
  

  

Abstract—This paper introduces variable minimization with 

the advent of data mining techniques, particularly the cluster 

analysis using the K-means algorithm. The results of the 

simulation process validated the actual ranking of the variables 

in each category from the 407 records of student-respondents. A 

noticeable decrease of variables in determining the instructional 

performance of teachers in the Caraga Region, Philippines is 

evident in the simulation results. The variables that were 

clustered by the algorithm that conforms to have the lowest 

rank based on the actual survey was removed. Results showed 

that there were a total of fourteen (14) variables removed from 

the thirty-item survey questionnaire. In this case, it only proved 

that like any other data mining algorithms, the cluster analysis, 

particularly with the K-Means algorithm, is also effective in 

determining what variables in the data set to omit based on the 

groupings with the lowest rank it generated. 

 
Index Terms—Clustering, instructional performance, 

rank-based, K-Means, variable minimization.  

 

I. INTRODUCTION 

Data preprocessing is considered to be one of the foremost 

techniques that are useful in the knowledge discovery process 

[1]. Data reduction, as an essential preprocessing technique 

in data mining, is performed by selecting and deleting 

unnecessary features and or variables. Maximized accuracy 

through the reduced number of attributes [2] and better 

understandability and interpretability of results are among the 

many benefits perceived in data reduction [3]. 

It is well known that in some instances, reducing the 

original training set or variables by selecting the most 

representative information is advisable [4]. Reducing the size 

of the dataset is beneficial in increasing the ability of 

generalization properties of the model. It also helped in 

reducing problems in space and computational time as well as 

lessening the size of formulas obtained by an induction 

algorithm on the reduced datasets [5]. 

In this paper, another technique of data reduction is shown. 

The proposed approach is the use of cluster analysis mainly 

with the K-Means algorithm to validate the survey conducted 

and then perform the data reduction in those clusters with 

variables who obtained the lowest rank in the survey. 

 

II. RELATED LITERATURE 

In the era of data mining [6]-[8] and machine learning, data 
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reduction procedures play vital importance [9]. It aims to 

obtain a fast, accurate, and adaptable model that quickly 

respond to incoming changes due to low computational 

complexity [3].  

Different data mining techniques such as decision tree, 

attribute subset selections, clustering, data cube aggregation, 

and more are used for data reduction. [10]. Reducing samples 

called instance or horizontal reduction and reducing 

attribute/feature called vertical reduction are some of the 

many types of data reductions. Data reduction methods are 

dependent on the data mining methods used.  

Feature selection algorithms such as Information Gain 

Ratio (IGR) attribute evaluation, Correlation-based Feature 

Selection (CFS), Symmetrical Uncertainty (SU) and Particle 

Swarm Optimization (PSO) algorithms were used to improve 

the performance accuracy of MLP, Simple Logistic, Rotation 

Forest, Random Forest and C4.5 prediction algorithms [11]. 

A notion that reducing original training set or variables by 

selecting the most representative information is advisable, 

yet obtaining nearly the same result or data-driven output 

[12]. Minimizing the size of the dataset aids in increasing the 

ability of generalization properties of the model. It also 

helped in lessening the space and computational time as well 

as minimizing the size of formulas used by the algorithm on 

the execution process [13]. Maximized accuracy through the 

reduced number of attributes [14] and better 

understandability and interpretability of results are among the 

many benefits perceived in data reduction [15]. 

The use of genetic algorithm for data reduction to enhance 

the accuracy of a hybrid K-means and C4.5 prediction model 

through the integration of the crossover-improved genetic 

algorithm in the quest to elevate the prediction rate for 

students leaving the university was conducted. Results 

showed that the hybrid prediction model integrating the 

modified genetic algorithm to k-means segmentation and 

c4.5 algorithms yielded a higher prediction rate [16].  

A new crossover operator of the genetic algorithm called 

Cross Average Crossover was proposed. With the new 

crossover operator of the genetic algorithm, the variable 

reduction process on the dataset used has removed 90% of the 

variables converging to a global solution after ten generations 

compared to the traditional genetic algorithm which only 

removed 25%. The result showed that the reduction process 

after ten generations using the modified genetic algorithm 

outperformed the traditional genetic algorithm, but a 

degradation phenomenon [17] was depicted. The GA with 

CAX operator and rank-based selection function eliminated 

those individuals with higher fitness values due to the 

structure of its mating scheme [18].  

Further, the imperialist competitive algorithm (ICA), 

which is a type of evolutionary algorithm (EA), was used to 

optimize the artificial neural network (ANN). The result 
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showed that prediction using ICA-ANN model outperformed 

the ANN model when used alone [19]. Further, a model 

comprising the genetic algorithm and SVM for vaccine 

design was conducted. An average prediction with 93.50% 

accuracy on IEDB dataset was achieved while the accuracy 

of 95.125% was generated using Wang benchmark dataset 

[20]. Meanwhile, linear and nonlinear models using ARIMA 

and ANN respectively were used. The adaptation of hybrid 

methodology combining ARIMA and Deep Neural Network 

(DNN), which is an ANN model with multiple hidden layers, 

was considered as the optimal model for predicting roll 

motion compared to the non-hybrid models. It was found out 

that DNN-ARIMA hybrid model showed improved forecast 

accuracy and was identified to be very effective [21]. 

Furthermore, a study using the classification method in 

data reduction was conducted. The weighted k-nearest 

neighbor classifier was utilized to prove the importance of 

data reduction. After using uniform random sampling 

selection for data reduction in both direction-instances and 

attributes, accuracy is preserved, and an increase of execution 

time was observed [22]. 

Meanwhile, an algorithm called Edited Nearest Neighbor 

(ENN) for editing data was developed. The concept starts 

with S = T, where if instance in S does not agree with the 

majority of its k nearest neighbors, it is removed. Although, it 

does not reduce the data as much as other reduction 

algorithms do [23].  

Since cluster analysis is considered as one of the most 

important techniques in data mining, it has attracted more and 

more attention in this big data era [24]. It recognizes patterns 

or clusters from a set of objects. In general, data clustering 

divides set of objects into groups or clusters where the objects 

in the same cluster or group are identical to each other than to 

objects from the other clusters [25].  

This method is currently used in a wide array of 

application such that of government, education, market, 

health, and social science researches, image and pattern 

recognition and processing, web informatics, business, 

biology, geology, and other branches of science [26].  

The use of K-Means segmentation technique and C4.5 

algorithm to build a prediction model for customer loyalty in 

multimedia service provider was conducted. The integration 

of K-Means and C4.5 algorithm have yielded an increase of 

79.33% accuracy prediction from the identified 69.23% 

accuracy with the C4.5 algorithm alone [27]. 

With the use of the K-Means clustering algorithm, the 

quest to eliminate the cluster with variables that are 

considered to be the lowest in rank as identified in the result 

of the actual survey is conducted.  

 

III. METHODOLOGY 

The experimental result for clustering was implemented 

using KNIME (Konstanz Information Miner) [28] analytics 

platform. Fig. 1 shows the node structure of the K-means 

clustering executed in KNIME. The node for the K-Means is 

connected and then positioned after the node of the imported 

CSV file of the dataset. The node color manager comes after 

as it put distinctions to the results to be generated later. The 

node scatter plot shows the scatter plot of the clusters while 

the interactive table is used to view the result in a table 

manner. In the obtained results throughout the use of the 

KNIME analytics platform in performing k-means clustering, 

it is denoted that Cluster_0 is equal to Cluster 1 and Cluster_1 

is equal to Cluster 2. 

 

 
Fig. 1. Node structure of K-Means algorithm in KNIME. 

 

A. Data 

In this paper, a total of 407 records of student-respondents 

in the evaluation of the faculty instructional performance 

from the four State Universities and Colleges (SUC) in 

Caraga Region, Philippines were used as the datasets. There 

were thirty (30) variables that represent the faculty 

instructional performance having divided into six (6) parts 

viz., methodology, classroom management, student 

discipline, assessment of learning, student-teacher 

relationship, and peer relationship. Each category has five 

items. Each item are represented with a mean value obtained 

from the male and female student-respondents.  

B. Clustering 

Clustering algorithms divides the group of objects into 

clusters, where objects in each cluster are similar to each 

other [29].  K-means algorithm appears since 1965 and is by 

far the most used clustering algorithm due to simplicity in its 

implementation and effectiveness [30]. It is an unsupervised 

clustering with N*k*d scheme. K-means algorithm uses 

Euclidean distance to group a set of n data points to k cluster. 

The steps of the K-means algorithm are the following: 

1. Randomly select k centers to be used as initial centroids 

(A1, A2, … Ak) from the datasets.  

2. Assign each similar object centroids xi to cluster Cj. 

3. If all input data has been assigned, update the cluster 

centers to: 

1
j jj X C i

j

Z X
n



=                           (a) 

where nj is the number of data that belongs to cluster cj.  

4. If the result of the iteration is similar from the previous 

iteration, terminate the loop as the process of the k-means 

clustering has reached its stability. 

Fig. 2 shows the graphical representation of the processes 

of the K-means algorithm from the concept of [31]. 
 

TABLE I: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

METHODOLOGY 

Items Male Female 

1 3.273 3.132 

2 3.407 3.323 

3 3.407 3.393 

4 3.387 3.315 

5 3.28 3.222 
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Fig. 2. K-means nearest neighbour flowchart. 

 

 
Fig. 3. Clustering scatter plot. 

 

Table I shows the indexed datasets for the category 

Methodology. The first five items in the thirty-item survey 

questionnaire are represented by their mean value from the 

male and female respondents. 

 

 
Fig. 4. Clustering result for instructional performance in methodology. 

 

TABLE II: FACULTY INSTRUCTIONAL PERFORMANCE IN METHODOLOGY AS 

PERCEIVED BY THE STUDENT-RESPONDENTS 

Statement Rank 

1. utilizes varied designs/ techniques/ activities 

suited to the different types of learners. 
5 

2. explains learning goals and instructional 

procedures to the students. 
2 

3. uses real-life examples in the class to sustain 

students’ interest in learning. 
1 

4. creates a situation that encourages students to use 

critical thinking. 
3 

5. delivers accurate/ relevant/ updated content 

knowledge. 
4 

 

Fig. 4 shows the clustering result of each variable under 

the category methodology performed in KNIME. Variables 1 

and 5 belong to Cluster 1, while the rest belongs to Cluster 2. 

The result of K-Means algorithm proved that there is a 

similarity in the attributes between variables 1 and 5 and it 

conforms to the result in the survey questionnaire deployed 

that both items obtained the least rating from the student 

respondents. Table II shows that the least rating of the student 

respondent went to the items 1 and 5, making them the 5th 

and 4th in rank, respectively. In general, since items under 

Cluster 1 has the least rating, these variables will be removed. 

It also means that items under Cluster 2 are the most effective 

methodologies employed in the delivery of instruction as 

perceived by the student respondent. 

TABLE III: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

CLASSROOM MANAGEMENT 

Items Male Female 

1 2.987 3.012 

2 2.62 2.58 

3 3.027 2.922 

4 3.413 3.171 

5 3.267 3.276 

 

Table III shows the indexed datasets for the category 

classroom management. The next five items in the thirty-item 

survey questionnaire are represented by their mean value 

from the male and female respondents. 

 

 
Fig. 5. Clustering result for instructional performance in classroom 

management.  

 

Fig. 5 shows that variables 1, 3, 4, and 5 under the category 

classroom management belongs to Cluster 1, while variable 2 

belongs to Cluster 2. The result of the K-means algorithm 

proved that there is a similarity in the attributes between the 

variables in Cluster 1. It also conforms to the result in the 

survey questionnaire deployed that variable 2 in Cluster 2 

obtained the least rating from the student respondents making 

it the 5th in rank as shown in Table IV. Therefore, the item 

under Cluster 2 will be removed. It also means that items 

under Cluster 1 are the most effective classroom management 

scheme in the delivery of instruction as perceived by the 

student respondent.  

TABLE IV: FACULTY INSTRUCTIONAL PERFORMANCE IN CLASSROOM 

MANAGEMENT AS PERCEIVED BY THE STUDENT-RESPONDENTS 

Statement Rank 

1. establishes routines to maximize instructional time 3 

2. organizes and assign the daily cleaners. 5 

3. employs an effective system of the classroom 

set-up. 
4 

4. employs strategies to maximize the use of resources 

in learning activities. 
2 

5. implements rules/ policies inside the classroom 1 

TABLE V: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

STUDENT DISCIPLINE 

Items Male Female 

1 3.233 3.249 

2 3.14 3.128 

3 3.407 3.482 

4 3.467 3.497 

5 3.293 3.327 

 

Table V shows the indexed datasets for the category of 

student discipline. The third set of five variables in the 

thirty-item survey questionnaire are represented by their 

mean value from the male and female respondents. 

Fig. 6 shows the clustering result of each variable under 

the category student discipline performed in KNIME. 

International Journal of Machine Learning and Computing, Vol. 9, No. 5, October 2019

577



  

Variables 3, 4, and 5 belongs to Cluster 1 while the rest 

belongs to Cluster 2. The result of the K-means algorithm 

proved that there is a similarity in the attributes between 

variables 1 and 2. It also conforms to the result in the survey 

questionnaire deployed that both items obtained the least 

rating from the student respondents. Table VI shows that the 

least rating made by the student respondents went to item 1 

and item 2, making them the 4th and 5th in rank, respectively. 

Hence, variables 1 and 2 under Cluster 2 will be removed. It 

also means that variables under Cluster 1 are the most 

effective strategies in student discipline as perceived by the 

student respondent.  

 

 
Fig. 6. Clustering result for instructional performance in student discipline. 

TABLE VI: FACULTY INSTRUCTIONAL PERFORMANCE IN STUDENT 

DISCIPLINE AS PERCEIVED BY THE STUDENT-RESPONDENTS 

Statement Rank 

1. handles behavior problems with respect to the 

student’s rights. 
4 

2. imposes disciplinary sanction (s) to the 

misbehaving student (s). 
5 

3. encourages student to submit requirement on time. 2 

4. motivates students to respect each other. 1 

5. allows students to exercise their own creativity. 3 

TABLE VII: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

ASSESSMENT OF LEARNING 

Items Male Female 

1 3.054 3.163 

2 3.133 3.089 

3 3.293 3.25 

4 3.167 3.058 

5 3.087 3.086 

 

Table VII shows the indexed datasets for the category 

assessment of learning. The fourth set of five variables in the 

thirty-item survey questionnaire are represented by their 

mean value from the male and female respondents. 

 

 
Fig. 7. Clustering result for instructional performance in assessment of 

learning. 

 

Fig. 7 shows that variables 1, 2, 4, and 5 under the category 

assessment of learning belongs to Cluster 1 and is distant 

from variable 3 which belongs to Cluster 2. It also conforms 

to the result in the survey questionnaire deployed that 

variable 3 in Cluster 2 obtained the highest rating from the 

student respondents. The K-means algorithm grouped the 

variables 1, 2, 4, and 5 in one cluster and was ranked as 2nd, 

3rd, 4th, and 5th, respectively, as shown in Table VIII. 

Therefore, variables under Cluster 1 will be removed. It also 

means that variable 3 is the most effective assessment of 

learning scheme as perceived by the student respondent.  

Table IX shows the indexed datasets for the category 

student-teacher relationship. The fifth set of five variables in 

the thirty-item survey questionnaire are represented by their 

mean value from the male and female respondents. 

 
TABLE VIII: FACULTY INSTRUCTIONAL PERFORMANCE IN ASSESSMENT OF 

LEARNING AS PERCEIVED BY THE STUDENT-RESPONDENTS 

Statement Rank 

1. constructs a valid and reliable formative and 

summative tests. 
2 

2. uses appropriate non-traditional assessment 

techniques and tools (i.e. journals, rubrics, etc) 
3 

3. interprets and use test results to improve teaching 

and learning. 
1 

4. uses tools for assessing authentic learning. 4 

5. provides timely and accurate feedback to students. 5 

TABLE IX: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

STUDENT-TEACHER RELATIONSHIP 

Items Male Female 

1 3.433 3.362 

2 3.26 3.245 

3 3.4 3.233 

4 3.28 3.261 

5 3.207 3.16 

 

 
Fig. 8. Clustering result for instructional performance in the student-teacher 

relationship. 

 

Fig. 8 shows the clustering result of each variable under 

the category student-teacher relationship performed in 

KNIME. Variables 1 and 3 belong to Cluster 1. The K-means 

algorithm grouped the variables 2, 4, and 5 and is assigned in 

Cluster 2. In the survey questionnaire deployed, they were 

ranked as 4th, 3rd, and 5th, respectively as shown in Table X.  

Meanwhile, variables 1 and 3 under Cluster 1 topped and 

seconded the rank. Hence, variables 2, 4, and 5 under Cluster 

2 will be removed. It also means that variables under Cluster 

1 are the most effective strategies in establishing a 

student-teacher relationship as perceived by the student 

respondent. 

TABLE X: FACULTY INSTRUCTIONAL PERFORMANCE IN 

STUDENT-TEACHER RELATIONSHIP AS PERCEIVED BY THE 

STUDENT-RESPONDENTS 

Statement Rank 

1. encourages students to actively participate in the 

class/school activities. 
1 

2. allows students to communicate directly to him/her. 4 

3. provides equal opportunities for all students. 2 

4. promote teamwork among students. 3 

5. makes him/herself available to students. 5 

 

TABLE XI: INDEXED DATASET FOR INSTRUCTIONAL PERFORMANCE IN 

PEER RELATIONSHIP 

Items Male Female 

1 3.433 3.362 

2 3.26 3.245 

3 3.4 3.233 

4 3.28 3.261 

5 3.207 3.16 

 

Table XI shows the indexed datasets for the category peer 

relationship. The sixth and the last set of five variables to 

complete the thirty-item survey questionnaire are represented 

by their mean value from the male and female respondents. 
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Fig. 9 shows that variables 1, 4, and 5 under the category 

peer relationship belongs to Cluster 1, and variables 2 and 3 

belongs to Cluster 2. It also conforms to the result in the 

survey questionnaire deployed that variable 2 and 3 in Cluster 

2 obtained the least rating from the student respondents 

making them the 5th and 4th in rank respectively as shown in 

Table XII. Therefore, variables 2 and 3 will be removed. It 

also means that items under Cluster 1 are the most effective 

scheme in establishing peer relationship as perceived by the 

student respondent.  

 

 
Fig. 9. Clustering result for instructional performance in peer relationship. 

 
TABLE XII: FACULTY INSTRUCTIONAL PERFORMANCE IN PEER 

RELATIONSHIP AS PERCEIVED BY THE STUDENT-RESPONDENTS 

Statement Rank 

1. demonstrate appropriate behavior in dealing with 

students/peers/superiors. 
3 

2. manifest flexibility when deemed necessary. 5 

3. exhibit collegiality with colleagues. 4 

4. observe professionalism at all times. 1 

5. empathize other needs and concern. 2 

 
TABLE XIII: SUMMARY OF SIMULATION RESULTS USING K-MEANS 

ALGORITHM 

Category 

Number of 

Existing 

Variables 

Number of 

Variables 
Removed 

Variables/ Items 
Removed 

1 5 2 1,5 

2 5 1 2 

3 5 2 1,2 

4 5 4 1,2,4,5 

5 5 3 2,4,5 

6 5 2 2,3 

 

Table XIII presents the simulation result having listed the 

number of variables removed in each category. 

 

IV. CONCLUSIONS 

The K-means clustering algorithm proved to be an 

effective mechanism in optimizing variables in the datasets. 

The variables that have the highest and lowest mean value 

were clustered correctly. The results of the simulation were 

compared and are matched to the actual ranking of every item 

in each category on the survey questionnaire deployed. Those 

clusters with the lowest rank were removed. It is showed that 

category four (4) has the most number of variables removed 

as evident in the centroid distance determined by the 

algorithm.  
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