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FOREWORD 

 

ULTIMA Greetings!  

Ultimatics : Jurnal Teknik Informatika is the Journal of the Informatics Study Program at 

Universitas Multimedia Nusantara which presents scientific research articles in the fields of 

Computer Science and Informatics, as well as the latest theoretical and practical issues, including 

Analysis and Design of Algorithm, Software Engineering, System and Network Security, 

Ubiquitous and Mobile Computing, Artificial Intelligence and Machine Learning, Algorithm 

Theory, World Wide Web, Cryptography, as well as other topics in the field of Informatics. 

Ultimatics : Jurnal Teknik Informatika is published regularly twice a year (June and December) 

and is published by the Faculty of Engineering and Informatics at Universitas Multimedia 

Nusantara. 

In this June 2022 edition, Ultimatics enters the 1st Edition of Volume 14. In this edition there are 

seven scientific papers from researchers, academics and practitioners in the fields of Computer 

Science and Informatics. Some of the topics raised in this journal are: Sentiment Analysis of An 

Internet Provider Company Based on Twitter Using Support Vector Machine and Naïve Bayes 

Method, The Influence of KMS Trello on the Intern Performance CDC UIN Jakarta, The 

Development of UMS Building Catalogue Information System, Feature Extraction using Lexicon 

on the Emotion Recognition Dataset of Indonesian Text, Elicitation of Needs Using User Personas 

to Improve Software User Experience, E-Business Software Product Line Methodology Based on 

SMEs Characteristics and Teakwood Grade Identification with GLCM and K-NN with Adaboost 

Optimization. 

 On this occasion we would also like to invite the participation of our dear readers, researchers, 

academics, and practitioners, in the field of Engineering and Informatics, to submit quality 

scientific papers to: International Journal of New Media Technology (IJNMT), Ultimatics : Jurnal 

Teknik Informatics, Ultima Infosys: Journal of Information Systems and Ultima Computing: 

Journal of Computer Systems. Information regarding writing guidelines and templates, as well as 

other related information can be obtained through the email address ultimatics@umn.ac.id and the 

web page of our Journal sini. 

Finally, we would like to thank all contributors to this June 2022 Edition of Ultimatics. We hope 

that scientific articles from research in this journal can be useful and contribute to the 

development of research and science in Indonesia.  

 

June 2022,  

 

 

 

M.B.Nugraha, S.T., M.T.  

Ketua Dewan Redaksi 

  

mailto:ultimatics@umn.ac.id
https://ejournals.umn.ac.id/index.php/TI/
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Abstract— Tweets from users in the form of opinions 

about a product can be used as a company evaluation of 

the product. To obtain this evaluation, the method that 

can be used is sentiment analysis to divide opinions into 

positive and negative opinions. This study uses 1000 data 

from Twitter related to an internet service provider 

company where the data is divided into two classes, 

namely 692 positive classes and 308 negative classes. In 

the Tweet there are still many words that are not 

standard. Therefore, previously carried out the initial 

process or preprocessing to filter out non-standard 

words. Before doing the classification, the data needs to 

be divided into training data and test data with a ratio of 

90:10, then processed using the Support Vector Machine 

and Naïve Bayes techniques to get the results of the 

classification of positive opinions and negative opinions. 

The level of accuracy in the classification using the 

Support Vector Machine is 84% and using Naïve Bayes is 

82%. 

Index Terms— Internet Provider; Naïve Bayes; 

Sentiment Analysis; Support Vector Machine; Twitter. 

I. INTRODUCTION 

The internet has developed very rapidly to date in 

influencing media and communication. One of the 

factors supporting the success of the Internet in 

Indonesia is that infrastructure development has 

reached remote areas in Indonesia [1]. This can be 

proven by the increasing use of social media. Social 

Media is an Internet service most commonly used by 

Indonesian citizens. One of them is Twitter. 

Twitter is used for various things such as sharing 

personal things, using it to sell, to reporting an opinion 

to a brand or company. Information shared on Twitter 

is typically 140 characters long [2]. In general, a 

company uses social media to gather information about 

the goods or services they offer. The most common use 

of social media by companies is to use social media for 

marketing activities and social media for customer 

service [3]. Therefore, the opinion group of Twitter 

users will be influenced by the emotions (emotions) that 

are classified in order to determine their polarization, 

namely positive opinions or negative opinions. 

Sentiment analysis is the process of using text 

analysis to derive various data sources from the Internet 

and various other social media platforms. One of the 

purposes of sentiment analysis is to get someone's 

opinion on a company service and then classify that 

opinion into positive opinions and negative sentiments 

[4]. In conducting sentiment analysis, the technique 

used to retrieve data from Twitter uses the Crawling 

technique which requires API permission from the 

platform itself. Furthermore, the techniques for 

classifying the tweet data are Support Vector Machine, 

KNearest Neighbor, and Naïve Bayes [5]. By using this 

method, it produces a classification between two 

categories, namely positive opinions and negative 

opinions, where the results can be useful for observers 

of the company's data to determine the next marketing 

strategy. 

II. THEORY 

A. Sentiment Analysis 

Sentiment analysis is one of the methods used to 

identify an opinion or sentiment expressed using a text 

or document and how that opinion is categorized as 

positive opinion and negative opinion. Basically, 

sentiment analysis tries to assess a different aspect of 

the standard language in order to help an agency or 

company to get positive opinions as well as negative 

opinions about the products they offer [6]. Sentiment 

itself can be interpreted as an emerging concept in 

which everyone's different emotions are determined 

from the content of the text, so that it can be processed 

to extract the opinions and sentiments of many people. 

In sentiment analysis, there are 3 opinions that can 

be a reference for agencies or companies to obtain 

information on the quality of the products offered, 

namely positive opinions, negative opinions, and 

neutral opinions [7]. Sentiment refers to several topics, 

opinions on certain topics have different meanings from 

other opinions that are the same on other subjects. 

Analyst sentiment is usually used to determine the 

quality of services or the quality of a product from an 
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agency or company that wants to develop the services 

or products offered [8]. 

Sentiment analysis is a new part of research in 

Natural Language Processing (NLP) which aims to find 

subjectivity in texts or documents to classify opinions 

or sentiments. In the sentiment classification procedure, 

there are three techniques that can be used, namely 

Machine Learning, Lexicon Based, and Hybrid 

Approach. At this time, sentiment analysis is widely 

used using the Machine Learning method because this 

method is closer to the prediction of sentiment polarity 

based on the data that has been prepared [6]. 

B. Data Crawling 

Crawling is a method of collecting data from a 

source to be analyzed or processed. Crawling is the first 

stage that is usually used to analyze the sentiments of 

social media users towards a product or service. 

Crawling can also be interpreted as a method of quickly 

gathering large numbers of web pages into a local 

storage and indexing them based on specified keywords 

[8]. Sentiment analysis usually uses the Crawling 

method on Twitter social media by utilizing the features 

provided by Twitter, namely Application Programming 

Interface Systems (APIs) [9]. 

Twitter provides features APIs that can be utilized 

using the crawling method to generate a collection of 

text data based on the desired keywords. Crawling 

tweet data on twitter is a method to get tweet data from 

twitter that gets data from the twitter server by utilizing 

these APIs features in the form of username data and 

tweet data as needed [9]. 

The data crawling method on Twitter is mostly done 

using the python programming language by utilizing 

the tweepy library provided by the python. That way, 

twitter data collection will be easier to obtain using the 

help of the python library and the APIs feature of twitter 

[10]. 

C. Preprocessing 

 Preprocessing is the stage of sentiment analysis to 

make documents more structured so that they are ready 

for analysis [7]. The steps taken for the preprocessing 

of this research are Case Folding, Cleansing, 

Tokenizing, Normalization, and Stopword Removal. In 

processing text mining data, it is necessary to carry out 

this stage [7]. 

1. Case Folding 

One of the steps of the text pre-processing stage 

which serves to convert all letters in the document 

to lowercase. This step is done to make the search 

easier. 

2. Cleansing 

Cleansing is one of the steps used to remove 

links, mentions, hashtags, URLs, punctuation 

marks, numbers, and one letter. The purpose of this 

stage is to make the data used tidier for the next 

stage of text preprocessing. 

3. Tokenizing 

This stage is used to make sentences or 

documents into words or tokens. This stage needs to 

be carried out for the next stage, namely changing 

all words that have wrong writing and are 

abbreviated. This stage is also carried out to carry 

out the word weighting stage. 

4. Normalization 

After carrying out the Tokenizing stage, the next 

stage to do is the normalization stage, where this 

stage is used to change all words that have incorrect 

writing and are shortened to the words they should 

be. This stage is used so that there is no 

misunderstanding of the meaning of each word. 

5. Stopword Removal 

The next step used for the text preprocessing 

process in this research is stopword removal. This 

stage is used to delete words that do not have 

important meaning. 

D. Term Frequency – Inverse Document Frequency 

(TF-IDF) 

Term Frequency-Inverse Document Frequency 

(TF-IDF) is a process for analyzing the interaction 

between phrases or sentences with multiple documents. 

The term frequency-reverse document frequency (TF-

IDF) is the number of words available in a document. 

At the same time, the TF-IDF metric is statistical data 

that shows the importance of words in a data set or 

document [8]. Term frequency (TF) is an aspect that 

decides the weight of a word in a document based on 

the number of its presence in the document. When 

assigning weights to a word, the value of the number of 

occurrences of the word (term frequency) must be 

considered. The greater the weight given to the word, 

the greater the weight on a document, or provides a 

greater application value. 

Inverse document frequency (IDF) is one aspect that 

reduces the excess of terms that often appear in 

documents. This is needed because terms that often 

appear in documents can be considered as general 

terms, so these terms are considered unimportant [5]. 

On the other hand, the term “scarcity factor in document 

collection” should be considered when determining the 

weights. TF-IDF can be disclosed namely: 

  𝑇𝐹 −𝐼𝐷𝐹𝑡, 𝑑 = 𝑇𝐹𝑡, 𝑑 × 𝐼𝐷𝐹𝑡 (1) 

Where IDFt = log N/DFt 

t    = counted words, 

d    = sentence weight (d), 

TF-IDFtd  = sentence weight (d) against word 

(t), 
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Tftd   = Term Frequency, 

IDFt  = Inverse Document Frequency, 

N    = number of sentences, 

DFt   = number of words repeated 

E. Support Vector Machine 

A method used for linear classification is the 

Support Vector Machine (SVM), which can 

approximate the best ignition path, such as the separator 

between two categories. The supporting vector machine 

uses a linear function hypothesis space in the operation 

of high-dimensional features. The basic principle is 

linear classification, then it was developed to solve 

nonlinear problems by adding the concept of kernel 

techniques to high-dimensional workspaces [11]. 

  a(B) = c𝑥∅(B)+d (2) 

That is, B is a feature vector, c is a vector of 

different weights, is a function of non-linear mapping, 

and attribute d is a vector. 

F. Naïve Bayes 

Naïve Bayes is a classification method which holds 

that each term occurs as independent. In general, Naïve 

Bayes approach to probability or probability. The Naïve 

Bayes algorithm basically predicts future probabilities 

from past experiences [12]. 

 𝑝(𝐶𝑘 | 𝑥 ) =
𝑝(𝐶𝑘)𝑝(𝑥|𝐶𝑘)

𝑝(𝑥)
  (3) 

The above formula explains where P(x|C𝑘) is a 

conditional probability of the word x occurring in 

documents of class (C𝑘), P(C𝑘) is the previous 

probability of the dataset that has occurred in class C𝑘. 

P(x|𝑐𝑘) and P(𝑐𝑘) are estimated from the available data. 

G. Evaluation 

Evaluation was conducted to determine the 

accuracy of the modeling that has been applied to both 

methods. Then compare the results of two different data 

sets by applying the confusion matrix method. 

Confusion Matrix is a process that is generally used in 

data mining to calculate the level of accuracy. A 

classification system produces classification results and 

information will be loaded about the classification that 

has been correctly predicted by the Confusion Matrix 

[12]. Accuracy, Precision, and Recall are parameters to 

test the performance of calculations that have been 

done. Precision (P) is a parameter to find out how many 

results of processing that are relevant to the information 

you want to search for or with other bonds, namely the 

positive classification that is true (true positive) and the 

overall data which is predicted to be i-positive class. 

Precision can be obtained using equation [5]. 

 P = 
𝑡𝑝

𝑡𝑝+𝑓𝑝
  (4) 

Recall (R) is how many irrelevant documents in the 

collection generated by the system or with other 

bindings are the number of documents which have a 

true classification positive (true positive) and all 

documents including true negative (true positive ones). 

Recall can be obtained by using equation [5]. 

 R = 
𝑡𝑝

𝑡𝑝+𝑓𝑛
  (5) 

Furthermore, Accuracy (A) is the number of 

documents that are classified correctly, either true 

positive or true negative. Accuracy can be obtained by 

using equation [12]. 

 A = 
(𝑡𝑝+𝑓𝑛)

(𝑡𝑝+𝑓𝑝+𝑡𝑛+𝑓𝑛)
 (6) 

 

Variables such as TN, TP, FN, and FP are derived 

from the confusion matrix [5]. 

TN = True Negative 

TP = True Positive 

FN = False Negative 

FP = False Positive 

III. METHOD 

In this analysis, there are steps that are followed, 

namely generating tweet data from twitter using the 

twitter data crawling method, then the data is processed 

into more structured data using the preprocessing 

method, then the data classification uses the Naïve 

Bayes classification algorithm and the Support Vector 

Machine. 

 
Fig 1. Flow of the Great Research Process 
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Fig 2. Classification Process Flow 

Figure 1 shows the large process flow that was 

carried out to complete this research. Figure 2 shows 

the classification flow after the data has been structured 

through the text preprocessing process, involving two 

classification algorithms Naïve Bayes and Support 

Vector Machine [13]. 

IV. RESULT 

The analysis process is carried out by testing and 

analyzing based on the results of sentiment analysis of 

Indonesian-speaking Indihome users on the Twitter 

platform using the Naive Bayes classification algorithm 

and Support Vector Machine [14]. 

A. Data 

The tests carried out in this analysis used 1000 tweet 

data from Twitter with the keyword 'indihome' in 

Indonesian. This test uses 2 classes, namely positive 

and negative classes. The data collection is carried out 

using the Crawling technique that utilizes the tweepy 

library from the Python programming language. After 

that, labeling positive and negative sentiments on the 

dataset is done manually. For manual labeling of 

positive and negative sentiments, there should be the 

help of linguists in determining the positive or negative 

sentiments of an opinion. The author only uses two 

classes of sentiment, namely positive and negative 

because the author wants a more conical conclusion 

between the two classes. 

TABLE I. TOTAL DATASET LABELS 

Total Dataset Labels 

Positive 692 

Negative 308 

Total 1000 

 

B. Text Preprocessing 

After getting the dataset from the Crawling results 

and labeling positive and negative sentiments, the 

dataset needs to be changed into more neat and 

structured data to be processed using the Naïve Bayes 

algorithm and Support Vector Machine. Example of 

Text Preprocessing output based on the example of 

Table 2. 

TABLE II. EXAMPLE OF TEXT PREPROCESSING 

Before After 

indihome knp LOS dari 

tadi pagi?? ku mau 

drakoran help 

@IndiHomeCare 

indihome kenapa los 

dari tadi pagi aku mau 

drakoran help 

 

The Text Preprocessing step is needed to prepare 

the data so that the dataset becomes neater and more 

structured. Text Preprocessing has several stages in it, 

namely Case Folding, Cleansing, Tokenizing, 

Normalization, and Stopword Removal. 

C. TF-IDF 

After the dataset goes through the text 

preprocessing stage, then the dataset through the TF-

IDF method functions for word weighting. Word 

weighting is needed to process datasets using the Naïve 

Bayes algorithm and Support Vector Machine. 

Example of term weighting based on Table 3. 

TABLE III.  TF-IDF WORD WEIGHTING EXAMPLE 

Term Weight 

indihome 0.087980 

banget 0.028923 

rumah 0.026522 

lambat 0.026136 

kasih 0.022233 

 

 Word weighting utilizes the Scikit-learn library 

found in the Python programming language. The 

example in Table 3 shows 5 words that often appear in 

the dataset [15]. 

D. Classification Method 

In this analysis, the classification process is carried 

out using two Naïve Bayes classification algorithms 

and the Support Vector Machine. From the results of 

the two classification methods have different accuracy 

values. The classification process is carried out using 

the Scikit-learn library contained in the Python 

programming language using the Naïve Bayes 

algorithm and the Support Vector Machine. 

Before carrying out the classification method, the 

dataset needs to be divided into two parts including 

training data and test data. The ratio used in this study 
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uses 90:10 because according to research that has been 

done previously, it can be concluded that the higher the 

value of the training data, the better the level of 

accuracy obtained in the method used. The training data 

serves to train the model to recognize the existing 

patterns in the dataset, while the test data is used as test 

data for the classification method. In this study, the 

training data contained 90% of the dataset and the test 

data contained as much as 10% of the dataset. The 

results of testing the Naïve Bayes classification 

algorithm and Support Vector Machine are shown in 

Figure 3 and Figure 4 

 
Figure 3. Results of the Naïve Bayes method 

 
Figure 4. Results of the Support Vector Machine Method 

The figure shows the results of Accuracy, Precision, 

Recall, and F1 Score from the two different 

classification methods, it can be seen that the accuracy 

generated in the Support Vector Machine calculation is 

higher than Naïve Bayes, namely the Accuracy value in 

the Support Vector Machine method is 84% while the 

accuracy value in the Support Vector Machine method 

is 84%. Naïve Bayes method is 82%. 

E. Model Evaluation 

The evaluation process uses a Confucian Matrix 

table to evaluate the results of the Naïve Bayes 

classification algorithm and Support Vector Machine. 

The results of the model evaluation can be seen based 

on Figure 5 and Figure 6 

 
Fig 5. Evaluation of Naïve Bayes 

 
Fig 6. Evaluation of Support Vector Machine 

From the evaluation value of the image above, it 

shows that the two classification methods carried out on 

this research dataset still have errors in classifying 

positive and negative sentiments, where both 

classification methods still place the positive sentiment 

class on negative sentiment, and vice versa. 

V. CONCLUSIONS 

In the results of research calculations that have been 

completed related to Indihome customer sentiment on 

Indihome services using the Naïve Bayes classification 

algorithm and Support Vector Machine to get the 

accuracy value, namely the accuracy of the Support 

Vector Machine algorithm is greater than the Naïve 

Bayes classification method. For this reason, in this 

study using 1000 Indihome customer datasets on the 

Twitter social media platform, the Support Vector 

Machine method is a better method than the Naïve 

Bayes method. Data is collected for 3 months starting 

from February 2021 to April 2021. 

However, this research still has several 

shortcomings, namely the process of labeling positive 

and negative sentiments is done manually which 

produces more negative sentiments than positive 

sentiments. There are differences from the data labeling 

that is applied manually to test the model using the class 

prediction results from the model classification results. 

In addition, this study only uses 1000 datasets. The 
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accuracy of the Naive Bayes method is 82% while the 

Support Vector Machine is 84%. 
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Abstract— Trello is software used for knowledge and 

project management. The ease of appearance and 

integration with Google Drive makes the UIN Jakarta 

Career Development Center interested in using Trello as 

a workspace for their intern. The problem of this 

research stems from the number of interns with non-

technological backgrounds and this is the first time using 

this tool. So the purpose of this study is to see the effect of 

Trello software on the intern performance and to see the 

difference in influence between technology and non-

technological interns. The research was conducted using 

a qualitative method, namely conducting interviews with 

5 interns from each existing division and also making 

direct observations of their work through the WhatsApp 

Group within a period of 2 months. 

Index Terms— Career Development Center UIN 

Jakarta; Intern Performance; KMS; Trello. 

I. INTRODUCTION 

In the current era of globalization, competition has 

begun to fade and is slowly being replaced by 

collaborating with each other. Collaboration is the 

action of the parties to produce a "win-to-win" decision 

so that it can explain and implement the practices of two 

or more parties with the aim of achieving the common 

goals that have been agreed at the beginning [1]. The 

collaboration process will create more innovations and 

benefits for the collaborating parties. 

There is a lot of software that can be used as a 

collaboration medium at this time and also functions as 

a Knowledge Management System (KMS), one of the 

applications that is widely used is Trello [2]. Trello 

offers ease of use and a user-friendly interface that 

makes it very easy to use [3]. Trello users are dominated 

by students and workers because this application is 

widely used as a work collaboration application 

between teams so that they can exchange ideas and 

collaborate with one another. 

UIN Jakarta Career Development Center is a self-

development and career service unit that accommodates 

students and alumni of UIN Syarif Hidayatullah 

Jakarta, as well as the general public to develop 

themselves and prepare excellent careers for them. UIN 

Jakarta Career Development Center also helps 

disseminate information related to job vacancies, 

internships, as well as training or seminars related to 

self and career development [4]. 

Almost all workers who help in UIN Jakarta Career 

Development Center events and activities are students 

who are Season I and Season II Interns of UIN Jakarta 

Career Center. The collaboration software that is used 

to monitor the performance of the intern and as their 

workspace is Trello. Interns can add their jobs and 

documents via the card according to the program being 

run by the UIN Jakarta Career Center. All of their work 

can be directly documented into Google Drive if the 

Trello account is linked to the board owner's Google 

Drive account. 

The application of knowledge management is 

considered important to improve the performance of 

employees [5][6]. In addition to knowledge 

management, human resource management also affects 

employee performance[7][8]. Some of the benchmarks 

that researchers use to measure the performance of the 

UIN Jakarta Career Development Center interns, 

including personal knowledge, job procedures, and 

technology literacy [9]. The results of this internal 

performance report are used as routine evaluation 

material for the UIN Jakarta Career Development 

Center in maintaining human resources who are the 

driving force for all forms of activities and events run 

by this organization. 

KMS (Knowledge Management System) is a 

technology that is useful for improving employee 

performance and productivity. The ease with which 

interns feel when they want to document or ask for help 

from other colleagues can affect their work 

performance and productivity. The arrival of the new 

interns in Season II makes the adaptation of using 

Trello start at the starting point again. 

The problem that is the focus of this research stems 

from the number of interns who do not come from a 

technology education background so they are not 

familiar with these tools and there are even some of 

them who are using Trello tools for the first time as their 

collaborative workspace. 

On this basis, this study aims to determine how 

influential the Trello software which is used as a 

Knowledge Management System on the performance of 
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the UIN Jakarta Career Development Center interns and 

to see the difference in the influence of understanding 

the use of Trello software between technology and non-

technological interns so that they can continuous 

improvement is carried out to increase the value of the 

organization. In addition, the results of this research can 

be used as further evaluation material for the UIN 

Jakarta Career Development Center to maintain Trello 

as their collaboration workspace and KMS or replace it 

with other software. 

II. LITERATURE REVIEW 

A. Knowledge Management System 

Knowledge management can be interpreted as a 

scientific discipline that is useful for an organization or 

company in encouraging the creation, sharing, and 

development of knowledge in the organization or 

company [10]. The focus in Knowledge management is 

on the process, creation, acquisition, refinement, 

storage, transfer, sharing, and utilization of knowledge 

[11]. The process of implementing knowledge 

management requires 3 main factors, namely humans, 

technology, and processes. 

To support optimizing the application of knowledge 

management, an organization can use a Knowledge 

Management System (KMS) as a fulfillment of 

technological factors for the collaboration process in 

the company to build a sharing habit in the company 

[12]. KMS is useful for sharing new information and 

knowledge obtained by employees and company 

officials, making it easier for employees to learn deeply 

about the company, and creating with this knowledge 

new innovations can be created to develop the products 

offered by the company [13]. 

B. Trello Software 

Trello is a website and application-based software. 

Trello is referred to as a work management tool where 

teams can plan, collaborate on projects, plan 

workflows, and track each other's work progress so that 

it can be used as software to share knowledge together 

[3]. In Trello, there are many features that will help in 

project and knowledge management, including a 

calendar that can be used to create a scheduling 

schedule. 

For knowledge storage, all files in the form of PDF 

files, documents, videos, and photos can be stored on 

Trello. Then the file can also be saved to the 

organization's Google Drive, making it very easy to 

share knowledge and store data. 

C. Internship Program 

 according to[14], the internship program is intended 

as a program to adjust the existing industry needs with 

the material that has been studied during college 

students so that there is a real implementation of the 

theory that has been given. The internship program is 

regulated in Indonesian law, namely in Permenaker No. 

6 Year 2020 [15], where it is stated that apprenticeship 

is part of the job training system by working directly 

under the guidance of competent workers in order to 

master certain skills or expertise. For some universities, 

the Internship program is one of the graduation 

requirements which is usually referred to as PKL (Field 

Work Training). 

D. Performance assessment 

 Performance appraisal is used as a measuring tool 

that determines whether workers in an organization 

have provided maximum work results and carry out 

work according to applicable standards and carry out 

assessments that measure the strengths and weaknesses 

of these workers for further improvement [16]. 

according to [17], there are 5 work indicators, 

including: 

1. Quality of work, related to work results, such 

as work tidiness, skills, conformity with 

deadlines, and others. 

2. Quantity of work, related to targets such as the 

ability to carry out instructions, the ability to 

complete several jobs, and others. 

3. Attendance, namely the presence of workers 

according to working time at events and daily 

at the office. 

4. Cooperation, namely the ability to do work 

together 

5. Initiative, namely the ability to decide 

something without having to be given a 

command, and do what should be done well. 

III. METHOD 

According to [18] Research method is a scientific 

method used to obtain data, facts, and information 

needed for certain purposes and uses. 

A. Research methods 

In this study, the researcher used a qualitative 

approach with a descriptive method. Qualitative 

approach according to [13] is a research approach 

method with a theoretical explanation of the data that 

emphasizes the perspective, definition, and 

interpretation of the informant with the direction and 

purpose of leading to an understanding of a problem 

based on their views. 

While the descriptive method is a method that 

describes, explains, and answers the problem of a 

phenomenon or the relationship between variables and 

the phenomenon [19]. 

The use of the descriptive qualitative method was 

chosen because the researchers wanted to know more 

about their opinions from the perspective of each intern 

from various divisions regarding the Trello software 

used as a KMS and their workspace during their 
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internship at the UIN Jakarta Career Center. 

Researchers also want to know their opinion on how 

influential this software is on their daily performance so 

that it can be a material for continuous improvement for 

the UIN Jakarta Career Development Center in the 

future regarding this KMS. 

B. Data collection technique 

 The researcher used a qualitative approach with 

several data collection techniques, namely by 

conducting observations, interviews with several 

informants, and looking for references related to 

research topics from several literature studies. 

1. Observation 

In general, observation is making observations 

on the behavior of others, and noting interesting 

things that are found [20]. In this study, 

observations were made by observing the work 

processes that occurred at the UIN Jakarta Career 

Development Center Intern. Interaction between 

Interns is carried out through WhatsApp Groups 

and observing work progress at Trello for 2 months 

since October 2021 

2. Interview 

Interview is a data collection technique by 

asking several questions related to a topic directly 

to the informant [20]. Interviews were conducted 

online via WhatsApp calls directly to the specified 

informants. Interviews were conducted using the In-

Depth Interview technique [21] where questions are 

submitted spontaneously and informally between 

the researcher and one person. 

There were 5 informants who were interviewed 

regarding the topic of this research. Researchers 

used purposive sampling method in selecting 

informants from each division at UIN Jakarta 

Career Center 

3. Literature review 

Literature study is a data collection technique 

that is carried out indirectly, but through other 

media in accordance with the research being 

researched [22]. To support the research and 

complete the information, the researchers used 

additional references from various books, journal 

articles, websites, and from previous research. 

IV. RESULT AND DISCUSSION 

A. Characteristics of Informants 

In qualitative research, people who are used as 

sources of research data are referred to as informants. 

Because this study focuses on the performance of the 

UIN Jakarta Career Development Center Interns, the 

informants in this study are 5 season I and Season II 

UIN Jakarta Career Development Center interns, with 

characteristics as shown in Table 1 below. 

The selection of informants in this study used a 

purposive sampling method, where the researcher 

selected samples based on needs and also on the 

consideration that the selected samples could represent 

certain groups or groups [23]. The five selected 

informants are representatives from each division at the 

UIN Jakarta Career Center. In addition, informants 

were also taken from Season I and Season II interns so 

that they can see the differences of opinion that will be 

conveyed by them later. 

TABLE I.  INFORMATION CHARACTERISTICS 

Initial

s 
Profile Position 

SA Lecturer at UIN Jakarta 
Head of UIN Jakarta 

Career Center 

SH 
Islamic Communication 

and Broadcasting, 2018 

Administration Intern, 

Season I 

KD Islamic Banking, 2018 
Event Management Intern, 

Season I 

MI Information Systems, 2019 
Data Specialist Intern, 

Season II 

AL Information Systems, 2019 
Social Media Intern, 

Season I 

  

 The researcher met SA as the first informant to ask 

permission to conduct research because the results of 

this study can be used as materialcontinuous 

improvementfor the UIN Jakarta Career Development 

Center in the future. SA gave permission for the 

researcher to conduct interviews with SA and other 

informants (SH, KD, MI, and AL). The interview 

process was carried out online using a WhatsApp call 

on December 10, 2021 at different times. Interviews 

were conducted semi-formally so that the informants 

could comfortably convey their answers in detail and 

depth (depth interview). The interview time for each 

informant is different, with a time span of 10 – 20 

minutes per informant. 

B. Result Category 

Based on the results of interviews and observations 

made, the researchers selected relevant data between 

the subject matter and the topic under study. Then 

several categories were generated related to the 

application of knowledge management, KMS Trello, 

and the internal performance of the UIN Jakarta Career 

Center. After the data is reduced, 3 categories of results 

are obtained, namely: 

1. Human Resources 

The success of implementing knowledge 

management cannot be separated from the role of 

human resources in the organization. The human 
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resources owned by the UIN Jakarta Career 

Development Center are almost entirely students of 

UIN Jakarta who do volunteer internships at the 

UIN Jakarta Career Center. 

The HR selection process is also carried out in 

stages and through a rigorous selection process. The 

total number of interns at the UIN Jakarta Career 

Development Center is 40 people (10 Season I 

interns and 30 Season II interns). Qualified human 

resources and the right technology will support the 

increase in productivity and value of the UIN 

Jakarta Career Center. The following is an excerpt 

from an interview with Informant I: 

• SA: “Me and the coordinators held a closed 

workshop with the theme of offline public 

speaking in October 2021, so that they could 

have knowledge for themselves and disseminate 

it to other internal friends who were unable to 

attend at that time through KMS Trello. I also 

often share information on webinars for them to 

participate in in order to add value to themselves 

and they can apply it at the UIN Jakarta Career 

Development Center later.” 

The coordinator supports HR management and 

knowledge transfer through workshops and 

webinars in order to gain knowledge for internal 

staff. And the documentation is stored in KMS 

Trello. Other informants described the activities 

they participated in during their time as interns, 

including: 

• SH: “I really like things related to journalism 

and was assigned as a publication review team 

too, so that some time ago an online workshop 

was held to write, and I attended the workshop.” 

• KD: "I often follow the webinars shared by SA's 

mother because I like to learn new things" 

• MI: "Because I just entered as part of the 

internal Career Development Center of UIN 

Jakarta, I am very active in participating in all 

activities to increase my knowledge and I will 

share it with my friends in my division" 

• AL: “I was the first intern here so I gained a lot 

of knowledge from attending meetings with 

Mrs. SA, attending webinars, video conference 

meetings with partners, and of course 

workshops held by the UIN Jakarta Career 

Center” 

Based on some excerpts from these interviews, 

it can be concluded that HR management at the UIN 

Jakarta Career Development Center related to 

knowledge sharing is carried out through seminars 

and workshops which are then distributed to other 

internal friends who do not attend these activities 

through KMS Trello. 

 

 

2. Knowledge management 

Knowledge management It is closely related to 

two types of knowledge, namely explicit knowledge 

(documented knowledge) and tacit knowledge 

(internal knowledge). Knowledge management at 

the UIN Jakarta Career Development Center 

according to several informants is as follows: 

• SA: “Knowledge is a valuable thing for us. 

Moreover, the status of friends here is as an 

intern for a period of 6 months. So we manage 

their knowledge very well. We hold monthly 

reports to share knowledge and gather 

knowledge in one month then the admin team 

will save the minutes as documentation” 

• SH: "As the admin team, I am in charge of 

writing meeting minutes as a way to store the 

knowledge gained during the meeting." 

• KD: "The knowledge that I get from various 

webinars, I usually share directly with event 

friends so that it can become new insights for the 

next event, and is immediately greeted by group 

discussions by my usual friends" 

• MI: “Because I am a data team, so we manage 

the existing knowledge in our database and then 

it will be visualized in the next monthly report, 

or in some activities that require visualization of 

the collected data” 

• AL: “I often share the knowledge I get here on 

my personal social media, or use it as content 

feeds on the UIN Jakarta Career Development 

Center Instagram which I dropped first on Trello 

to get feedback” 

Knowledge management for tacit knowledge, it 

is done by disseminating information between 

individuals and between divisions and also 

visualizing the knowledge that has been obtained 

every month in monthly reports so that knowledge 

can be distributed to other individuals and divisions. 

For explicit knowledge that is applied, namely 

storing the results of the minutes, division monthly 

reports, and also content posted on Instagram on 

KMS Trello. 

3. Sharing and Storage the Knowledge 

Trello is a KMS used by the UIN Jakarta Career 

Development Center as a tool for sharing and 

storing the knowledges. 

• SA: “We use Trello because it's free and very 

easy to use. Since Season I, our workspace has 

been here and we convey the progress of all 

projects and we save the documents to Google 

Drive which is connected to Trello” 
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• SH: “At first I was not very familiar with this 

tool, but it was very easy for me, especially in 

terms of administrative document management 

because it can be directly connected to our 

Google Drive files” 

• KD: “Even though I'm not from the technology 

department, I've used this tool before. The event 

team is very helpful because the progress of the 

project can be seen more clearly” 

• MI: “This is the first time I've used this tool, but 

so far I haven't encountered any difficulties 

because it's easy to use and I can retrieve data 

and do the requested tasks quickly because each 

division has its own card” 

• AL: “The social media team is very helpful, 

especially when requesting a post review or 

saving the results of posts that have been 

approved” 

So it can be concluded that Trello greatly 

facilitates the work of internal employees and 

increases their productivity because it is easy to see 

the tasks that must be done by each division. The 

process of storing documents that are directly 

connected by Google Drive is also very easy in 

terms of finding the documents needed, thus 

speeding up their work process. 

V. CONCLUSIONS 

The following are some conclusions related to the 

research that has been carried out, including: 

1. From the existing problems, it is concluded that 

the adaptation process can be carried out quickly 

by the intern with non-technological 

backgrounds and those who are using Trello 

KMS as their workspace for the first time. 

2. UIN Jakarta Career Development Center 

supports the performance of its intern 

employees with KMS Trello so that their 

performance is considered to be faster, more 

effective, and efficient because of the easy-to-

use Trello display and Trello storage media that 

really helps their work. 

3. There is no significant effect related to the use 

of Trello for intern with non-technological 

backgrounds and for intern with technological 

backgrounds. 

4. The results of the study stated that the 

knowledge management applied was by holding 

workshops, webinars, discussions and monthly 

reports for the management of tacit knowledge. 

While the explicit knowledge is storing the 

results of the minutes, reports per division 

during monthly reports, and storing ideas in 

Trello. So Trello greatly improves the 

performance of the intern because of its 

convenience and facilities. 

For further research, the researcher suggests that an 

overall study be conducted using quantitative methods 

so that a more valid percentage of numbers can be 

obtained to measure the performance of the intern UIN 

Jakarta Career Center. 
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Abstract— Universitas Muhammadiyah Surakarta 

(UMS) has a large number of new students per year. 

However, most new students often get confused to 

identify and even do not know the location of the 

buildings that handle various activities in the early period 

of lectures, such as student orientation, English pre-tests, 

etc. This is due to lack of information provided by the 

university to the new enrolled students. To overcome this 

problem, this work aims to develop a web-based building 

catalogue by implementing a framework, namely Ionic. 

This system is built to help the new students getting the 

building-related information in UMS and find out the 

location of the building. By following the waterfall model 

to build the system, the results show that we have 

successfully developed the building catalogue 

information system. The acceptance testing result shows 

that the system is acceptable to implement, supported by 

the SUS score of 76.17. The system is helpful for new 

students to get information of all buildings in UMS. 

Index Terms— building; catalogue; information 

system; UMS. 

I. INTRODUCTION 

Universitas Muhammadiyah Surakarta (UMS) is 

one of the largest private university in Indonesia. It has 

12 faculties of Undergraduate Programs, Graduate 

Schools, Professional Programs, and Vocational 

Schools consisting of various disciplines, such as 

advancements in science, technology and social 

relations, and arts and culture. To support the business 

processes, UMS has 5 campuses that are integrated with 

IT systems, it has a land area of more than 40 hectares, 

and supported by an Edutorium that covers an area of 

6.5 hectares which is considered as the largest 

convention center in Central Java. The implementation 

of the lectures in UMS is supported by very adequate 

facilities such as representative study rooms, complete 

laboratories, IT-based libraries, and other supporting 

facilities. 

Each year, UMS receives around 8,000 new 

students that are distributed to 60 study programs. At 

the beginning of the lecture period, the new students are 

required to complete various activities such as student 

orientation activities, English pre-tests, etc. However, 

The students often get confused and even they only 

know the name of the buildings without knowing their 

locations where the activities will be held [1]. This is 

due to lack of information provided by the university 

for new students regarding the list of buildings in UMS. 

Many studies have been carried out to develop 

similar applications. A research [2] explains that the 

virtual tour application provides early information as an 

earlier experience for students in terms of introducing 

the area of the new environment. Other study [3] 

developed a virtual tour as an effective means of 

introducing new academic environment to the wider 

community and prospective students. A web-based 

virtual tour application has also been developed by prior 

study [4] to display the campus atmosphere and provide 

information on the location of the building. 

Due to the benefit of the application to overcome 

buildings introduction problems faced by UMS, we 

developed a similar web-based catalogue building app 

to help the new enrolled students in identifying the 

buildings in the university [5]. Catalogue is a medium 

that is able to provide optimal and easy-to-understand 

information, contains more detailed and complete 

information than other media packaged in the form of 

photographs and attractive layouts [6]. To build the 

catalogue information system, we implement the Ionic 

framework [7]. Ionic is a platform to design and build 

specific applications. It has its own development tools 

but is very time consuming and costly [8]. On the other 

hand, Ionic is an independent platform that uses 

HTML5, CSS and Ionic's JavaScript. The framework is 

built with AngularJS, which is arguably the most tested 

and widely used JavaScript framework out there [9].  

We developed a web-based building catalogue to 

help the students in getting the information of UMS 

buildings [10]. With this building catalogue, the 

university can easily provide information and locations 

of the buildings in UMS to the new enrolled students. 

The design of this application makes it easier for new 

students to recognize the buildings in UMS. 

II. METHODOLOGY 

In designing the UMS building catalogue 

information system, we follow the Software 

Development Life Cycle (SDLC) approach, 

specifically the waterfall model [11]. Waterfall is the 
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oldest and most well-known model in SDLC. A special 

feature of this model is its sequential steps. It goes down 

through the phases of requirements analysis, design, 

coding, testing, and maintenance [12]. This model 

works well for projects where quality control is a major 

concern due to its intensive documentation and 

planning [13]. Each stage in this model is not 

overlapping the other stages, that means the process in 

the waterfall model starts and ends in one stage before 

starting the next stage [14].

 

Fig. 1. The process flow of waterfall model in SDLC 

Figure 1 shows that there are five stages in the 

waterfall model that we follow to develop the UMS 

building catalogue information system [15]. The details 

of each stage are as follows: 

A. Requirement Analysis 

Requirement analysis is a description of the 

behavior of the system to be developed [16]. Usually, it 

provides the information of requirements from clients. 

Hence, it establishes an agreement between the client 

and the developer for the specifications and features of 

the software. In short, requirements are collected, 

analyzed, and the proper documentation is prepared to 

help the development process. 

The initial discussion was carried out to extract the 

main problems faced by the clients. The results of the 

discussion indicate that a web-based building catalogue 

information system is necessary. In the discussion, we 

also observe the requirements analysis, which is 

categorized into two types, namely (1) functional, and 

(2) non-functional requirements [17]. 

The functional requirement analysis describes that 

the building catalogue system is developed online. The 

system is able to provide detailed and complete 

information of the building. The catalogue system does 

not require a “user sign in” to access the information. 

The users of the system are classified into two types, 

that is administrator and common users [18]. An 

administrator is authenticated to have the whole access 

to the system, so that it can perform the CRUD (Create, 

Read, Update, and Delete) transaction in the system 

[19]. Common users do not have rights to update the 

content in the catalogue. They can only search and read 

the provided information. 

For the non-functional requirements, we analyze the 

performance and scalability, portability and 

compatibility, reliability, availability, maintainability, 

and the usability, as described as follows: 

1. Performance and Scalability 

One of the steps of the text pre-processing stage 

which serves to convert all letters in the document to 

lowercase. This step is done to make the search easier. 

2. Portability and Compatibility 

The system should be able to run on a computer 

device that runs on Windows 7 version or newer, 1.8 

GHz or faster processor, 2 GB of ram or higher, and 

video card that supports a minimum display resolution 

of 720p. 

3. Reliability, Availability, Maintainability 

There are 75% chances that the component can be 

fixed in 6 hours for the maintainability of this system. 

The web dashboard must be available to users 98% of 

the time every month during business hours. 

4. Localization 

The system is intended for the new enrolled students 

since they are not familiar with the buildings in UMS. 

The language of the system is provided in Bahasa 

Indonesia, so that it is easy to understand for the 

students. 

5. Usability 

The building catalogue system is simple and easy to 

use. So that the users can quickly access the catalogue 

to get such information. In this system, the users do not 

need to login to access the catalogue system. Although 
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the main target of the system users is the new enrolled 

students in UMS, however, all academic staff can also 

access the catalogue system. 

B. Design 

The information gathered from the previous phase 

is evaluated and the proper implementation is 

formulated. The design describes the key components 

and the interface of the components. It focuses on how 

to deliver the required functionality (must-haves and 

wish-list items) to the system [20]. 

In this step, we initially design the use case diagram 

of the system, as shown in Figure 2. Use case diagram 

is a methodology used in system analysis to identify, 

clarify, and organise system requirements. Use case 

diagrams are employed in UML (Unified Modelling 

Language), a standard notation for the modelling of 

real-world objects and systems [21]. It shows how a 

system interacts with external entities. So, it is 

relatively sparse about the details of how the system 

behaves internally and how the external environment is 

arranged.

 

Fig. 2. Use case diagram of building catalogue information system 

Figure 2 explains that there are 2 actors who can 

access the system, namely Administrator and Users. 

The administrator can change or add new information. 

On the users side, users can only look for buildings, 

reading the building information, and directed to the 

location of the building on the map. 

The activity performed by the actors indicated in 

Figure 2, is then illustrated using an Activity Diagram, 

as shown in Figure 3. Activity Diagrams are 

behavioural diagrams which depict the internal 

behaviour of different operations of a program with the 

help of nodes and edges [22]. Activity Diagram is used 

to represent different activities, sub activities, 

transitions, decision points, guard conditions, 

concurrent activities, branch, merge, swim lanes, join 

forks, and etc. An activity diagram starts with one start 

activity and ends at one final activity. 

In addition, this building catalogue system was not 

developed by implementing a database. This is because 

the information needed to be displayed on the system is 

simple and does not require data storage. Therefore, we 

do not include sequence diagrams and class diagrams in 

this discussion. 

Figure 3 shows that the administrator can create, 

add, or update the detailed information in the catalogue 

system which will be sent to the server. The users who 

access the system via a browser will see the content of 

the system and be able to select the building based on 

the provided list. Once the users select one of the 

building lists, the server will send the detailed 

information and location of the building to the browser.
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Fig. 3. Activity diagram of building catalogue information system 

C. Development 

In this phase, the whole requirements will be 

converted to the production environment. We designed 

the UMS building catalogue system by applying the 

Ionic framework. The Ionic framework can be run by 

installing the Node.js. Node.js is a platform built on top 

of the Chrome JavaScript runtime to easily build fast 

and scalable network applications. Node.js uses a non-

blocking I/O model that makes it lightweight and 

efficient, perfect for real-time data-intensive 

applications running across distributed devices [23]. 

We are also required to install Ionic CLI using "npm". 

The Ionic CLI is used to scaffold, develop, and run 

Ionic applications [24]. 

D. Testing 

This phase deals with the actual testing and 

inspection of the software solution that has been 

developed to meet the original requirements. Also, this 

is the phase where system bugs and glitches are 

discovered, fixed and refined [25]. In this step, we 

perform a black-box testing to validate the system and 

ensure that the system is running as expected. Black-

box testing is a functional testing technique that designs 

test cases based on the information from the 

specification. Black box testing is not concerned with 

the internal mechanisms of a system. These are focused 

solely on the outputs generated in response to selected 

inputs and execution conditions [26]. 

Through the black-box testing, we test the building 

catalogue system by involving one of the 

representatives from the UMS Information Technology 

Bureau to ensure that there are no errors in the system 

and satisfy all the requirements needed [27]. Various 

checks on the main menu page are performed, starting 

from checking the image of the building, sorting the 

name of the building, and checking all features in the 

systems. On the building menu page, we validate all 

information listed, starting from the name of the faculty 

that occupies the building, the list of study programs in 

the building, information of the student organisation 

units in the building, and all related information. In 

addition, we check the general information of the 

building, such as address, telephone number, and email, 

as well as the barcode of the building's location. 

To evaluate the system acceptance, we apply the 

testing using System Usability Scale (SUS). SUS is a 

Likert scale that is simply one based on forced choice 

questions, where a statement is made and the 

respondent then indicates a degree of agreement or 

disagreement with the statement on a 5 (or 7) point 

scale. The statements with which the respondent 

expresses agreement and disagreement should be 

chosen carefully [29]. 

As shown in Figure 4, it can be seen that the 10 

statements in SUS testing actually covers various 

aspects of system usability, such as the need for 

support, training, and complexity, and thus has a high 

degree of facial validity for measuring the usability of a 

system. 
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Fig. 4. The System Usability Scale chosen statement 

To calculate the SUS score, we first add up the 

contribution of each item's score. The contribution 

score of each item will range from 0 to 4. For items 

1,3,5,7, and 9 the contribution score is the scale position 

minus 1. For items 2,4,6,8 and 10 the contribution is 5 

minus the scale position in this case we get a total score 

of 27,420 from 360 respondents. We take data as many 

as 360 respondents based on the calculation of a 

representative sample from around 8,000 new students 

using a survey calculator with the confidence level of 

95% and the interval of 5. The calculation of the sample 

size produces 360 respondents. 

E. Maintenance 

Maintenance is the process of taking care of such 

concerns [24]. In this step, we release the building 

catalogue system. Although it has been implemented, it 

is possible that the system needs updates, 

improvements, errors fixing, and refinement depending 

on the user’s requirements in the future. 

III. RESULT AND DISCUSSION 

The web-based building catalogue system has been 

successfully implemented. It contains 2 menus, namely 

Main Menu Page and Building Menu Page. The main 

menu page functions as the starting page, which 

contains a list of the names of the buildings 

accompanied by pictures. on this main menu page, the 

user first needs to select which building he wants to 

look for to view detailed information in it. On the 

building menu page, the function is to display all 

available information regarding the selected building 

on the main menu page. On the building menu page 

there are various kinds of complete information and 

also accompanied by complementary images and 

barcodes indicating the location of the building.

 

Fig. 5. The main page of the building catalogue information system 

In Figure 5, The main page menu displays a list of 

buildings that are within the scope of UMS, starting 

from building A to building L. On the main page, there 

are also pictures of each building. In the bottom left 

corner of the image, the name of the faculty where the 

building is located is listed to clarify the description of 

the building. Each column in the list of buildings on the 

main page can be clicked to see the more detailed 

information.
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Fig. 6. Detail information of the building menu page 

On the building menu, as shown in Figure 6, there 

is a lot of detailed information about the building such 

as the photos of the buildings, the study programs 

located in the buildings, the student organization units 

located in the buildings, the building addresses, 

telephone numbers, emails, and barcodes. In general, 

each building has more than one various study 

programs. Thus, it is necessary to mention the study 

programs in the building on the page. It also provides 

the information of student organization units that 

occupy the buildings to help the new students be more 

familiar with the description of each organization. 

On the same page, the system displays a gallery of 

the building photos to show the actual image of the 

building. We also include detailed information of the 

building, such as the address where the building is 

located, the phone number of the faculty, and the email 

of the faculty. This information can be used for students 

to contact the associated staff to get further information 

that is not available in the system. A QR code is added 

to the page in the system to store additional information 

of the buildings, such as the location guidance that leads 

to the building. If the QR code is scanned, it will 

automatically be redirected to the Google Maps 

application and will show the exact location. 

The building catalogue system is tested using a 

Blackbox technique [28] to ensure that there are no 

errors in the system and the System Usability Scale 

(SUS) to ensure that the system is well developed and 

easy to use. For the Blackbox technique, we test the 

system through 8 scenarios, as described in Table 1. 

TABLE I.  BLACKBOX TEST SCENARIOS 

No Test Scenario Expected results 
Test 

result 

1 

Check whether the 
image of the building 

matches the name of the 

building 

The image of the 
building matches 

the name of the 

building 

Valid 

2 Check whether the name The name of the Valid 

of the building is in 

order 

building is in 

order 

3 

Check if there are a typo 

in the building name 

There are no typo 
in the building 

name 

Valid 

4 

Check the name of the 
Faculty that occupies the 

building whether is 

correct or not 

The name of the 

faculty is correct 
Valid 

5 

Check the list of Study 
Programs in the building 

whether it is complete 

and correct 

The list of Study 
Programs in the 

building is 
complete and 

correct 

Valid 

6 

Check the list of Student 
Organisation Units in 

the building whether it is 

complete and correct 

The list of 

Student 

Organisation 

Units in the 

building is 

complete and 

correct 

Valid 

7 

Check whether address, 
telephone number, and 

email are correct 

The address, 

telephone 

number, and 

email are correct 

Valid 

8 

Check the barcode 
whether it gives correct 

location to the building 

or not 

The barcode 

gives correct 

location to the 

building 

Valid 

Table 1 describes that all scenarios in the Blackbox 

testing are running well. We perform various checks on 

the main menu page, including the image of the 

building that matches the name of the building, sorting 

the name of the building, and checking the spelling of 

the building names. On the building menu page, we 

check all the information listed, including the name of 

the faculty that is occupied in the building, the list of 

the study programs in the building, information of the 

student organization units in the building, and the 

related information. 
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Furthermore, the implementation of SUS testing 

produced a total score of 27,420 from all respondents. 

We then divided the total score by 360 of total 

respondents to get the overall system usability score. 

The calculation yields a SUS score of 76.17 which 

means that the application is acceptable and usable for 

the new students to get familiar with the new 

environment in UMS. 

IV. CONCLUSION 

Based on the results of the study, it can be 

concluded that we have succeeded in developing a web-

based building catalog to assist students in obtaining 

information about UMS buildings. With this building 

catalog system, the University can easily provide 

information and locations about buildings at UMS to 

new students. Based on the SUS score, the system can 

be implemented to introduce the buildings in UMS to 

the new enrolled students in the future. This study also 

may open an opportunity to develop a mobile-based 

application in the future. 
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Abstract— Text Mining is a part of Neural Language 

Processing (NLP), also known as text analytics. Text 

mining includes sentiment analysis and emotion analysis 

which are often used to analyse social media, news, or 

other media in written form. The emotional breakdown 

is a level of sentiment analysis that categorises text into 

negative, neutral, and positive sentiments. Emotion is 

organised into several classes. This study categorized 

emotion into anger, fear, happiness, love, and sadness. 

This study proposed feature extraction using Lexicon and 

TF-IDF on the emotion recognition dataset of Indonesian 

texts. InSet Lexicon Dictionary is used as the corpus in 

performing the feature extraction. Therefore, InSet 

Lexicon was chosen as the dictionary to perform feature 

extraction in this study. The results show that InSet 

Lexicon has poor performance in feature extraction by 

showing an accuracy of 30%, while TF-IDF is 62%. 

Index Terms— Emotion Recognition Text, Feature 

Extraction, InSet Lexicon, Lexicon, Random Forest. 

I. INTRODUCTION 

Communication between individuals is generally 

done verbally and non-verbally. Verbal 

communication begins and is obtained through words, 

sentences, or paragraphs. We often do not catch the 

emotion implied in the written words, sentences, and 

sections in verbal communication. As time goes by, the 

way of communication between individuals has 

changed. When technology is developing, the 

exchange of information flows spreads and develops 

rapidly. Social media is an oral communication tool 

that is often accessed and has become a trend. In 2021, 

Indonesia will have active social media users, as much 

as 61.8% of the existing population[1]. The number 

increased by 6.3% from the last year. Not only as a 

trend, but social media has also become a necessity. It 

can be seen from the statistical data of the social media 

users that it continuously grows every year. Various 

video, voice, and text data are added every minute. The 

flow of data information carried by social media is 

enormous. Thus, it is necessary to have an accurate 

processing model so that the information on social 

media can be processed correctly. Social media has 

become a part of life in modern society. Through social 

media, people often express themselves regarding 

existing changes. Not only do they give objective 

opinions on an event, but social media users also often 

express their subjective views. Social media is 

considered a critical communication medium [2]. Not 

only opinions or criticisms about an event, but social 

media users also often criticize products, services, and 

even government decisions currently hotly discussed. 

Social media can be used as a medium for monitoring 

public opinion. This social media user shares their 

emotions in posts that many people from various 

platforms watch. Emotion influences humans to 

express hundreds of words. Therefore, it is considered 

a crucial thing in communication.  

Natural Language Processing (NLP) in 

computational linguistics is a modern study of 

linguistics using computer science tools. NLP is also 

known as a subfield of Artificial Intelligence (AI). [3] 

NLP extract meaningful information from various 

texts, including text from social media. Social media 

has big data containing essential informations. These 

data give valuable information about a particular 

phenomenon, government policies, or reviews of using 

specific products. [4] NLP allows researchers to easily 

extract beneficial insights in textual datasets while 

avoiding burdensome computational work. These 

responses, comments, and reviews are then assessed 

based on sentiment class, commonly known as 

sentiment analysis. 

Starting from the field of sentiment analysis, which 

analyzes opinions or messages into negative, positive, 

and neutral sentiment, emotion recognition is a sub-

field of more detailed sentiment analysis that 

recognizes happy, sad, and angry emotions. Emotional 

interaction has been a part of a psychological 

phenomenon in daily life. It can be easily found in 

everyday interaction and encourages the existence of 

emotion recognition. Emotion recognition becomes the 

basis of successful human interaction, communication, 

and decision-making. The development of big data 
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influences it to become a significant issue both 

academically and industrially. [5] Text data produced 

in emotional communication is often used to 

understand the human's emotional state. A person's 

emotional state is often associated with feelings 

influenced by the individual's interaction with their 

environment [6]. According to psychology, basic 

emotions are classified into six classes: joy, sadness, 

fear, disgust, surprise, and anger [7].  

Emotion recognition is currently done through 

facial expressions and utterances and written text. In 

applying human-computer interaction, recognizing 

human emotion helps improve the impression in 

executing the system. Emotion recognition in text form 

can be analyzed by several approaches: keyword-

based, rule-based, classical learning-based, deep 

learning-based, and hybrid systems [8]. The methods 

usually used for emotion classification are Naïve 

Bayes, J48, K-Nearest Neighbor (KNN), and Support 

Vector Machine-Sequential Minimal Optimization 

(SVM-SMO) [9]. [10] compared automated text 

classification methods and showed that Naïve Bayes 

and Random Forest provide high accuracy. Naïve 

Bayes is often used in classifying emotions based on 

conditional probabilities to organize data in predefined 

classes [11].  

However, this research has not achieved maximum 

accuracy because there are sentences that do not 

represent the actual emotions; for example, a sentence 

belongs to the fear class but is indicated to be in the 

happy class [11]. Machine learning is a method for 

allowing machines to learn from empirical data that 

experts have confirmed. Although the machine learning 

approach is used in many studies, our research takes a 

new approach to the problem by using the lexical 

approach to overcome data processing. Lexicon is also 

evaluated as a feature extraction tool in this study. As a 

result, this study utilizes a keyword-based approach to 

the Lexicon method. [12] Lexicon proved capable of 

providing high accuracy in sentiment analysis. This 

method is expected to perform feature extraction in 

emotion recognition in Indonesian texts more 

accurately. 

II. RELATED WORK 

Many studies on emotion mining have been done, 

including in Indonesian text. The [13] study included 

sentiment analysis and emotion recognition of readers. 

With the available approaches and features, texts from 

various sources such as news and social media posts 

can be used as the dataset in the study of emotion 

mining [14], [15].  

The researchers of Affective Computing proposed 

many rule-based approaches for extracting the text 

emotion automatically. [16] combined Lexicon-based, 

Bag-of-Words, Words embedding, orthography, and 

Part-of-Speech (POS) tag, and got an F1-Score 

accuracy of 69.7%. The research classifies emotions 

into 5 types: anger, fear, happiness, love, and sadness. 

Another model classifies emotions into six basic 

specifications of emotion: anger, disgust, fear, joy, 

sadness, and surprise [17]. Research [18] made a model 

for classifying emotions into five classes using an 

Indonesian language dataset and showed that the 

Maximum Entropy (ME) algorithm has better accuracy 

than SVM by 72%. Another feature extraction used in 

text extraction is TF-IDF [19]. TF-IDF works by 

extracting keywords based on the frequency of words 

that appear. In research [20], emotions were classified 

into 6 classes and showed that TF-IDF could provide 

high accuracy in text emotion analysis of the text. [21] 

showed that TF-IDF is a feature extraction based on a 

weighting method that can outperform feature 

extraction with N-Gram.  

Research [22] combined the Random Forest 

Classifier with Unigram and SentiWordNet to produce 

the highest accuracy on sentiment analysis datasets in 

Malayam. [23] combined Lemmatization, TF-IDF, and 

Random Forest and showed a good result in speech 

emotion recognition models.   The research used a 

Logistic Regression algorithm, Support Vector 

Machine, and Random Forest to calculate the accuracy 

of feature extraction. [24] used Random Forest on 

sentiment analysis with a deep learning approach. [25] 

The Random Forest classifier is often used in 

predictive modelling to reduce the number of variables 

required so that the burden of data collection is reduced 

and efficiency is increased. Research  [26]  shows that 

Random Forest worked based on various predictor 

variables without any assumption about the response 

variable. [27] Random Forest integrates trees, where a 

classification is made from several decision trees and 

produces an output based on the number of votes from 

all the tree outputs. [28] used domain-specific emotion 

lexicons (DSLs) and general-purpose emotion lexicons 

(GPELs) to study feature extraction emotional 

problems. [29] used the Lexicon approach to generate 

emotional weights or values.  

Before a specified model recognizes the emotion in 

a text, the text must have a particular stage so the 

machine can understand the series of words or 

sentences. The stage is called pre-processing. [30] Pre-

processing is a stage of converting unstructured data 

into structured data based on the needs. In extracting 

Lexicon features, research [31] carried out several pre-

processing stages: case-folding, punctuation, 

conversation word, stopword removal, stemming, and 

tokenization. [32] Text pre-processing methods 

improve the predictive accuracy of the generated 

models for sentiment classification. Research [33] used 

NRC Affect Intensity Lexicon and SentiStrength 

techniques to extract and analyze the characteristics of 

Twitter’s users towards sentiment and behaviors 

signaling the “suicide” sign. [34] showed that the 

Lexicon-based approach worked well for sentiment 

analysis. The Semantic Orientation Calculator (SO-

CAL) assigns a positive or negative label to a particular 
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text, capturing the text’s opinion toward the main topic. 

[35] detected Lexicon emotion by relying on the 

relationship between words and emotions in WordNet. 

Research [36] showed that Lexicon feature extraction 

is more commonly found in handling medical 

sentiment than SentiWordNet (SWN) in the drug 

review dataset. [37] showed that Lexicon significantly 

surpassed the BoW feature in emotion classification. 

[38] used Lexicon to perform calculations by 

representing each dataset with a binary vector.  

The use of Lexicon in the classification of emotions 

in English datasets has been widely applied. However, 

the use of Lexicon in emotion analysis in Indonesian 

text is still rarely used. Another study [39] of emotion 

analysis used the Term-Weighting Scheme in the 

approach. In this study, the InSet Lexicon dictionary 

[40], which contains a weighting of 3,609 positive 

words and 6,609 negative words in Indonesian, is used. 

The value weights in the InSet Lexicon are obtained 

from manual weighting by Indonesian language experts 

with weights between -5 to +5 as done by Affected 

Lexicon (AFFIN) [41]. InSet Lexicon is proved to be 

the best among translated SentiWordNet, translated Liu 

Lexicon, translated AFINN Lexicon, and Vania 

Lexicon in analyzing the sentiment for Indonesian. This 

dictionary is based on Twitter data, so it contains 

common words and non-standard words. It uses 

Lexicon to perform feature extraction from the emotion 

recognition dataset. 

III. METHODOLOGY 

A. Dataset 

This dataset is taken from [16] applying the 

collection method by using the Twitter Streaming API 

for two weeks starting from June 1 2018, to June 14, 

2018, and setting the geolocation filters in Indonesia. 

The datasets contains 4,403 Indonesian-language 

tweets with a 0.917 score of annotation, which has 5 

(five) emotion classes, namely love, anger, sadness, joy, 

and fear. Fig 1. shows the balanced number of emotions 

in the emotions of anger, joy, and sadness. However, 

emotions with the categories of love and fear have a 

limited number of tweets. 

 

Fig. 1. Class Distribution on Dataset 

B. Preprocessing 

The pre-processing in this research is divided into 

six stages as follows: 

• Case-folding: changing all letters to lowercase. 

• Punctuation: deleting unnecessary symbols or 

characters. 

• Convert Word: converting abbreviated words 

into standard language using the dictionary of 

abbreviations provided in the emotion dataset 

[16].  

• Stopwords:  removing words that are not needed 

in the used dataset. 

• Stemming: finding the root word of a word that 

has an affix. The Indonesian stemming library, 

namely Sastrawi, is used in this process. In the 

Indonesian dataset, stemming is an important 

step. It is because Indonesian has many affixes. 

They are suffixes (addition at the end of a word), 

prefixes (addition at the beginning of a 

comment), and confixes (addition at the 

beginning and the end of a word). 

• Tokenization: the last step of pre-processing is 

breaking sentences into text based on delimiters 

(spaces). 

TABLE I.  RESULT OF PREPROCESSING DATASET 

Label Text Clean Text Processed 

Anger 
soal jalan  jatibarupolisi 
tidak bisa gertak 

gubernur 

['jalan', 'jatibarupolisi', 

'gertak', 'gubernur'] 

Fear 
pak ketua di temani 
sekretaris tapi selaku 

penanggung jawab  

['ketua', 'teman', 

'sekretaris', 'tanggung’] 

Happy  
kepingin gudeg mbarek 

bu hj amad 

['kepingin', 'gudeg', 

'mbarek', 'bu', 'hj', 
'amad'] 

Love 

pasangan seringkali 

diibaratkan sebagai 
rumah karena rasa 

nyaman 

['pasang', 'seringkali', 
'rumah', 'nyaman'] 

Sadness 

melihatmu sedih 

kebahagianku 
pudarseperti saat kala 

itu  

['lihat', 'sedih', 

'kebahagianku', 

'pudarseperti'] 

Table 1 shows the example of the emotion 

recognition dataset of Indonesian text that passed the 

pre-processing phase. 

C. Feature Extraction 

Feature extraction is a part of feature engineering. 

Feature Engineering is divided into two, feature 

extraction and feature selection. After the pre-

processing phase, the next step is feature extraction. 

Feature Extraction pulls out words from text data to be 

converted into features used by the classifier [42]. 

Feature Extraction helps get the best features by 

combining variables into components to reduce the 
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amount of data [19]. Feature extraction is the data 

transformation process in which raw data is changed 

into numerical features. These numerical features are 

processed by maintaining the information from the raw 

data set. Feature extraction is believed to give better 

results than using machine learning directly toward the 

raw data. It has a significant impact on the calculation 

results of the classifier. Through feature extraction, 

data is processed so that it can be read and used as input 

by the specified classifier. Fig. 2 shows the workflow 

of the Lexicon feature extraction used in this study. 

 

Fig. 2. Flowchart Diagram 

The Lexicon-based approach relies on the emotions 

in the dictionary. This study uses the InSet Lexicon 

[37], an Indonesian sentiment dictionary accompanied 

by a weighting for each word to determine the polarity 

score. This dictionary is divided into two categories 

positive and negative. The following is the distribution 

of the Lexicon InSet dataset based on its type: 

TABLE II.  INSET LEXICON POSITIVE 

Words Weight 

hai 3 

merekam       2 

ekstensif 3 

paripurna 1 

detail 2 

pernik 3 

belas 2 

welas 4 

kabung 1 

rahayu 4 

TABLE III.  INSET LEXICON NEGATIVE 

Words Weight 

putus tali gantung -2 

gelebah -2 

gobar hati -2 

tersentuh (perasaan) -1 

isak -5 

larat hati -3 

nelangsa -3 

remuk redam -5 

tidak segan -2 

gemar -1 

The dataset that passes the pre-processing stage is 

assigned a polarity score. This step analyzes sentiment 

words in the emotion recognition dataset of Indonesian 

texts and then determines the polarity score based on 

Lexicon [43]. 

TABLE IV.  RESULT OF ASSIGN POLARITY SCORE 

Assign Polarity Score 

Sentiment word = semangat puasa turun 

Polarity Score = 4+(-1) 0+(-2) 1+(-3) 

From Table IV, it is known that the words 

'semangat', 'puasa' and 'turun' are words that exist in the 

emotion recognition dataset of Indonesian texts. 

Among these three words, 'semangat' and 'turun' are 

categorized as positive and negative sentiments. At the 

same time, the word 'puasa' belongs to negative 

sentiments. 

The sentiment score in the InSet Lexicon is the 

value used to determine the sentiment of the existing 

dataset. In this study, the polarity score was obtained 

from the sum of the sentiment scores in each row of the 

emotion recognition dataset of Indonesian texts. 

  (1) 

In this step, after the polarity value is determined, 

the next step is labeling or categorizing the sentiment 

class of each data. The sentiments are classified 

according to the following rules: 

 

  (2) 

 

The sum of the polarity score can be seen in Table V. 

TABLE V.  RESULT OF POLARITY SCORE 

Assign Polarity Score 

Sentiment word = semangat puasa turun 

Polarity Score = 3 -2 -2 
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From the calculation in Table V above, it can be 

seen that the emotion recognition data in Indonesian 

texts have negative sentiment or polarity with a score of 

= -1. This step will continue until the last row of data of 

the existing dataset. Fig. 3 displays the results of each 

data’s polarity and polarity values. 

 

Fig. 3. Polarity Score 

The existing polarity values are divided into 

negative, neutral, and positive sentiments. Fig 4 shows 

the sentiment percentage in the dataset after calculating 

the polarity score based on the InSet Lexicon. 

 

Fig. 4. Polarity Percentage 

The following is the polarity value based on the 

emotion label with positive polarity in the dataset. 

 

Fig. 5. Positive Polarity 

The following is the polarity value based on the 

emotion label with negative polarity in the dataset. 

 

Fig. 6. Negative Polarity 

Besides using Lexicon-based feature extraction, the 

researcher also uses TF-IDF to compare the accuracy. 

[44] TF-IDF Term Weighing, that is often used, is a 

result of an integration between Term Frequency and 

Inverse Document Frequency. This weighing assumes 

that infrequently appearing terms hold the highest 

importance. TF-IDF can be calculated using the 

formula as follows: 

 𝑇𝐹 ∙ 𝐼𝐷𝐹(𝑡𝑖, 𝑑𝑗) = 𝑇𝐹(𝑡𝑖 , 𝑑𝑗) × log
𝐷

𝑑(𝑡𝑖)
 (3) 

Based on equation (3), Where is 𝑇𝐹 of the term 𝑡𝑖 

in document 𝑑𝑗, while 
𝐷

𝑑(𝑡𝑖)
 is 𝐼𝐷𝐹 of term 𝑡𝑖. 

D. Feature Extraction 

The experiment in this study applies a 

programming language, namely Phyton 3.7.13, and 

Graphics Processing Units (GPU) based cloud service 

from Google called Google Collaboratory, also known 

as Collab. We utilise several libraries such as Pandas, 

Matplotlip, Sastrawi, and Sklearn. The investigation 

was started by importing the libraries used into the 

Google Collaboratory. Then, the pre-processing was 

done to process the dataset used in the study. 

After the dataset was processed by adding the mass 

or value of each tweet, it was used as the input for the 

classifications of Machine Learning. This study uses 

75% data training and 25% data testing. The researcher 

develops a supervised learning approach to analyse and 

detect emotion in a tweet text and classify them 

automatically. A Random Forest algorithm is applied to 

organise the data from the values generated by the 

extraction feature into emotional labels for each text. 

However, it is vital to highlight the focus of this 

research is the discussion of the performance of 

applying InSet-lexicon than the performance of the 

classification feature algorithm. There is no additional 

hyperparameter aiming to make a difference or improve 

the performance of the Random Forest algorithm in the 

classification. 

Accuracy, precision, recall, and F-measure are 

applied to measure the performance with a confusion 

matrix. It can be seen in the following formula below: 
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 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 (4) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃 𝑜𝑟 𝑇𝑁

𝑇𝑃+𝐹𝑁 𝑜𝑟 𝑇𝑁+𝐹𝑃
 (5) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃 𝑜𝑟 𝑇𝑁

𝑇𝑃+𝐹𝑃 𝑜𝑟 𝑇𝑁+𝐹𝑁
 (6) 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
 (4) 

Explanation: 

• TP (True Positive): Number of the sample that 

is correctly labelled positive. 

• FP (False   Positive): Number of the negative 

samples that are incorrectly labelled as positive. 

• FN (False   Negative): Number of the positive 

samples that are incorrectly labelled as negative. 

• TN (True   Negative): Number of the sample 

that is correctly labelled negative. 

The accuracy is obtained by comparing the 

prediction ratio with the total of the existing data. 

Precision is a comparison between True Positive (TP) 

with the amount of data that is predicted to be positive. 

Meanwhile, Recall compares True Positive (TP) with 

the number of data that belongs to the positive class. In 

the F1 score, precision and recall are combined into a 

single metric. In short, the F1 score is a weighted 

average between precision and recall. The best value of 

the F1 score is indicated at one while the worst value is 

shown at 0. 

IV. RESULT AND DISCUSSION 

This research aims to test the Lexicon-based feature 

extraction in the form of a dictionary using the InSet 

Lexicon dictionary for the Indonesian language 

emotion recognition dataset. Feature extraction allows 

the simplification of the classification of the text data. 

The feature extraction process eliminates text 

dimensionality by removing unrelated features from the 

text data. InSet Lexicon itself provides high accuracy in 

analyzing sentiment datasets in Indonesian [12]. 

TABLE VI.  EXPERIMENT RESULT ON RANDOM FOREST 

CLASSIFIER 

Classifier Accuracy  

InSet Lexicon 30% 

TF-IDF 62% 

The tests carried out in this analysis used 1000 tweet 

data from Twitter with the keyword 'indihome' in 

Indonesian. This test uses 2 classes, namely positive 

and negative classes. The data collection is carried out 

using the Crawling technique that utilizes the tweepy 

library from the Python programming language. After 

that, labeling positive and negative sentiments on the 

dataset is done manually. For manual labeling of 

positive and negative sentiments, there should be the 

help of linguists in determining the positive or negative 

sentiments of an opinion. The author only uses two 

classes of sentiment, namely positive and negative 

because the author wants a more conical conclusion 

between the two classes. 

Table VI compares the accuracy between InSet 

Lexicon and TF-IDF in the study. The TF-IDF feature 

extraction gets better accuracy results than Lexicon 

using the Lexicon InSet dictionary. The polarity value 

obtained by adding each word in the emotion 

recognition dataset based on the InSet Lexicon is not 

influenced by the emotion labels in the dataset. 

However, the results of the Lexicon InSet in this 

study were higher than the study [16] that has the same 

dataset. The previous study provided an accuracy of 

24.92% in the Random Forest classification. 

Meanwhile, the accuracy value in this study increased 

by 5.08% from the prior research. The increase in 

accuracy value is influenced by the pre-processing. In 

the previous research, the pre-processing stage that was 

carried out was data normalization, which includes 

changing the letters in the dataset into lowercase form, 

deleting usernames and hyperlinks, and doing 

stopwords. After performing data normalization, Part-

of-Speech (POS) Tagging was completed and 

continued with stemming. Meanwhile, in this study, the 

pre-processing is case folding, punctuation (removing 

symbols, characters, links, and words that are not 

needed), converting words (changing abbreviated 

words into common words), stopwords, stemming, and 

tokenization. 

TABLE VII.  EVALUATION OF EACH EMOTION CLASS IN THE 

DATASET 

Emotion Class 
Feature Extraction  

InSet TF-IDF 

Anger 38% 63% 

Sadness 8% 49% 

Happy 40% 60% 

Fear 14% 76% 

Love 23% 73% 

This experiment used the F1-Score to determine the 

calculation results on the metric accuracy of each 

existing emotion class because the emotion recognition 

dataset of Indonesian texts had imbalanced data. The 

happy and anger emotion classes have the highest F1-

Score value than other emotion classes in feature 

extraction using InSet Lexicon. The emotion class 

"Sadness" shows the lowest F1 score of the other 

emotion classes, 8%. 

The emotion class "Sadness", with an 8% score, 

provides the lowest F1-Score value among the other 

emotion classes from Lexicon feature extraction. 

Meanwhile, this feature extraction also shows that the 

emotion classes "Anger" and "Fear" provide higher 
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accuracy than other classes. Fig 7 shows the confusion 

matrix of the Lexicon feature extraction in the Random 

Forest classifier. 

 

Fig. 7. Confusion Matrix of InSet Lexicon using Random Forest 

The emotion class “Sadness” has a small proportion 

of false-positive values with moderate false negatives, 

which causes the “Sadness” class to have a small recall 

value even though it reaches a high precession value. 

Fig 8 shows the TF-IDF feature extraction confusion 

matrix in the Random Forest classifier. 

 

Fig. 8. Confusion Matrix of TF-IDF using Random Forest  

Feature Extraction with TF-IDF provides better 

accuracy results on InSet Lexicon. Each emotion class 

can be predicted with a high F1-Score. The same with 

the Random Forest classification in InSet Lexicon 

feature extraction, the emotion class “Sadness”, with a 

49% score, has the lowest F1-Score value among other 

emotion classes. 

V. CONCLUSIONS 

This study examines the Lexicon based feature 
extraction on the emotion recognition dataset of 
Indonesian texts in the form of a corpus or dictionary 
called InSet Lexicon. The results in this study show an 
accuracy of 30%. The accuracy of this result is higher 

than the previous study that had the same dataset and 
classification. The difference in accuracy is influenced 
by the pre-processing stages carried out in both studies. 
However, it has less accuracy than feature extraction 
using TF-IDF which has an accuracy of 62% on the 
Random Forest classifier. In this study, each emotion 
class (Anger, Sadness, Happy, Fear, and Love) can be 
detected with the used classifier. The low accuracy 
value in the InSet lexicon is caused by the polarity 
value that is not influenced by the emotion labels in the 
dataset. Lexicon feature extraction using the Lexicon 
InSet, which usually provides high accuracy when used 
to analyze Indonesian sentiment, produces low 
accuracy in the emotion recognition dataset of 
Indonesian texts. 

We will examine and improve the current results for 

further research to achieve better performance. The 

researcher also suggests future studies to investigate the 

effect of class imbalance on the dataset for each text 

weighting scheme. The imbalance plays a significant 

role in creating a presupposition toward selecting the 

majority class in the emotion recognition dataset of 

Indonesian texts. 
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Abstract— Tweets from users in the form of opinions 

about a product can be used as a company evaluation of 

the product. To obtain this evaluation, the method that 

can be used is sentiment analysis to divide opinions into 

positive and negative opinions. This study uses 1000 data 

from Twitter related to an internet service provider 

company where the data is divided into two classes, 

namely 692 positive classes and 308 negative classes. In 

the Tweet there are still many words that are not 

standard. Therefore, previously carried out the initial 

process or preprocessing to filter out non-standard 

words. Before doing the classification, the data needs to 

be divided into training data and test data with a ratio of 

90:10, then processed using the Support Vector Machine 

and Naïve Bayes techniques to get the results of the 

classification of positive opinions and negative opinions. 

The level of accuracy in the classification using the 

Support Vector Machine is 84% and using Naïve Bayes is 

82%. 

Index Terms— Elicitation; HCI Technique; User 

Persona. 

I. INTRODUCTION 

The development of technology is currently very 

fast and will continue to grow, it has a huge impact on 

various aspects that exist. Many industrial fields are 

finally competing to develop technology in these 

fields[1]. This is because it is very helpful to increase 

effectiveness and efficiency in work processes within a 

company or organization[2]. Thus, it can be concluded 

that today's information technology is very important in 

the success of an organization or agency 

management[3]. In order to create an effectiveness and 

efficiency, proper governance of information 

technology is needed[4]. Thus, "organizational and 

agency information technology is related to how top 

management of organizations and agencies gain 

confidence that the Information System Manager 

(Chief Information Officer) and IT organizations can 

provide returns or returns in the form of value for the 

organization or agency[5]." In other words, information 

technology can provide support to 

organizations/agencies in achieving the desired 

goals[6]. 

Information system analysis is very important to do, 

it is needed in order to produce a system that is easy, 

effective, efficient, and also appropriate for the users of 

the system. One model of information systems analysis 

by applying the concept of Human Computer 

Interaction (HCI)[7]. 

Techniques in software development are growing 

with the times, one of which is widely used, namely the 

Human Computer Interaction (HCI) approach. 

Producing a usable and safe system in the sense that the 

system can function properly is the goal of HCI, while 

also placing more emphasis on evaluation, design and 

implementation aspects. In several previous studies on 

HCI the HCI model can help analyze how users can 

interact with computers, so that they can describe 

behavioral models from various points of view[8]. 

The software development process is a phase that is 

often researched, including the excavation and 

requirements analysis phase. The purpose of this stage 

is to obtain specific requirements, both functional and 

non-functional. Several approaches have been carried 

out by several previous researchers. Requirements 

analysis is a process to get user requirements and 

constraints clearly and precisely[9], software 

requirements will be needed through intensive 

communication to get user needs[10], in order to 

eliminate ambiguity that often occurs due to the 

inability to explore these needs. or also because 

stakeholders (stakeholders) cannot properly express the 

desired needs. 

Several approaches to exploring needs include 

group methods and individual methods, one of which is 

to group customer needs into 5 segments through 

adscore[11]. The group method is often used for several 

similar stakeholders and usually in large numbers, 

while the individual method focuses more on person to 

person within these stakeholders. Previous research 

conducted individual interviews from several experts 

with the aim of obtaining model requirements[12]. 

When developing an information system, the 

developer of the system must pay attention to the 

human-computer interaction factor. Human and 

Computer Interaction (HCI) is a scientific discipline 

that examines communication or interaction between 

users and systems. The main role of HCI is to produce 
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a system that is useful, safe, productive, effective, 

efficient and functional[13]. 

HCI focuses more on system design on the user or 

User Center Design (UCD), by paying attention to the 

users who will use the system, the system can be created 

according to and appropriate for the user. A system that 

is right for the user will provide comfort to the user 

when using the system so that the purpose of 

implementing the system will be achieved and will not 

fail[13]. 

In this case study, the needs analysis was obtained 

from stakeholders related to or related to the practicum 

module uploading system through infotech which is 

within the academic scope of the University of 

Muhammadiyah Malang. In this study, it involved 

stakeholders from students majoring in informatics 

class 2019 who took part in practicum activities, 

lecturers who were in charge of courses who had 

practicums, and laboratory assistants who supervised 

the practicum. The current practicum module uploading 

system is considered less effective due to the sometimes 

late uploading of practicum modules so that students or 

practitioners lack time to study and complete the given 

practicum assignments. 

In this study, we will focus on exploring existing 

needs through the human-computer interaction (HCI) 

approach, then collecting data on characteristics from 

stakeholders related to the existing practicum module 

uploading system. Persona taken later will be in the 

form of characteristics and objectives based on the 

results of interviews and observations[14]. Quantitative 

and qualitative data will later become the basis for 

conducting analysis and synthetics to be collected as 

persona designs[15]. This method will produce an 

approach in various aspects of psychology, objectivity, 

motivation and existing habits, based on demographics 

and social. 

II. RELATED RESEARCH 

TABLE I.  LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

Aspect Acuna 

et al 

(2012) 

Idoughi 

et al. 

(2012) 

Aoyama 

(2007) 

Persona Identification X X X 

Usage 

context/Environment 
X _ _ 

Psychological details used X X X 

Application /service X _ X 

Need/Expectations X X _ 

Skills/Previous 

Experiences 
X X X 

Goals X _ X 

Segments X X X 

Special 

Needs/Accessibility 
X X X 

Relations/Interact ions 

with other People 
Problems Existing 

Solutions 

X X X 

In the table above, it can be seen that these 

characteristics are considered techniques for creating 

personas. Most of the given characteristics relate to the 

behavioral characteristics of the personas (Persona 

Identification, Psychological details used, 

Need/Expectations, Special Needs/Accessibility, and 

Relations/Interactions with other People Problems 

Existing Solutions), which describes the personal life 

and psychological details of each person. personas. 

These characteristics are useful for understanding users, 

but cannot identify possible application requirements. 

Furthermore, for the characteristics of Application / 

service, Skills / Previous Experiences, and Goals can 

help identify possible application requirements. 

However, these characteristics are so general that they 

may present information that is not part of the 

application domain and may not result in the 

requirements. Attitudes and behaviors are important to 

describe in personas, they are needed to understand and 

identify possible requirements that are useful for 

application development[16]. 

Therefore, it can be identified that some of the 

limitations in the techniques listed in the table are: 

• The technique focuses on understanding rather 

than identifying possible requirements 

• Characteristics that help identify behavior are 

not focused specifically in the application 

domain, as these characteristics are described 

in general 

So it is necessary to propose specifically the 

techniques used to guide the description of personas 

that focus on identifying possible requirements related 

to the application domain to be developed. 

A. Data Crawling 

Crawling is a method of collecting data from a 

source to be analyzed or processed. Crawling is the first 

stage that is usually used to analyze the sentiments of 

social media users towards a product or service. 

Crawling can also be interpreted as a method of quickly 

gathering large numbers of web pages into a local 

storage and indexing them based on specified keywords 

[8]. Sentiment analysis usually uses the Crawling 

method on Twitter social media by utilizing the features 

provided by Twitter, namely Application Programming 

Interface Systems (APIs) [9]. 
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III. METHOD 

A. Activity 1: State Hypotheses 

State Hypotheses are formulated to identify the 

possibility of persona. This hypothesis helps to 

determine who will be the subject of the interview. This 

is the first stage in getting acquainted with users[17]. In 

addition, at this stage also carried out stages to design a 

formulation in the interview. 

B. Activity 2: Identify Behavioral Variables 

Identify a list of behavioral variables to characterize 

possible users taken from the results of the interview 

synthesis[17]. Which interview subjects will be easier 

to map if the range of values has been defined before 

mapping[16]. 

C. Activity 3: Identify Significant Behavior Patterns 

Identify specific subject groups that appear in the 

range leading to the use of archetypes for personas and 

modeling users. The purpose of this activity will be to 

get a result in the form of two products, namely, the 

percentage grouping table and the arrangement of 

significant behavioral patterns, the percentage grouping 

table containing the percentage of interview subjects 

that have been mapped to each behavioral variable 

value[17]. 

D. Activity 4: Map Interview Subjects to Behavioral 

Variables 

Represents how many subjects are grouped with 

respect to significant behavioral variables, which is the 

initial model of system users[17]. This activity aims to 

detect the grouping of certain behavior patterns with the 

existing range of values[17], so that they can be made 

significant and become the basic pattern of the persona. 

E. Activity 5: Synthesize Characteristics and Relevant 

Goals 

This activity generates a basic persona document. In 

short, the description of the relevant characteristics and 

goals reflects the personality of the created persona. 

This document is an end-user model document[17]. 

F. Activity 6: Check for Redundancy and 

Completeness 

Examine the redundancy, completeness, mapping, 

characteristics and goals of personas to find out if there 

are important gaps[17]. To do this, we check that the 

essential identification and aspects are fully defined in 

the created personas. Looking for important 

information from the previous activity stages. 

G. Activity 7: Expand the Description of Attributes 

and Behaviors 

Extends Attribute and Behavior Descriptions in a 

narrative manner. Narrative is a clearer way to convey 

or communicate people's attitudes, needs and problems. 

Many aspects of the Persona Document are obscure, 

and useless for this task as Narrative[17]. The narrative 

can also be with additional data by interviewing 

stakeholders 

H. Activity 8: Designate Persona Types 

Determine the persona we want to create by 

determining the primary and secondary types[17]. After 

describing all the personas in a narrative, in the next 

activity we need to determine which persona is the main 

target of the system being built. We must define only 

one of all the personas whose needs and objectives can 

be met and represented in one interface without 

upsetting the other personas. To determine which 

persona will be the main target of the system, we must 

divide the persona into 2 types, namely primary and 

secondary personas. The primary persona is the persona 

that represents the main needs & objectives of the 

system development. While the secondary persona is a 

person who has additional needs that are not in the 

primary persona. 

I. Activity 9: Build Use Cases 

The activity that must be done after the persona that 

is the main target is clear is to create a use case. Use 

cases are made based on the persona in the basic 

document as well as in the narration as well as 

information from users obtained from previous 

activities[17]. Use cases are made in the form of 

diagrams like use case diagrams in general, which are 

made using annotations that show the relationship with 

primary and secondary personas. And also made a use 

case scenario or the flow of the prototype that we will 

make in the next stage. 

J. Activity 10: Mockup 

Implement and Evaluate Prototypes. We have used 

the use case developed in Activity 9 to implement the 

prototype. Creating mockups designed by 

stakeholders[17]. Mock Ups are made based on use 

cases and also various needs that have been recorded in 

basic documents in previous activities. Then from the 

mock-up that is made, we evaluate the environment in 

which the system will be implemented, because there 

we will find potential users of the system being built. 

IV. RESULT AND DISCUSSION 

A. Activity 1: State Hypothesis 

The purpose of this activity is to identify the 

variables that can be created, to find out the differences 

between users based on their needs and behavior.  

TABLE II.  STATE HYPOTHESIS 

Hypothesis Personas Explanation 

H0 College student 

Requires sufficient 

time to complete and 
understand 
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assignments and 
practicum materials 

H1 Lab Assistant 

Difficulty getting 

lecturer approval 

regarding modules 

H2 Lecturer 

Helping students to 

easily understand the 

material that has been 
given 

From the table above shows a list of hypotheses for 

each persona, from the results obtained, it can be 

identified and made personas synthesize between 

students, lab assistants and lecturers to assemble the 

necessary needs. 

B. Activity 2: Identify Behavioral Variables 

The results of the interviews will be given a range 

with values that have been defined before the mapping 

is made. 

 
Fig. 1. Identify Behavioral Variables 

From the table of behavioral variables above, it can 

be identified various characteristics of each persona. 

Which is included in the range of values that have been 

set in an infotech system access activity, which is in 

accordance with the existing problem. 

C. Activity 3: Identify Significant Behavior Patterns 

At this stage, each variable from each range of 

values will be grouped. From the results above, the 

percentage will be made to get a significant grouping of 

each behavior pattern of the existing respondents. To 

get the percentage, the results of the values obtained 

from each subject will be calculated in comparison with 

the total number of existing subjects. 

TABLE III.  IDENTIFY SIGNIFICANT BEHAVIOR PATTERNS 

(STUDENT) 

Observed 

behavioural 

variable 

Scale Result Percentage 

How many times 

to use Infotech 

Very Often 5 People 100 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 0 People 0 % 

Features Used  

Access Module 

Very Often 0 People 0 % 

Often 5 Orang 100 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 0 People 0 % 

Attachment 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 5 People 100 % 

Infrequently 0 People 0 % 

Never 0 People 0 % 

For the results of respondents' answers taken from 

students, in the first variable the higher percentage is 

very often, then for the second variable the higher 

percentage is often, and for the last variable the higher 

percentage is normal. 

TABLE IV.  IDENTIFY SIGNIFICANT BEHAVIOR PATTERNS 

(LECTURER) 

Observed 

behavioural 

variable 

Scale Result Percentage 

How many times 

to use Infotech 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 5 People 100 % 

Never 0 People 0 % 

Features Used  

Access Module 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 2 People 40 % 

Infrequently 3 People 60 % 

Never 0 People 0 % 

Attachment 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 5 People 100 % 

Evaluation 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 5 People 100 % 

For the results of respondents' answers taken from 

students, in the first variable the higher percentage is 

Infrequently, then for the second variable the higher 

percentage is Infrequently, then for the third variable 

the higher percentage is never, and for the last variable 

the higher percentage is. 

TABLE V.  IDENTIFY SIGNIFICANT BEHAVIOR PATTERNS 

(LECTURER) 

Observed 

behavioural 

variable 

Scale Result Percentage 

How many times to 

use Infotech 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 5 People 100 % 

Never 0 People 0 % 

Features Used  

Access Module 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 2 People 40 % 

Infrequently 3 People 60 % 

Never 0 People 0 % 

Attachment 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 5 People 100 % 

Evaluation 

Very Often 0 People 0 % 

Often 0 People 0 % 

Normal 0 People 0 % 

Infrequently 0 People 0 % 

Never 5 People 100 % 
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For the results of respondents' answers taken from 

students, in the first variable the higher percentage is 

often, then for the second variable the higher percentage 

is normal, then for the third variable the higher 

percentage is never, and for the last variable the higher 

percentage is Often. 

D. Activity 4: Map Interview Subjects to Behavioral 

Variables 

At this stage, fragment mapping will be carried out 

from the answers given from stakeholders based on the 

behavioral identification that has been made. Of the 

cases that have been identified, there are 5 respondents 

each from each stakeholder who have provided 

answers. 

 
Fig. 2. Student Mapping Fragments 

In the mapping fragment image above, the results of 

each variable choice for student respondents are 

obtained. For the first question, how many times have 

you used infotech, the answer is very often, because all 

UMM informatics students in each semester must take 

at least 1 course that has a practicum. So they need to 

access infotech for practical needs such as accessing 

modules to study and do assignments from the given 

practicum, this is because the modules that are 

distributed sometimes have not been uploaded so some 

students need to check whether the modules have been 

uploaded or not. There is also the use of the file 

attachment feature which is commonly used by students 

to collect practicum assignments. 

 
Fig. 3. Lecturer Mapping Fragment 

Furthermore, for respondents from lecturers. For the 

first question, namely how many times have used 

infotech, the answer is infrequently or only 

occasionally. Furthermore, for the features used, 

namely module access which is sometimes used to view 

modules so that they can be taught a little to students. 

Then the attachment feature is never used by lecturers 

because they do not collect practicum assignments and 

upload modules. And the last one is the assessment 

feature where every lecturer never uses this feature 

because the practicum assessment is submitted to the 

lab assistant who will later pay the grade to the lecturer. 

 
Fig. 4. Lab Assistant Mapping Fragment 

The last one is the lab assistant respondent. For the 

first question, namely how many times have you used 

infotech, the answer is often, because the lab assistant 

is responsible for carrying out the practicum of each 

practitioner. Furthermore, the features used are module 

access which is often used to view the modules that will 

be used by the practitioner when doing practicum. Then 

for the use of the attachment feature, the lab assistant 

uses the attachment feature to upload the module, but 

sometimes only the CO of the lab assistant from each 

class uploads the module. And the last is the assessment 

feature, this feature is often used by every lab assistant 

when conducting practicums to assess practitioners. 

E. Activity 5: Synthesize Characteristics and Relevant 

Goals 

 

Fig. 5. Synthesize Characteristics and Relevant Goals (Student) 

In the picture above, the results obtained from each 

choice of variables for student respondents. For the first 

question, how many times have you used infotech, the 

answer is very often, because all UMM informatics 

students in each semester must take at least 1 course that 

has a practicum. So they need to access infotech for 

practical needs such as accessing modules to study and 

do assignments from the given practicum, this is 

because the modules that are distributed sometimes 

have not been uploaded so some students need to check 

whether the modules have been uploaded or not. There 

is also the use of the file attachment feature which is 

commonly used by students to collect practicum 

assignments. 
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Fig. 6. Synthesize Characteristics and Relevant Goals (Lecturer) 

Furthermore, for respondents from lecturers. For the 

first question, namely how many times have used 

infotech, the answer is infrequently or only 

occasionally. Furthermore, for the features used, 

namely module access which is sometimes used to view 

modules so that they can be taught a little to students. 

Then the attachment feature is never used by lecturers 

because they do not collect practicum assignments and 

upload modules. And the last one is the assessment 

feature where every lecturer never uses this feature 

because the practicum assessment is submitted to the 

lab assistant who will later pay the grade to the lecturer. 

From the four questions that have been given, it can be 

seen that there is one fragment that shows the 

significance of the choice of all respondents. For the 

existing fragments, the significant respondents chose 

the seldom choice and never chose the option. 

 

Fig. 7. Synthesize Characteristics and Relevant Goals (Lab 

Assistant) 

The last one is the lab assistant respondent. For the 

first question, namely how many times have you used 

infotech, the answer is often, because the lab assistant 

is responsible for carrying out the practicum of each 

practitioner. Furthermore, the features used are module 

access which is often used to view the modules that will 

be used by the practitioner when doing practicum. Then 

for the use of the attachment feature, the lab assistant 

uses the attachment feature to upload the module, but 

sometimes only the CO of the lab assistant from each 

class uploads the module. And the last is the assessment 

feature, this feature is often used by every lab assistant 

when conducting practicums to assess practitioners. 

From the four questions that have been given, it can be 

seen that there are two fragments that indicate the 

significance of the choices of all respondents. For the 

existing fragments, the respondents consistently chose 

the frequent choice, the usual choice and the never 

choice. 

F. Activity 6: Check for Redundancy and 

Completeness 

At this stage, a check will be carried out regarding 

the behavioral variables that have been made by 

adjusting the results of the behavioral variables that 

have been carried out with the behavioral variables 

from the new respondents. This is done to find out 

whether the needs analysis carried out is appropriate or 

still requires additional additions. 

 

Fig. 8. Behavioral Variables to Check For Redundancy And 

Completeness (Student) 

 

Fig. 9. Behavioral Variables to Check For Redundancy And 

Completeness (Lecturer) 

 

Fig. 10. Behavioral Variables to Check For Redundancy And 

Completeness (Lab Assistant) 

In the picture above, there is a table of Behavioral 

Variables to complete Redundancy And Completeness, 

there are 3 types of respondents, namely Students, 

Lecturers and also Lab Assistants. From the three types 

of respondents, 2 people were taken each to be 

respondents. 
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G. Activity 7: Expand the Description of Attributes 

and Behaviors 

 

Fig. 11. Stakeholder : Student 

 

Fig. 12. Stakeholder : Lecturer 

H. Activity 8: Designate Persona Types 

TABLE VI.  USER PERSONA 

 

Ibnu Jahsy 

• 21 

• Malang 

• Student 

• Universitas Muhammadiyah Malang 

 

Ibnu Jahsy is an informatics student from 

the class of 2019 at the University of 

Muhammadiyah Malang, his daily habit is 

making and playing games. For the short 

and long term objectives are to become a 

game developer, the motivation is to want 

to make good games, and to become a 

game developer. In doing this, 

respondents use laptops to open the Unity 

application so that they can make games, 

respondents often use their laptops to play 

and make games. For fear and the feared 

challenge is the sudden assignment of. 

I. Activity 9: Build Use Cases 

 
Fig. 13. Use Case 

There is a document that describes details of the 

activities carried out for each use case. Specifications 

are described in the form of use case descriptor that 

provides a description more about use case, result of use 

case descriptors are described by Table VII. 

TABLE VII.  IDENTIFY SIGNIFICANT BEHAVIOR PATTERNS (LAB 

ASSISTANT) 

USE CASE: Aslab Mengupload Modul 

Principal Actor: 

• Lab Assistant (Aslab) 

Stakeholders and Goals: 

• Lab Assistant: Want to Easily Upload Modules 

Principal Success Scenario: 

1. Masuk ke website infotech 

2. Tekan menu login 

3. Login dengan menggunakan nim dan password 

4. Pilih menu student 

5. Pilih kelas praktikum 

6. Pilih menu upload modul 

7. Input modul yang ingin diupload 

8. Masukkan waktu publish dari modul yang diupload 

9. Tekan tombol save 

10. Modul di publish sesuai waktu 
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J. Activity 10: Mockup 

 
Fig. 14. Homepage Mockup 

 
Fig. 15. Module Upload Mockup 

The final results at the research stage that have been 

carried out are made in the form of a mockup according 

to the evaluation carried out with the related persona. In 

Figure 12 is the start page where there is a button to 

upload the practicum module. Then in the 13th picture, 

after the button to upload the module is pressed, a menu 

for uploading the practicum module will appear and 

also a menu for setting the schedule for uploading the 

practicum module so that the practicum module will be 

uploaded according to a predetermined schedule. 

V. CONCLUSIONS 

In the research conducted, it was found problems 

related to the module uploading system through 

infotech, namely the upload of the practicum module 

which is sometimes late and also the absence of a 

notification feature when the practicum module has 

been uploaded. practice has been uploaded. 

To overcome this, a solution that might help is 

needed is the addition of a scheduled upload feature so 

that later the practicum module uploader can be done 

automatically according to a predetermined schedule 

and also the addition of a notification feature when the 

practicum module has been uploaded. 
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Abstract— The growth of Small and Medium Enterprises 

(SMEs) will certainly have a positive influence on 

economic development in a country. However, many 

SMEs struggle to survive, grow, and show limited 

productivity. It was recorded that there were around 

63.9% of SMEs in Indonesia whose turnover had 

decreased by more than 30% during the COVID-19 

pandemic. Among the factors that cause the low survival 

rate of SMEs, a factor that is considered critical is the 

lack of success in the use of e-business. The use of e-

business by SMEs is not a one-size-fits-all solution, 

because SMEs have various characteristics. In this study, 

an E-Business Software Product Line Methodology based 

on SMEs characteristics was proposed using Software 

Product Line Engineering (SPLE) approach. In general, 

the proposed methodology was sufficient to describe the 

aspects needed in building a software development 

methodology. Aspects that had not been described were 

those related to software project management. The 

proposed methodology is useful for building an e-

business application platform that can be customized 

based on SMEs characteristics. 

Index Terms— Customization; E-Business; Platform; 

SMEs; SPLE. 

I. INTRODUCTION 

Despite being a key contributor to the economy in 

several countries, SMEs experience several challenges 

caused by several factors, such as social, economic, 

geographical, cultural, or other factors that are beyond 

their control. Among the factors that cause the low 

survival rate of SMEs, a factor that is considered 

critical is the lack of successful adoption and use of 

Information Technology [1], or what is known as e-

business. The usage of e-business can help to make 

business procedures more efficient, which can help 

SMEs flourish. Several studies have stated that IT 

adoption in SMEs dependent on the size of the 

company [2]. However, this is contrary to [3], which 

states that the size of the organization does not 

guarantee the success of IT adoption. According to the 

survey, firms that have made IT a habit in their 

operations will find it easier to adopt IT than traditional 

organizations.. In addition, the field of services also 

affects the adoption of IT. Based on the very diverse 

characteristics of SMEs, an e-business solution is not a 

one-sized-fits-all solution. The proposed solution 

needs to consider two main stakeholders in the system 

to be built, namely SME actors and e-business 

application providers. In addition to these two 

stakeholders, a platform provider that connects SME 

actors and e-business application providers is also 

needed. 

For SME actors, an e-business system is needed, 

which consists of various kinds of e-business 

applications according to the characteristics of the 

organization. Organizational characteristics can be 

viewed from several main factors, namely 

Environment, Organizational, and Technology[4]. 

Based on the organizational characteristics, SMEs can 

obtain recommendations for e-business applications 

that can support their organization's business processes. 

Through the main platform proposed in this study, 

SMEs can easily get customized e-business 

applications according to their organizational 

characteristics. For e-business application providers, 

providing different e-business applications for each 

SME is a challenge. If building different e-business 

applications always starts from scratch, then of course 

it will consume a lot of resources, both time, cost, and 

effort. Through the main platform proposed in this 

study, e-business application providers can customize 

applications that are built without having to start from 

scratch. This study is a further development of the 

Conceptual Model of the Use of E-Business by SMEs 

[5], using a complementary research model between 

Design Science Research (DSR) and Behavioral 

Science Research (BSR) [6]. 

II. SOFTWARE PRODUCT LINE ENGINEERING 

SPLE stands for Software Product Line 

Engineering, and it is a methodology for developing 

software applications (software intensive systems and 

software products) that uses platforms and mass 

customization. The motivation of SPLE is to reduce 

product line development costs, improve quality, 

reduce production time, reduce maintenance efforts, 

overcome product line evolution, 
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Fig. 1. The Proposed E-Business Software Product Line Methodology based on The Characteristics of SMEs 

overcome complexity, increase cost estimates, and 

increase benefits for customers [7]. 

There are two development processes in SPLE, 

namely domain engineering and application 

engineering[7], which will be explained as follows: 

1. Domain engineering process consists of five 

key subprocesses, namely product 

management, requirements engineering 

domain, design domain, realization domain, 

and testing domain. This process results in a 

platform that embraces the commonality of 

application and variability to support mass 

customization.  

2. The application engineering process consists 

of subprocesses, namely application 

requirements engineering, application design, 

application realization, and application 

testing. 

III. DESIGN OF E-BUSINESS SOFTWARE PRODUCT 

LINE METHODOLOGY 

In this study, an e-business software product line 

methodology based on the SMEs characteristics was 

proposed using Software Product Line Engineering 

(SPLE) approach. SPLE has been proven as a 

methodology for building a wide range of software 

products and software-intensive systems at lower costs, 

in less time, and with better quality than other 

methodologies. The methodology proposed in this 

study is shown in Figure 1. The proposed methodology 

adopts the existing process stages in SPLE [8]. In 

general, there are two processes that exist in this 

methodology, namely domain engineering and 

application engineering. The proposed methodology is 

used to build an e-business application platform that can 

be customized based on the SMEs characteristics. 

A. Domain Engineering 

The process in domain engineering is responsible 

for building a reusable platform, so in this process it is 

necessary to determine the commonality and variability 

of the product line being built. In this subprocess, the 

platform built consists of 2 types, namely the 

1. Information System Platform E-Business. It 

is the main platform consisting of various 

integrated e-business applications. This 

platform connects e-business application users 

with e-business application providers. 

2. Application Platform E-Business Specific, 

which are applications part of the E-Business 

Information System. The e-business 

applications designed can be customized 

according to user requirements. 

Domain engineering has 5 subprocesses, namely 

product management, domain requirements 

engineering, domain design, domain realization, and 

domain testing. At this stage, an analysis related to e-

business applications was carried out in accordance 

with the characteristics of SMEs based on their clusters. 

The process carried out was to analyze the requirements 

of e-business applications by SMEs using the Kano 

Model, as had been done in previous research [9]. 

1. Product Management. In this process, 

identification of common and variable 

requirements was conducted to develop 

portfolio management. The process of E-

Business Application Portfolio used survey data 

that has been carried out at the commonality & 

variability application-level e-business. At this 

stage, the results of a survey of e-business by 

SMEs have been obtained which are evaluated 

using the Kano Model. The evaluation results of 

the Kano Model are based on 6 categories, 

namely attractive, one-dimensional, must-be, 
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indifferent, reverse, and questionable mapped 

into four quadrants of the combination of the 

Kano Model and the Strategic Grid.  

2. Domain Requirements Engineering. The 

entire list of requirements that have been 

collected up to this stage will then be 

recommended to SMEs based on their 

organizational characteristics using the 

Advanced UCF algorithm. Meanwhile, the 

features of each e-business can be determined 

based on the preferences of the SMEs 

requirements. To get preferences for these 

features, SMEs will be given a pair of functional 

and dysfunctional questions based on the Kano 

Model. Features included in the Attractive, One-

Dimensional, and Must-Be applications e-

business. The features in the classification are 

features that are considered needed by SMEs 

and can increase the level of satisfaction of 

SMEs with the e-business used. 

3. Domain Design. The E-Business Platform 

Architecture can be used for applications needed 

today or can be developed for the development 

of applications needed in the future. The main 

architecture is designed to be pluggable, where 

the implemented e-business can be used 

according to the characteristics of SMEs. 

Different service providers can create e-

business apps based on their areas of 

competence. Platform providers, service 

providers, and SME players are the three 

stakeholders in this architecture. Platform 

providers provide as a link between small 

businesses and service suppliers. The platform 

provider's service is an e-business application 

framework that may be used to create e-business 

apps. Service providers are companies that 

develop e-business solutions based on their 

expertise and experience in specific industries. 

Service providers can create e-business in the 

proposed architectural design, which is divided 

into four categories: sales & marketing, 

manufacturing & production, finance & 

accounting, and human resources. SMEs, on the 

other hand, are the end customers of the e-

business services offered. SMEs can utilize the 

profiling tool to get e-business 

recommendations that fit their characteristics. 

4. Domain Realization. The architectural design 

that has been generated in the Domain Design is 

implemented using the Aspect Oriented 

Programming. Each SME will be given 

application recommendations that match the 

characteristics of its organization. For this 

reason, we need an application outside of the 

main e-business that functions to assess 

organizational characteristics and provide 

recommendations for e-business that are in 

accordance with these characteristics. 

B. Application Engineering 

Process on application engineering is responsible 

for obtaining product line applications from platforms 

built on the domain engineering. This is done by taking 

advantage of the variability of the product line and 

ensuring that the variability aggregation process is 

correct according to the specific requirements of the 

application. At this stage, SMEs can get 

recommendations for e-business applications according 

to their characteristics. The multi-label classification 

approach had been carried out in the previous study 

[10], used to link an SME profile with several 

appropriate e-business applications. 

There are several sub-processes in Application 

Engineering which will be explained as follows: 

1. Application Requirements Engineering. In 

this subprocess, a list of e-businesses apps for 

SMEs is generated using the Advanced UCF 

algorithm. In addition, SMEs can also choose 

features in each e-business using the Kano 

Model. By using the Kano Model, SMEs are 

recommended to choose features that are in the 

Attractive, Must-Be, and One-Dimensional 

because they will help the organization's 

business processes and increase user 

satisfaction. 

2. Application Design. To get recommendations 

for e-business that are in accordance with 

organizational characteristics, SMEs use the 

EBISMA application (Figure 2) as a tool. The 

recommendation results obtained from the 

EBISMA application are in the form of a list of 

e-business that are able to help SMEs to carry 

out their business processes. In addition to the 

list of e-business, EBISMA will also generate 

file containing the configurations required to 

produce e-business based on the specified 

features. 

3. Application Realization. To get an application 

that can run based on customized requirements, 

it is necessary to configure the main class and 

aspect with weaving technique[11]. Additional 

features on the website implemented in the 

aspect. If these features are not needed, they can 

be removed by changing file the XML 

configuration. For users who want to use the 

Online Store Application can determine the 

combination of features that suit their 

requirements. By using this approach, different 

e-business apps can be built from the same 

platform. These applications are called the 

Software Product Family. 
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IV. IMPLEMENTATION AND ANALYSIS 

In this study, the proposed methodology was 

implemented to build an application called EBISMA, 

which stands for E-Business for Indonesian SMEs. This 

application serves to assess the characteristics of the 

organization and provide recommendations for e-

business applications in accordance with these 

characteristics. In addition, EBISMA also functions as 

a configurator that will produce e-business applications 

that are ready to be used by SME actors. The main view 

of the EBISMA Application is shown in Figure 2. 

 

Fig. 2. EBISMA Application Main Page 

In using EBISMA, SMEs are asked to answer 

several questions to assess the characteristics of their 

organization. The questions are divided into two stages, 

namely questions related to the identity of SMEs and 

questions related to the readiness of SMEs to 

implement e-business. After answering these questions, 

the system will provide recommendations for 

appropriate e-business applications. ESBIMA is an 

application that will generate a configuration file, which 

contains main classes and aspect classes that will be 

used to build specific e-business applications. The 

EBISMA configuration design is carried out using an 

Aspect Oriented Programming approach, as shown in 

Figure 3. A more detailed description of the AOP 

approach for implementing the EBISMA configuration 

has been presented in previous research [11]. 

 

Fig. 3. E-Business Application Design with AOP [11] 

V. CONCLUSIONS 

At this stage, the proposed e-business software 
product line methodology was evaluated using a 
general framework for evaluating the software 
development methodology proposed by [12]. 
Implementing methodology evaluation framework can 
provide several advantages. Evaluation can help in 
understanding certain aspects of a methodology. 
Evaluation can also be used to compare methodologies, 
and thereby help users choose between several 
methodologies according to their desired goals. In 
addition, improvements can be accelerated using the 
evaluation results. In this section, the evaluation was 
carried out by assessing the criteria with a measurement 
matrix with a value of 0 to 6 based on [13]. 

In this section, an assessment of the existing process 

in the methodology is carried out. The proposed 

methodology does not focus on the management 

aspects of software development projects, which 

consist of risk management, people management, 

quality management, configuration management, and 

project scheduling. Another thing that is not focused on 

the methodology is the aspect of efficiency, both in 

terms of time and resources. 

A. Modeling Language Features 

A modeling technique is a set of models that 

describe a system at various levels of abstraction and 

explain its various aspects. In this section, an 

assessment is made regarding the modeling language 

used in the proposed methodology. Based on the results 

of the assessment, which are shown in Error! 

Reference source not found., in general the proposed 

methodology covers most aspects of the assessment in 

terms of the modeling language. Things that have not 

been covered in the methodology are aspects of 

formalization. The proposed methodology uses UML 

and ArchiMate as its modeling language and the two 

modeling languages do not provide formalization 

aspects to symbolize semantics. Another aspect is 

related to handling inconsistencies that have not been 

provided by the methodology. The last aspect is related 

to the User Interface, which is not provided by the 

methodology.  
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TABLE I.  ASSESSMENT OF MODELING LANGUAGE FEATURES 

 

B. Process Features 

The process in the methodology has two roles, 

namely regulating and directing development from 

analysis to implementation, and enabling traceability of 

development by determining results and milestones. In 

this section, an assessment of the existing process in the 

methodology is carried out. Based on the results of the 

assessment, which are shown in Error! Reference 

source not found., the proposed methodology does not 

focus on the management aspects of software 

development projects, which consist of risk 

management, people management, quality 

management, configuration management, and project 

scheduling. Another thing that is not focused on the 

methodology is the aspect of efficiency, both in terms 

of time and resources. 

TABLE II.  ASSESSMENT OF PROCESS FEATURES 

 

No. Aspects Criteria Values Basic 

1 Ease of Understanding 6 Modeling language using Archimate 

and UML which are easy to 

understand in general 

2 Usage 6 Modeling language using Archimate 

and UML which are easy to use in 

general 

3 Precisenses 6 Modeling language is considered 

appropriate and can avoid 

ambiguity 

4 Power of 

language 

Formalism 0 Archimate and UML do not provide 

formalization aspects to represent 

semantics 

5 Supported views 6 Archimate includes structural view, 

behavioral view, and functional view 

6 Support for 

transformation 

logic 

6 Model provides design from analysis 

phase to implementation phase for 

programming code 

7 Complexity 

management 

model 

Modularity 6 The model is designed in a modular 

fashion, which consists of a java ( 

common) and aspect ( variable). 

8 Handling model 

inconsistencies 

3 The model is designed with a clear 

step flow to avoid overlapping. 

However, techniques for dealing 

with inconsistencies are not 

discussed 

9 Expressivenes Static and dynamic 

aspects 

6 UML represents the structural 

(static) and behavioral (dynamic) 

aspects of the system 

10 Physical 

architecture of 

systems 

6 Architectural design is built using 

Archimate 

No Aspect Sub-Aspect Criteria Value Baseline 

1 Lifecycle Work Unit Coverage of generic 

phases 

6 The methodology 

addresses the generic 

phases of software 

development 

(requirements, 

analysis, design, 

implementation, 

testing) 

2 Smooth transition 

between phases 

6 transition between 

phases is clear and 

smooth 

3 Seamless transition 

between phases 

6 Artifacts produced 

between phases are 

quite clear to make a 

seamless transition 

4 Kind of lifecycle 6 The type of SDLC 

used is incremental 

5 Workflow 6 Each phase of the 

methodology consists 

of different activities 

and has clear 

guidelines 

6 Product Adequacy 6 Each phases of the 

methodology produce 

sufficient artifacts to 

be used in the next 

phase 

7 Consistency 6 Each phase of the 

methodology 

produces artifacts 

that are consistent 

and complement 

other artifacts with 

minimum overlapping 

8 
 

 Supported view 6 The artifacts from 

each phase of the 

resulting 

methodology consist 

of structural, 

behavioral, and 

functional 

9 Abstract ction levels 6 Artifacts represent 

abstraction levels for 

systems, packages, 

components, and 

objects 

10 Tangibility/Testability/

Visibility 

6 Artifacts produced 

are tangible, tested, 

and understood 

11 Appropriate 

Documentation 

6 documentation can be 

generated from the 

methodology 

12 Role User involvement 6 Users are involved in 

all stages of the 

methodology clearly 

13 Roles specification 3 Roles of users have 

not been specified in 

detail 

14 Management Risk management 0 The methodology 

does not discuss risk 

management 

15 People management 0 The methodology 

does not discuss 

people management 

16 Quality 

management 

Quality control 0 The methodology 

does not discuss 

quality control 
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C. Applicability Features 

Another important aspect that needs to be evaluated 

is related to the application of the methodology in 

software development projects. In this section, an 

assessment is carried out on aspects of the application 

of the methodology, which includes aspects of 

pragmatic, marketability, and application limitations. 

Based on the results of the assessment, which are shown 

in Table 3, most aspects of the application of the 

methodology have been discussed in detail. Things that 

are not discussed in this methodology are aspects of 

team skills and the level of satisfaction of the 

development team. This is not the focus of the proposed 

methodology.  

17 
 

 Quality assurance 0 The methodology 

does not address 

quality assurance 

18 Configuration management 0 The methodology 

does not address 

configuration 

management 

19 Project scheduling 0 The methodology 

does not address 

project scheduling 

20 Development 

context 

Ease of Understanding 6 The development 

process is easy to 

understand 

21 Usage 6 The development 

process easy to use in 

the context 

development e-

business software 

22 Efficiency Time 0 Methodology does not 

address time 

efficiency 

23 Resources 0 Methodology does not 

address resource 

efficiency 

24 Precision Traceability 6 The resulting 

artifacts have 

traceability to 

requirements 

25 Formalism 0 The methodology 

does not address 

aspects of formalism 

 26 
 

 Expressiveness 6 Each phase of the 

methodology is 

clearly defined to 

avoid ambiguity 

27 Rationality 6 Each phase of the 

methodology is 

defined rationally 

28 Completeness 3 Each phase of the 

methodology is fully 

defined for all 

aspects, such as 

artifacts and 

processes. However, 

some aspects such as 

roles and resources 

have not been defined 

29 Maintainability Modularity 6 The model is designed 

in a modular manner, 

consisting of a java ( 

common) and aspect ( 

variable) 

30 Reusability 6 The model is designed 

in a modular manner 

and can be reused 

31 Testability 6 The methodology 

provides testing 

phases in the 

engineering and 

application 

engineering 

 

32 
 

Complexity 

Management 

Evolvability 6 phase Product 

Management allows 

for product 

development 

33 Extensibility 6 phase Product 

Management also 

allows for additional 

product features 

34 Distribution 6 Methodology 

supports modeling 

and implementation 

of components that 

support distributed 

functionality 

35 Integrity 6 Methodology 

provides an 

integrated 

architecture 
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TABLE III.  ASSESSMENT OF APPLICABILITY FEATURES 

 

D. Type-specific Methodology Features 

In this section, an assessment of the specific aspects 

provided by the proposed methodology is carried out. 

Based on the results of the assessment, as shown in 

Table 4, the proposed methodology meets the aspect of 

a type-specific, where the methodology uses the AOP 

concept to design and implement the model. 

TABLE IV.  TYPE-SPECIFIC METHODOLOGY FEATURES 

 

Based on the results of all methodological 

assessments, in Table 5 summary of the results of the 

methodology assessment is presented. In general, the 

proposed methodology is sufficient to describe the 

aspects needed in building a software development 

methodology. Aspects that have not been described are 

those related to software project management. This 

aspect is a limitation in this research. 

TABLE V.  SUMMARY OF E-BUSINESS SOFTWARE PRODUCT LINE 

METHODOLOGY ASSESSMENT 

Aspect Assessment 

Generic 
features 

Modeling language Partial coverage 

Process Lifecycle Partial coverage 

Management 
aspects 

No coverage 

Development 
context 

Partial coverage 

Applicability Partial coverage 

Specific 
features 

Concept-specific Acceptable 
coverage 

 

VI. CONCLUSIONS 

In this research, an e-business software product line 

methodology was produced. The research contribution 

refers to several issues for further development of the 

software product line engineering [7], which consists of 

domain specialization, software product line evolution, 

multiple product lines, and tool support. The applicative 

research contribution from this research is that SMEs 

can get recommendations for e-business applications 

that are in accordance with the characteristics of their 

organizations. In addition, the results of the analysis of 

commonality and variability can be a reference for e-

business application developers to make the transition 

from single application development to product family 

development. E-business application developers can 

determine the priority of application development 

based on the commonality and variability analysis. E-

business application developers also can take advantage 

of the e-business platform architecture to develop 

services that match their expertise.  

No Aspect Sub-Aspect Criteria Value Basic 

1 Pragmatics Adaptability Size and 

complexity 

6 The methodology covers a 

fairly large and complex 

process 

2 Criticality 6 The methodology has 

impact on the success of 

E-Business Software 

Product Line 

3 Scalability 6 Methodology can be used 

on different project sizes 

4 Extant 

resources 

Available 

information 

6 Information related to the 

methodology is clearly 

available 

5 Tools 6 EBISMA tools are 

available to support the 

methodology 

6 Required 

resources 

Team skills 0 The methodology does 

not address aspects of 

team skills 

7 Platform 

suitability 

6 The methodology can be 

used on different 

platforms 

8 Marketability User satisfiability 6 Users are satisfied with 

the product resulting 

from the methodology 

9 Development team satisfiability 0 The methodology does 

not address development 

team satisfiability 

10 Application 

constraints 

Legal constraints 6 The methodology does 

not limit legal aspects 

11 
 

Technical constraints 6 The methodology limits 

on the use of AOP (Aspect 

Oriented Programming) 

for design 

implementation 

12 Management constraints 6 The methodology does 

not limit management 

aspects, such as 

management culture, etc. 

13 Environment constraints 6 Methodology does not 

constrain the 

development environment 

 

No Aspect Value Basic 

1 Concept-specific 6 The methodology uses the 

AOP concept to design and 

implement the model 

2 Philosophy 6 The methodology uses the AOP 

concept because AOP considers 

modularization, encapsulation, 

and crosscutting concerns as the 

main focus 
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The following will explain in more detail the 

research contributions which refer to several issues that 

are issues of further development of the Software 

Product Line Engineering[7]. 

A. Domain Specialization 

The biggest challenge for research in Software 

Product Line Engineering (SPLE) is to specialize 

framework for an application domain. By specifying 

the SPLE framework for an application domain, a series 

of types can be generated to model domain-specific 

variation points, variants, variability dependencies, and 

constraint dependencies. To take full advantage of 

domain specialization, it is necessary to define a 

domain-specific modeling language to define software 

development artifacts [7].  

In this study, the proposed SPLE methodology is 

devoted to building a Software Product Line for e-

business domain for SMEs. To be able to support the 

use of e-business by SMEs, several e-business apps is 

needed that function to assist SME business processes 

for certain functional areas. Sales & marketing 

functional areas need e-business in the form of Online 

Store, E-marketplace, etc. Meanwhile, in the human 

resources functional areas, e-business applications are 

needed in the form of payroll, management personnel, 

etc. The use of the e-business will certainly help SME 

business processes. Therefore, in this study, a 

recommendation model for e-business applications was 

produced based on the characteristics of SMEs. Based 

on the results of these recommendations, SMEs can use 

e-business applications that are in accordance with their 

business characteristics. 

B. Evolution of the Software Product Line 

In the development of the Software Product Line, 

software developers are not only faced with the 

evolution of the Software Product Line over time, but 

also with the existence of different variants at the same 

time (variability in space). Managing the evolution of 

Software Product Line artifacts over time and ensuring 

the consistent integration of changes in all affected 

Software Product Lines is a key research challenge. 

Developing and validating comprehensive techniques 

that support the management of Software Product Line 

artifact evolution over time and the management of 

variability in artifacts is also a research issue open to 

further study [7]. 

 In the Product Management subprocess of the 

proposed E-Business Software Product Line 

Development Methodology, a product roadmap has 

been generated, which is represented in the form of an 

application portfolio. In the application portfolio, it can 

be determined which e-business applications are useful 

for the present and which e-business applications will 

be useful in the future. The resulting application 

portfolio combines the McFarland matrix with the Kano 

Model. By combining these two theories, it was hoped 

that it will provide appropriate results from grouping e-

business applications, both in terms of user preferences 

and in terms of their contribution to business processes. 

In addition, the results of the combined analysis of 

McFarlan and Kano will support the evolutionary 

management of the E-Business Software Product Line. 

C. Multiple Product Lines 

In some domains, there is a need to manage 

variability across product lines. However, solutions for 

defining and managing variability across product lines 

and across all software development artifacts remain 

unclear. Managing variability across product lines is 

even more challenging if the product lines are owned 

by different companies [7]. 

 In the Product Management stage of the proposed 

E-Business Software Product Line Development 

Method, an e-business application portfolio has been 

obtained which functions as a product roadmap, which 

is used for application planning and management based 

on current and future contributions to the business. In 

addition to the e-business application portfolio, at the 

Product Management stage, priority features will be 

developed for e-business applications. The priority of 

feature building starts with basic features, then 

performance features, entertainment features, and ends 

with potential features. 

D. Tool Support 

High-quality software engineering in the industry 

requires adequate tool support. However, for most 

aspects of Software Product Line Engineering, 

adequate tool support does not exist. For example, 

support for tools used to manage variability across all 

development artifacts, or to manage linkages between 

product line applications and domain artifacts is very 

weak. Building seamless tool support to manage 

variability and development artifacts in process 

domains and application engineering is a challenge for 

future research [7]. 

In this study, a prototype was built named EBISMA, 

which stands for E-Business for Indonesian SMEs. This 

application serves to assess the characteristics of the 

organization and provide recommendations for e-

business applications in accordance with these 

characteristics. In addition, EBISMA also functions as 

a configurator that will produce e-business applications 

that are ready to be used by SME actors. In EBISMA 

application, SMEs are asked to answer a number of 

questions to assess the characteristics of their 

organization. The questions are divided into two stages, 

namely questions related to the identity of SMEs and 

questions related to the readiness of SMEs to 

implement e-business. After answering these questions, 

the system will provide recommendations for 

appropriate e-business applications using the Advanced 

UCF algorithm. 
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Abstract— Teak is one type of tree that has many 

functions and uses. Teak wood have a very high quality 

to choose as resource for the manufacture of home 

furniture such as tables, chairs, cabinets, and others. But 

middle testers (Perhutani staff) who test the quality of 

wood grade have limitations if the classification uses the 

five senses of sight and there are still many furniture 

entrepreneurs who are often mistaken about teak wood 

quality assessment. This resulted in a lack of quality 

grade teak wood used as raw material for making home 

appliances or for furniture and commerce in Perhutani 

Corporation, especially KPH Cepu. The teak wood image 

data is then acquired through preprocessing data ready 

to be processed. By using GLCM as an image feature 

extraction both training data and testing data. After the 

image characteristics are obtained, the image is classified 

by the K-Nearest Neighbor method with adaboost 

optimization. The final result is obtained in the form of 

wood grade quality classification namely grade A, B, C 

and D according to the class. 

Index Terms— Classification; GLCM;  K-nn; 

Teakwood.. 

I. INTRODUCTION 

Teak is a type of woody tree that has high quality. 

A large tree, straight trunk and can grow to a height of 

30-40 m straight towering. Teak has the biological 

name Tectona grandis L.f. In today's industrial 

bussines, teak wood is mostly made into veneers to coat 

the outer skin of expensive plywood, besides that, 

parquet is also made for floor coverings, even twigs that 

cannot be used as raw material for processed furniture 

can still be used as fuel because teak can produce high 

degrees of heat high enough so that in the past it could 

be used as fuel in steam locomotives. Not only domestic 

commodities, Indonesia also exports processed teak 

wood in the form of outdoor furniture [1]. The largest 

teak production in Central Java is in Perum Perhutani 

Kph Cepu which has an area of 33,017.29 Ha. The teak 

forest area is located in Blora Regency and Tuban 

Regency and Bojonegoro Regency. Production 

management in the forest area in the Cepu KPH area is 

divided into two Forest Management Sub Units 

(SKPH), namely SKPH north Cepu Utara and SKPH 

South Cepu. The demand for teakwood production at 

Kph Cepu is the highest to date. Kph Cepu carries out 

production activities in accordance with the legal basis 

of central regulations. The production function is more 

focused on logging and testing the quality of teak wood. 

Teak wood grouping serves to determine with grades A, 

B, C, and D. This test was carried out by the staff of 

Perum Perhutani Kph Cepu Middle examiner. So far, 

the intermediate examiners have been doing it manually 

based on the five senses of sight with teak logs that have 

been classified by the length and diameter by the 

loggers. The grouping or classification of the quality of 

teak wood types aims to facilitate the sale of teak on the 

Perum Perhutani trading portal at Tokoperhutani.com 

and facilitate the fulfillment of buyer needs.  

Identification of teak wood quality based on the 

image of the vertical cross-section is still done manually 

and takes a long time so that the production of teak 

wood for sale is not optimal. Many studies have been 

carried out by completing the classification of data 

record numbers taken through measurement actions 

during felling [2]. In the processed image data, texture 

feature extraction is the most recommended 

considering the homogeneity of the data features that 

are still in image form. The steps in feature extraction 

can use Gray level co-occurrence matrix which is a 

statistical method used as texture feature extraction. 

After the feature extraction results are complete, the 

classification is not only processed. The classification 

process is carried out to group images that have been 

identified using GLCM into classes that have been 

determined by processing data information. One of the 

specific problems with texture images is that the image 

edges are considered as textures in the search for image 

features.  

R. Qayyum, K. Kamal ,T. Zafar and S. Mathava 

uses the Particle Swarm Optimization algorithm to train 

a feed forward neural network used to classify defects 

using GLCM-based features. The proposed technique 

shows promising results for the classification of wood 

defects. Means found that the Square Error of the 

network for the training dataset was 0.3483, whereas, 

for the test dataset, the accuracy was found to be 

78.26% [3].  
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While another study by Stefanus Santosa, R. A. 

Pramunendar, D. P. Prabowo, and Yonathan P. Santosa 

proved that GLCM displays the adjacency relationship 

between pixels in the image. The angles used are 0°, 

45°, 90° and 135°. In the experiments carried out, it was 

produced 99.14% with the combination of BPNN GA 

[4]. 

Previous research can be concluded if the use of 

Gray Level Co-occurrence Matrix (GLCM) and 

Euclidean Distance as a calculation of the distance 

between images that can produce accuracy accurately. 

In this study, texture feature extraction for teak wood 

that has the possibility to be used is Gray Level Co-

occurrence Matrix (GLCM) with 5 features, namely 

Contrast, Energy, Correlation, Homogeneity, and 

Entropy. As for the classification used is the K-NN 

classifier because the use of training data to be tested is 

quite a lot so it is expected to have a sufficient and good 

level of accuracy. To cover the weakness of the k-nn 

algorithm, adaboost optimization is used to reduce the 

presence of weak data or data outliers so that all data 

can be processed optimally. The data classified is of the 

type of teak wood texture image data which does not 

have information that can be processed for 

classification and ith the K-nn algorithm method, there 

are still some missing values in the k-nn classification 

model so that the classification algorithm's performance 

is not optimal. Processing data classified as teak texture 

image data in order to have information that can be 

processed for classification as data information using 

Gray level co-occurance matrix for feature extraction 

on teak board texture images. The creation of a grade 

classification model for teak wood boards using k-nn 

with adaboost optimization for classification and 

improving the performance of the classification 

algorithm. 

II. METHOD 

A. Extraction  Texture Feature 

Sentiment analysis is one of the methods used to 

Rizky Andhika Surya, Abdul Fadlil, Anton Yudhana 

explained that the research he did using the image 

extraction method which was converted through the 

gray level coocurance matrix method could be used as 

raw material for batik image classification. This is done 

because it is felt that the results of GLCM can show 

differences between images with different texture [5]. 

B. Gray Level Co-occurrence Matrix 

Gray Level Co-occurrence Matrix (GLCM) is a 

matrix whose elements are the number of pairs of pixels 

that have a certain brightness level, where the pixel 

pairs are separated by distance and angle. Angle 

orientation is formed based on four corner directions, 

namely, 0°, 45°, 90° and 135°, and the distance between 

pixels is 1 pixel [5]. The input value from GLCM is a 

matrix which is a representation of the grayscale image, 

the output from GLCM is a co-occurrence matrix which 

we can then extract characteristics based on second-

order statistical feature parameters such as contrast, 

correlation, homogeneity and energy. 

C. Data Mining 

 Data mining has an important function in this 

research. data mining processes teak wood chip data to 

be able to make the information needed and increase 

knowledge by users of this research. Basically, data 

mining has four main functions in processing the teak 

wood image that has been converted through GLCM. 

The main thing is to predict, including where the 

testing data has been taken, then to describe what 

information is in the processed data, then to classify the 

data based on predetermined groups and finally to see 

if the data is associated with data that is close to its 

characteristics. 

Classification is the process of finding a model or 

function that describes and differentiates data into 

classes. Classification involves the process of 

examining the characteristics of an object and 

assigning the object to one of the predefined classes. 

D. Adaboost in KNN 

The K-Nearst Neighbor classification works based 

on an analogy, where test and training data are 

compared and conclusions are drawn based on the 

similarity of the data generated by the comparison [6]. 

The calculation is carried out based on the distance 

(closeness of the data) which is then known as 

Euclidean Distance 

dik =√∑ (𝑪𝒊𝒋 − 𝑪𝒌𝒋)𝟐𝒎
𝒋   (2.1) 

Where : 

Cij  = training data 

Ckij  = testing data 

one of the supervised algorithms for data mining 

with a classification model function is the AdaBoost 

Method. Initially this algorithm was applied to the 

regression model, along with the rapid development of 

computer technology, this method can also be applied 

to other statistical models. The adaBoost method is an 

ensemble technique using the loss function of the 

exponential function to improve the accuracy of the 

predictions made. Basically the boosting method 

(AdaBoost) can increase the accuracy in the 

classification and prediction process by generating a 

combination of a model, but the results of the 

classification or prediction chosen are the model that 

has the greatest weight value. The adaptive boosting 

method has been reported as a meta-technique to 

overcome the class imbalance problem. 

Adaboost and its variants are very successful in 

application to domains because of their strong 
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theoretical basis, accurate predictions and great 

simplicity. In theory adaboost functions as a 

performance optimizer for the k-nn classification 

algorithm so that its performance can be maximized. In 

the case of an unbalanced data set, the application of 

boosting will not change the structure of the dataset, 

which means that the condition of the dataset remains 

in an unbalanced form. 

III. RESULT AND DISCUSSION 

A. Data Collection 

The main data in this study is the image data of teak 

wood boards acquired by intermediate examiners 

(experts) in the amount of 20 wooden boards for Grade 

A, 20 wooden boards for grade B, 20 wooden boards 

for Grade C and 20 wooden boards for grade D, 

respectively. each taken from 4 angles, namely 0°, 

45°,90°,135°. In total there are 316 data for training 

data and 20 wooden boards as testing data with 4 

corners also producing 80 test data. 

 

Fig. 1. Picture of Main Data 

There are 4 classes in the research that will be 

tested, namely grade A which indicates the grade of 

wood that has the best durability, density, and humidity 

which must be valued the most expensively by the 

seller, in this case Perum Perhutani Kph Cepu, then 

Grade B shows that durability, density, and humidity 

good enough with no wood defects or cambium 

sources. Grade C is a wood plank grade that has 

sufficient durability, density, and moisture and is in the 

category of being able to be used as raw material for 

furniture or equipment. While the last grade is grade D 

which has durability, density, and moisture. It can still 

be used for raw materials but with the condition of the 

wood. which must be adjusted to the needs (the load to 

be borne by the strength of the wood). Data collection 

techniques are taken directly or commonly referred to 

as Image Acquisition. This process captures or scans an 

analog image using a tool to obtain a digital image that 

has been determined by PUSBANGHUT. When taking 

photos, the teak wood is placed parallel and 15 cm from 

the recording device (camera). After that the data is 

collected in the form of images [7]. 

B. Preprocessing 

Eliminating the Background, the original image 

data that has been obtained with different backgrounds 

and less same angles will be cut off the background with 

the aim of simplifying calculations in the feature 

extraction process. Then equalize pixel size piece per 

piece. The image data resulting from the uniformity of 

the background will be equalized with the pixel size 

with the aim of simplifying calculations during the 

feature extraction process. The pixel size of the image 

data will be standardized to 400 x 406 pixels. After 

second step is converting image to grayscale. 

Converting an image to grayscale can be done by taking 

all the pixels in the image then the color of each pixel 

will be retrieved information about the 3 basic colors, 

namely red, blue and green (via the colortoRGB 

function), these three basic colors will be added up and 

then divided by three to get the value average. This 

average value will be used to color the image pixels so 

that the color becomes grayscale. 

 

Fig. 2. Image Data After Preprocessing 

C. Classify with Knn 

K-nn calculation is an algorithm that functions to 

classify some learning data or training data. The 

training data in this study is in the form of images that 

have been extracted to produce image characteristics in 

the form of numbers. The numerical data from the 

feature extraction will be projected with some test data. 

The training data sample used in this manual calculation 

contains 19 training data and 1 data whose class/label is 

unknown and is called testing data. The training data 

used are 4 class A data, 5 class B data, 6 class C data 

and 4. class D data. Because the training data is even, it 

is recommended to use odd k. The criteria record is c90 

means correlation on 90°angle etc.

TABLE I.  SAMPLE TRAINING DATA 

C90 C135 L0 L45 L90 L135 Label 

0,040414 0,076267 0,91083 0,88181 0,93734 0,88094 A 

0,03165 0,051598 0,87263 0,82111 0,89269 0,82069 A 
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0,02443 0,062726 0,88888 0,87363 0,94998 0,87169 A 

0,038466 0,088221 0,80603 0,77591 0,90258 0,77488 A 

0,043501 0,084148 0,83501 0,80578 0,89541 0,79785 B 

0,029763 0,046631 0,65786 0,51001 0,71078 0,52107 B 

0,043065 0,15724 0,62025 0,59862 0,89714 0,59345 B 

0,024143 0,043709 0,74565 0,68661 0,83128 0,68507 B 

0,023148 0,047316 0,91926 0,90381 0,95439 0,90679 B 

0,041837 0,10722 0,76995 0,74034 0,89948 0,74183 B 

0,042542 0,10765 0,77484 0,7497 0,908 0,76786 C 

0,007576 0,040417 0,63174 0,63349 0,92763 0,61665 C 

0,005649 0,039971 0,26669 0,26773 0,8938 0,25417 C 

0,046941 0,13563 0,53493 0,49927 0,82617 0,50017 C 

0,023442 0,075833 0,85024 0,83771 0,95101 0,84152 C 

0,016924 0,051342 0,57847 0,54986 0,85269 0,55322 D 

0,034852 0,080501 0,79101 0,73985 0,9085 0,78819 D 

0,024959 0,070892 0,83014 0,81902 0,93249 0,80603 D 

0,03657 0,09994 0,83019 0,81694 0,93241 0,81452 D 

TABLE II.  SAMPLE TESTING DATA 

0,14777 0,15522 0,043065 0,15724 0,62025 … 0,9322 

0,088611 0,11898 0,048778 0,083889 0,86263 … 0,95806 

1. Finding the Euclidean Distance 

Calculating the Euclidean distance is calculating 

the root in the test data minus the training data and 

then squared on each training data. After calculating 

it produces the table below. 

2. Sorting data by 5 nearest neighbors 

The determination of the value of K is 

determined as k = 5, meaning that 5 data records 

will be taken with the closest distance value. 

3. After ranking the 5 smallest data and then 

checking the class on the nearest neighbor. 

TABLE III.  KNN WITH K=5 

 

 

From this data processing, the closest neighbor 

sequence is data with data id 166C which has a label C, 

in sequence 2 there is data with id 320D with label D. 

In the order of closest distances, sequences 3 and 4 with 

test data are data labeled A with data id 2A and 4A. In 

the last order, there is data 162C with label C. From the 

data processing, the test data has the majority of 

proximity to data labeled A and C. 

D. Optimation with Adaboost 

In the adaboost optimization process, the same 

sample data will be used with the data above in the knn 

process [8]. 

• The first stage is to determine the sample 

weight of the data. Sample weights are selected 

from 1 divided by the total number of datasets. 

There are 20 datasets used, so the weight on the 

sample records is 1/20. 

• The next stage is to determine the total number 

of possible errors that can occur. And errors that 

may occur 1/20. 

• The third step is to calculate the performance 

value. 

• The last stage is normalization of weight. 

E. Modeling Process 

1. Experiment without Adaboost 

The next stage is to apply the KNN algorithm in 

the workspace. First click and put the training data 

into the blankpage, test data and look for the KNN 

algorithm and apply the model and performance for 

the confusion matrix. Search can be done by typing 

in the toolbar. After everything is there and 

complete, connect the training data to the KNN 

algorithm as shown below. 

ID Label D RANK 

2A A 0,110198 3 

4A A 0,110253 4 

162C C 0,156476 5 

166C C 0,078499 1 

320D D 0,100962 2 
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Fig. 3. Rapid Miner Knn 

2. Experiment with Adaboost 

In implementing this adaboost, special attention 

needs to be paid to the rapid miner step. The 

important thing is the implementation of adaboost 

for optimization of the training data rule attributes 

and the k-nn algorithm in the workspace. 

 

Fig. 4. Rapid Miner with Adaboost 

Details of the experimental value of k on knn 

adaboost from numbers 5 – 30, the greatest accuracy 

value is obtained at the value of k = 5. 

TABLE IV.  ACCURACY COMPARISON KNN WITH KNN 

OPTIMIZATION ADABOOST 

K KNN KNN & adaboost 

5 80,31 91,56 

7 67,50 91,56 

9 69,06 83,44 

11 60,94 76,56 

13 62,19 66,88 

15 59,69 64,06 

17 59,69 66,25 

19 59,19 64,06 

21 61,25 65 

23 60,62 64,06 

25 58,75 63,44 

27 58,13 65,31 

29 55,93 64,69 

IV. CONCLUSIONS 

To improve the accuracy of the Knn algorithm in 

the process of classifying the quality of wood board 

grades at Kph Perhutani Cepu which will be forwarded 

to the District Research and Development Center. 

Semarang, data processing is carried out with the knn 

process optimized with adaboost. This is because 

Adaboost can improve accuracy in data processing with 

the Knn algorithm. The k-nearest neighbor algorithm 

produces 80.31% accuracy results, while adaboost 

optimization can increase the accuracy to almost 100% 

with an increase of about 19.9%. 

TABLE V.  ACCURACY WITH KNN ALGORITHM 

 

TABLE VI.  ACCURACY KNN WITH ADABOOST ALGORITHM 

 

From the data above, the boosting method, namely 

adaboost, has been proven to increase the accuracy of 

the KNN algorithm on wood sample data. 

In the cross validation experiment, trials have been 

carried out with different k values, namely from 

numbers 10 – 30 with a value of k at knn k = 5 in the 

experiment. So that the difference in accuracy obtained 

is conveyed in the following chart. 

So we can conclude that the addition of adaboost 

optimization in k-NN processing can increase accuracy 

so that the testing data input process can provide more 

precise results than using only the knn classification 

algorithm. 

 

Fig. 5. Comparasion of Accuracy by Knn and Knn Adaboost 

This research contributes ideas for the development 

of business processes in Perhutani, especially Kph 

Cepu, especially in the process of buying and selling 

wooden boards. A good and correct dataset plays an 

important role in the accuracy produced, so that in 

future research it is necessary to pay attention to taking 

datasets in both numbers and are expected to update the 

data set. 
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