)
u)

> predictionkMN <= knn(train=trainl.-c(1)].test=test[.-c(1)].
cl=train[,1].k=3)

+

> table(predictionkhN, test[,1])

e

.00
.52

.00

predictionkNN category_1 category_2 category_3 categoryv_4 category 5
category_1
category_2
category_3
category_4
category_5

=

465
18
23
12
21

45 26
29 33
478 9
15 463
33 B

> (table{predictionkKhN==test[,1]))/nrow(test)*100

FALSE

TRUE

18.63561 81.36439

Fig. 5. Prediction Accuracy Calculation

formulation. The prediction accuracy comes out to be 79.77% as shown below.

18
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> predictionSvM <- predict (svm_mode|, test[,-11)
> table(predictiondyM, test[,1])

predictionSVM category_1 category_2 category_3 category_4 category_D

category_1 457 2B 48 59 22
category_2 19 490 32 37 52
category_3 3 27 454 12 47
category_4 12 8 15 463 I
category_5 21 18 35 12 533

5
> (table(predictionS¥M==test[, 11)) /nrow(test)»100

FALSE  TRUE
20.23295 79.76705
Fig. 6. Prediction Accuracy Calculation

c) Random Forest

We are using the randomForest() function from randomForest() package. We are setting the number of tress to
be 500. Ntree represents the number of trees to grow. It should not be set to a small number, to check that every
input row gets predicted at least a few times.Training the model as show below. We are getting an accuracy of

80.366%.

> RF_pred <- predict(RF_model,test)

> table(RF_pred,test[,1])

RF_pred category_1 category_? category_3 category_4 category_5
category_1 458 28 45 58 21
category 2 20 433 31 34 52
category_3 23 23 468 10 47
category_4 12 10 17 456 80
category 5 21 17 34 7 540

>

> (table(RF_pred==test[.11))/nrow(test)=100
FalL SE TRUE

19.63394 B0.36606

Fig. 7. Prediction Accuracy Calculation
V. RESULTS

The various prediction accuracy results are put into a tabular format as shown below. The accuracy is low as we
had dealt with randomly generated numbers and this could be improved by taking actual working data set from the
organizations. As you can see from above table, the KNN algorithm performed better and gave better classification
accuracy compared to SVM and Random Forest. In terms of time taken also, the KNN took the least amount of time
for This helps in understanding the customer behaviour across various geographies and helps in forecasting and
planning and helps sales teams better regarding their sales targets.

Prediction Accuracy

81.5
81
80.5
80
79.5
79

78.5
KNN SVM RANDOM
FOREST

Fig. 8. Maximum accuracy achieved
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V1. CONCLUSION

KNN algorithm performed better and gave better classification accuracy compared to SVM and Random Forest.
KNN has taken the least amount of time for training. We have a number of products described by its attributes and
so we have achieved our goal to classify the different products into its right category by using 3 famous classification
algorithms — KNN, SVM and Random Forest and understood that KNN performed better than SVM and Random
Forest.
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