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ABSTRAK 
Service Quality Assurance (SQA) adalah salah satu unit di PT XYZ sebuah perusahaan e-

commerce Indonesia. SQA bertanggung jawab untuk memastikan dan menjaga layanan yang diberikan 

kepada pelanggan oleh agen Customer Service untuk memenuhi standar kualitas perusahaan. Namun 

aplikasi tersebut dibangun tanpa integrasi dengan sistem Customer Relationship Management (CRM) yang 

merupakan aplikasi layanan pelanggan utama di PT XYZ. Masalahnya adalah jika perusahaan 

membutuhkan data SQA, mereka harus menginput data secara manual dari SQA ke CRM. Hal ini dapat 

menyebabkan kerentanan dalam proses input data. Akibatnya berdampak pada bisnis proses perusahaan 

yang tidak efisien dan dapat merugikan dari sisi material maupun immaterial. Tujuan penelitian ini adalah 

untuk memberikan rekomendasi dalam meningkatkan kualitas data SQA agar perusahaan dapat 

menggunakan data tersebut untuk diintegrasikan ke dalam sistem CRM. Metode Total Data Quality 

Management (TDQM) digunakan untuk penelitian ini dengan tiga dimensi yaitu kelengkapan, validitas dan 

akurasi. Hasil dari masing-masing dimensi adalah 99,64% untuk dimensi kelengkapan, 84,75% untuk 

validitas, dan 100% untuk akurasi. Aturan bisnis pada dimensi validitas yang memiliki kualitas data 

terendah V1 28,57% dan V6 65,11%. Faktor permasalahan yang teridentifikasi adalah kamus data yang 

tidak lengkap, dokumen SOP yang tidak lengkap dan kadaluwarsa, serta tidak adanya kontrol terhadap 

proses bisnis dan data pada aplikasi. Rekomendasi untuk meningkatkan kualitas data aplikasi adalah PT 

XYZ dapat melakukan kajian mendalam terhadap peran bisnis sehingga semua proses bisnis dapat 

terdefinisi dengan jelas, dan regulasi dapat dituangkan dalam dokumen SOP. Penggunaan data referensi 

spesifik untuk setiap domain untuk meningkatkan legitimasi data dan menaikkan tingkat kesesuaian data.  

Kata kunci: total data quality management, service quality assurance, e-commerce   

 

ABSTRACT 
Service Quality Assurance (SQA) is one of a unit in PT XYZ an Indonesian e-commerce company. 

SQA is responsible for ensuring and maintaining services given to customers by Customer Service agents 

to meet the company's quality standard. However, the application was built without integration with the 

Customer Relationship Management (CRM) system, the main customer service application at PT XYZ. 

The problem is that if companies need SQA data, they must manually input data from SQA to CRM. This 

can cause vulnerabilities in the data input process. As a result, it impacts the company's business processes, 

which are inefficient and can be detrimental both materially and immaterially. This research aims to provide 

recommendations to improve the quality of SQA data so that companies can use the data to be integrated 

into the CRM system. The Total Data Quality Management (TDQM) method was used for this study with 

three dimensions: completeness, validity and accuracy. The results of each dimension are 99.64% for 

completeness, 84.75% for validity, and 100% for accuracy. Business rules on the validity dimension that 

have the lowest data quality are V1 28.57% and V6 65.11%. The problem factors were identified as an 

incomplete data dictionary, incomplete and obsolete SOP documents, and no business processes and data 

control on the application. Recommendations to improve the data quality of the application are PT XYZ 

can conduct an in-depth study of business roles so that all business processes can be clearly defined and 

regulations can be set forth in SOP documents. The use of specific reference data for each domain can be 

used to increase data legitimacy and the level of data suitability. 

Keywords: total data quality management, service quality assurance, e-commerce 

 

1. INTRODUCTION 
Data is an asset that has a high selling value today. Data can be transformed into information that 

can be used by companies in making strategic decisions. The quality of decisions must be supported by the 

presentation of accurate information so that the quality of data is crucial to be maintained and appropriately 
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managed [1]. Data quality has become a challenge for companies in terms of data management. Data quality 

is very important to achieve the goals of the company, and if the data quality in a company is poor, it will 

cause problems that will occur in the future [2]. Poor data quality will disrupt productivity, increase 

operational costs, affect customer satisfaction levels, and make decisions inaccurate [3]. It is essential to 

learn the factors of poor data quality and the significance of data quality. 

Based on research conducted by [4], data quality problems impact business losses in the United 

States (US) up to 600 billion dollars per year. Other research conducted by [5] also stated that data quality 

problems in a retail database cost consumers as much as 2.5 billion dollars annually. That means data 

quality management is crucial to preventing risks, especially those that impact financial losses. 

PT XYZ is an Indonesian technology company engaged in e-commerce. PT XYZ's main business 

is to provide online buying and selling services that connect sellers and buyers on a C2C (Customer-to-

Customer) basis [6]. PT XYZ strives to be a data-driven company, processing data into information to help 

make decisions and find insights to improve customer service quality. One of the main focuses of PT XYZ 

is to provide the best service to maintain customer relationships. This responsibility is carried out by the 

Customer Service Management (CSM) of PT XYZ. Not only maintaining the quality of the services 

provided, but CSM also performs a quality control function of the processes running on the unit. This 

function is carried out by Service Quality Assurance (SQA). SQA is a unit that ensures and maintains the 

services provided to customers by Customer Service (CS). The process is carried out on a Q-Framework 

information system. SQA will ensure the running process is carried out properly following the applicable 

SOP. The SQA unit has an application that functions to automate and centralize operational processes. The 

application is a stand-alone system without any integration with CRM. The process of data input is done 

manually, and there is no automatic validation process that makes data input errors prone to occur. It 

becomes a challenge for SQA to ensure the completeness and accuracy of data, particularly in maintaining 

the quality of reporting and analysis to aid decision-making. 

Currently, the system has been running for two years. As long as the system is running, there are 

no major obstacles in the process. But SQA and several leaders from the CSM division who use the system 

also experience several challenges. The manual input process provides its own challenges to ensure the 

correct data is entered. Another challenge is that there is no automatic validation process from the system 

because there is no direct integration with PT XYZ main system. These challenges can have an impact on 

decreasing data quality. When there is an input error, it will affect the reporting data and the analysis process 

up to the decision-making process. There are plans to build a new system integrated with the PT XYZ main 

system. The system will be integrated in terms of data and architecture so data quality and system 

performance will improve. Therefore, data quality analysis will be needed to provide some 

recommendations that can be made during the integration process. 

The previous study [7] explained that this study aimed to determine the dimensions, assessment, 

and analysis of data quality in tertiary institutions with case studies at the Statistics Institute. This paper 

analyses data using the Total Data Quality Management (TDQM) framework. However, it has limitations 

in its research, namely, research is only carried out up to the stage of analyzing the causes of data quality 

problems in the company's core business and measurements are carried out only in submitting guarantee 

certificates and some related main data. Research on the application of the TDQM method has also been 

carried out [8]. The research explains that a company's success in increasing profits and managing the risk 

of loss is largely determined by data. Good data quality can improve the quality of decision-making at the 

top management level. The limitations of this research are that the research is only carried out up to the 

stage of analyzing the causes of data quality problems in the company's core business, and measurements 

are carried out only in the process of submitting guarantee certificates and some related master data. 

In a different case study, research [9] explains that a company's success in increasing revenue and 

managing risk of loss depends on data. High-quality data results in good, quality decision-making at the 

top management level. The data quality assessment results show four main causes of BCP data quality 

problems and five recommendations for prevention and improvement. There are limitations in this study, 

namely this research was carried out only up to the stage of the strategy for improving data quality in a 

process-driven manner, so further stages were needed in the TDQM implementation process. According to 

[10] poor data quality can have a negative impact on organizations, such as poor decision-making and 

planning. Based on these problems, this paper presents and analyzes a case study developed by a 

government agency, BPS Kabupaten Kaur. For analysis, a data quality maturity model is used to measure 

the implementation of data quality management in organizations. However, this study has several 

limitations, namely, the research was only conducted in one office, in one district, and the data collection 

method used a questionnaire without direct interviews and observation. 
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Based on the problems and research that has been done before, the researchers used the TDQM 

method to measure the quality of the data whose output is to provide recommendations to the top 

management of PT XYZ SQA unit to ensure maximum data quality to increase customer loyalty and be 

able to use it for decision making. It is also hoped that the results of this study can be continued to conduct 

an assessment of data quality in other processes at PT XYZ. This research is the first case study conducted 

in the field of service quality assurance at PT XYZ using the TDQM method. 

2. THEORY AND METHODOLOGY 
SQA application 

The SQA application is an information system aimed at centralizing data and automating the 

reporting and data analysis process carried out by the SQA unit. The processes in the system include 

sampling, scoring, coaching, finding, and interaction. Currently, the application does not automatically 

integrate with the CRM system, so data is entered manually. 

Data quality 

Data can be high quality if it meets the aspects its users will manage. The data must be accurate, 

according to the time needed, relevant, complete, accountable, and understandable [11]. In other words, the 

user's aim and goal significantly impact the data quality. DAMA International 2010 says that a data quality 

measurement process is required to set data quality expectations, measure data quality improvements, and 

help find the factors of data quality problems. To assess the data quality, a sequence of activities needs to 

be carried out that combines the definition of the data itself and the applicable business rules [12]. 

Data quality measurement 

Measurement of data quality is inseparable from data quality. Data quality management includes 

planning, implementing, and controlling data activities supported by data quality methodologies [12]. 

Methodologies that can be used to measure data quality include TDQM, which consists of four stages. The 

stages of the TDQM methodology include defining the dimensions of data quality, measuring data quality 

based on a predetermined dimension matrix, analyzing measurement results to identify the main problems 

in the data, and finally, improving data quality based on the results of the analysis [13]. The TDQM 

methodology can be used to measure data quality in all processes within the organization [14]. 

Data quality dimension 

Data quality dimensions need to be defined by a company to analyze and measure data quality. By 

definition, the data quality dimension is a characteristic of the data quality required by data users. Data 

users will always be interconnected with the data model and the value of the data [12]. Companies must 

understand the context of their business needs before determining what quality dimensions are needed. The 

benefit of companies using existing quality dimensions is finding out the impact of poor data quality on 

compliance with company regulations, reputation, costs and so on [14]. Variable dimensional data that can 

be used to analyze and measure data quality are accuracy, completeness, accessibility, timeliness and 

consistency. Accuracy can show the extent to which the data is correct, reliable and can be presented in real 

terms. Completeness means that the attributes in the data must meet certain specific values in the data. 

Accessibility means the extent to which information in data can be accessed easily and is always available. 

Timeliness refers to the user's expected time in accessing data and data availability. Consistency is the 

extent to which the value of the data presented remains consistent when accessed anytime and anywhere. 

Some of these points can be used as metrics to measure the dimensions of data quality [15]. 

Methodology comparison 

Several methodologies can be used to assess data quality [16]. Based on the comparison of the 

methodology in Table 1, the researchers chose to use the TDQM method because it is very practical to be 

applied in improving data quality on an ongoing basis [17]. The phases of the TDQM include defining data 

quality dimensions (define), assessing data quality based on a predetermined dimensional matrix 

(measures), analyzing assessment results to find the significant issues in the data (analyze), and the final 

step is to improve data quality according to the outcome of the analysis (improved) [13]. The TDQM 

methodology can be used to assess data quality through the process in the organization [14]. 

Research instruments 

This study uses qualitative methods with interview techniques to identify business processes and 

business rules that are running, followed by quantitative methods to measure data quality. Interviews were 

conducted with 3 respondents, are an SQA manager, a lead analyst, and an SQA staff. Interview questions 

consist of 12 questions which are divided into 3 parts, are 3 questions about business processes, 5 questions 

about systems, and 4 questions about data. Interview was done by google meet and recorded.  
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Table 1. TDQM, DQA, and AIMQ comparison 

Parameters TDQM DQA AIMQ 

Acronym Total Quality Data 

Management 

Data Quality Assessment A method for evaluating the 

quality of information 

Components The cycle is 

defined, measured, 

analyzed, and 

improve 

 

Focus: product 

information 

Subjective and objective 

data quality evaluation, 

root cause analysis, 

comparative analysis, and 

action for improvement 

Have three main elements: 

product service performance 

model for information quality 

(PSP/IQ), based on a 

questionnaire to measure 

dimensions, benchmarking and 

role gap analysis. 

Type of data Structured and 

semi-structured 

Structured Structured, semi-structured and 

unstructured 

Assessment 

and 

development 

Comprehensive 

from the standpoint 

of implementation 

Disassociating between 

subjective and objective 

quality indicators 

It is a subjective form of 

evaluation that lacks a 

framework for improvement. 

Data collection  

For data quality analysis, the data used is 3-month period data from August 1, 2021, to October 

30, 2021. There are 11 tables, 85 columns, and 147,521 rows of data. The data is processed by querying 

directly into the internal database of the application system. To measure data quality, researchers conducted 

Structured Query Language (SQL) queries directly to the application database followed by conducting more 

interviews to analyze the outcomes of data quality assessment. 

Table 2. Column and table definition 

Table Name Total of Columns Total of Rows 

users 10 1,392 

users account 4 539 

mapping agent 8 3,846 

sampling 

individual 

7 19,787 

scoring 18 20,087 

parameter score 7 301,903 

case type 4 418 

agent mistake 4 1,138 

finding 8 1,183 

conversation 7 1,874 

coaching 8 167 

Total 85 147,521 

Based on the results of the interview data used (Table 2), the data only covered the main business 

processes, out of 22 tables only 11 tables are relevant to the process in our research. That includes users, 

users account, mapping agent, sampling individual, scoring, parameter score, case type, agent mistake, 

finding, conversation, coaching. This data will be used in analyzing the completeness of the dimensions. 

While the data that has been collected for the dimension of validity is in the form of coded rules, 

namely every sampling with a CE score = 0 will enter the finding category (V1), each finding with a CE 

score = 0 will enter coaching (V2), the cumulative score of each sampling must be between 0-100 (V3), 

QA must sample the tickets handled by the CS agent according to the defined agent mapping (V4), the 

username in the users account table must contain the email registered in the users table (V5), tickets that 

are sampled must match the tickets in the CRM system (V6), sampling duration must be in the same week 

from Monday to Sunday for Early ticket, Middle Ticket, and End Ticket (V7). In determining the accuracy 

of the data, PT XYZ uses the following rules ACC_Score = (60% x CE) + (40% x NCE) (AC1), each 

sampling with a CE score < 60 is categorized as a defect (AC2). 

Process data 

The results of the interviews show that to carry out quality control every week, the QA will take 

sample data every Monday-week on the Zendesk and third party dashboards which contain interactions 

made by agents in handling customers. The sample is in the form of a transaction id which will later be 

entered into the Q-framework and analyzed. The data that has been analyzed by the QA will be assessed 

according to the SOP and categorized if the agent's score is below 100 then it will enter the training process. 
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Analysis data 

Data analysis carried out in this study used SQL by querying directly to the database and analyzing 

each attribute using Microsoft Excel. For completeness, data is complete when all required data values are 

available. In addition, data must can represent a null value because in some cases the data may have no 

value which is related [18]. Incomplete data occurs when a null value is set for data that is supposed to have 

value. This indicates that the quality assessment process the data must be able to identify the cause of the 

null values found in the dataset before assessing the completeness of the data [18]. While validity, the data 

obtained is compared with the rules that have been set by the company. Rule is coded and queries directly 

to the database using SQL. The results of the query process are obtained if it is not 100% then there are 

attributes whose data is not valid. For accuracy dimension, based on the interview results obtained two rules 

in determining the accuracy of the data. The rules are given a code and then the query process to the 

database. If the results show below 100%, the data on these attributes can be categorized as inaccurate. 

3. RESULTS AND DISCUSSION 
Results 

The research was conducted by triangulation, that is interviews for data collection and testing the 

data by querying directly on the company database. The stages of the study were carried out using the 

TDQM method. From the 6 dimensions of data quality in the DAMA Book, it was determined by 

respondents 3 the quality of the data. Because only 3 dimension needed by the company for the data quality 

assessment process, namely completeness, validity, accuracy. These three dimensions are considered to 

represent the quality of the data currently used. 

Completeness dimension 
The measurement of the completeness dimension was carried out on 11 tables taken from the 

application database. In this dimension, the percentage of data that is not null in each table is carried out. 

 
Figure 1. Completeness of data attributes percentage 

Results in figure 1 show that in the completeness dimension there are 6 tables with a completeness 

value of 100%, which are the user table, sampling_individual, mapping_agent, parameter_score, scoring, 

and case_type. There are 5 tables with completeness values above 90%, that is the users_account table with 

a value of 99.40%, the agent_mistake table with a value of 99.98%, the finding table with a value of 96.75%, 

the conversation table with a value of 99.98%, and the coaching table with value 99.92%. On average, the 

completeness dimension has a value of 99.64%, which means that the overall data shows that all tables are 

filled according to the completeness of each table. 

Validity dimension 

The validity dimension is carried out by comparing the current business rules or SOPs with the 

processed data. Based on the results of interviews, obtained 7 applicable rules are every sampling with a 

CE score = 0 will enter the finding category (V1), each finding with a CE score = 0 will enter coaching 

(V2), the cumulative score of each sampling must be between 0-100 (V3), QA must sample the tickets 

handled by the CS agent according to the defined agent mapping (V4), the username in the users_account 

table must contain the email registered in the users table (V5), tickets that are sampled must match the 

tickets in the CRM system (V6), sampling duration must be in the same week from Monday to Sunday for 

Early ticket, Middle Ticket, and End Ticket (V7). 

https://doi.org/10.35508/jicon.v11i1.10138


 
J-ICON, Vol. 11 No. 1, Maret 2023, pp. 76~84   81 

DOI: 10.35508/jicon.v11i1.10138  

  

  

 

 

 

ISSN: 2337-7631 (printed) 

ISSN: 2654-4091 (Online) 

Validation results using queries directly to the database in accordance with these rules can be seen 

in figure 2. The average value of the validity dimension is 84.75%. It was identified that there was data that 

had the lowest validity value, that is the V1 rule of 28.57%, which means that not all ticket sampling data 

that has a score of 0 enter into finding. There is a ticket sampling that is not from the CRM system but from 

another system which is a third-party system that is not included in the results of interviews and 

documentation so it is not included in our analysis. There is also a V6 rule of 65.11% which means there is 

ticket sampling that is not found in the CRM system. It was found that the ticket sampling contained the 

transaction number or testing data, not the ticket number. With the validity value, it will certainly have an 

impact on invalid reporting results. 

Accuracy dimension 

Based on the results of interviews, obtained 2 rules that apply are the accumulated score must meet 

the function ACC_Score = (60% x CE) + (40% x NCE) (AC1), each sampling with a CE score < 60 is 

categorized as a defect (AC2). 

 
Figure 2. Validity of data attributes percentage 

In contrast to the previous dimensions, the results on the accuracy dimension of both the AC1 

rules and the AC2 rules both meet the accuracy criteria with an accuracy value of 100% can be seen in 

figure 3. This is because the calculation process has been automated by the system to reduce errors in 

calculations that can reduce accuracy. It can be concluded that the level of data accuracy in the two rules is 

quite perfect because the data input process and the data results are following the rules that have been set. 

 
Figure 3. Accuracy of data attributes percentage 

Discussion 

Based on the measurement results found factors causing data quality problems. The analysis 

process was carried out by interviewing the SQA staff and QA leads. The following factors were identified 

and can be made to improve data quality. For completeness dimension, on average completeness has a 

value of 99.64%, which means that overall, the data shows that all tables are filled according to the 

completeness of each table. Incompleteness does not reach 100% because there are some QA staff who do 

not complete the table provided. As research conducted by [19] states that the accuracy of the data and the 

weak participation of experts is a problem in this dimension. Research [20] provides recommendations to 

carry out regular reminders that are required for QA staff to complete data input. 

Besides that, based on the results of the completeness dimension in Figure I, it shows that the 

completeness of the data in conducting quality analysis on agents is very good and the QA team follows 
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the instructions for filling in the data carefully. Even though there are tables that are not filled in completely 

because the requested data is optional or not required to be filled in or the fields already include other tables. 

Research [21]  explains that the completeness of the data can also be based on identifying all existing data, 

documentation, and codes. One approach to data completeness is to add information or instructions for 

using data such as SOPs and describing data in the repository system.  

Repository is a data storage place that contains various data. The diversity of knowledge and 

expertise possessed by repository management staff becomes very important, the data that must be managed 

is very diverse Knowledge of metadata also needs special attention, not everyone have the ability to 

understand various standard metadata. Research [22] mentions completeness of metadata is needed to 

provide information related to data saved. Standard metadata that is generally used for data exchange it 

contains title, creator, description, subject, date, publisher, and contributor.  

Assessment of data quality depends on the understanding of a deep data curator defines a data that 

includes accuracy, relevance, representation, and accessibility. This is an obstacle in ensuring the quality 

of published data through the repository system. Therefore, increasing the competence of human resources 

regarding the assessment of data quality should be of particular concern. Data curation activities not just 

checking metadata, complete supporting data, instructions for use data, as well as legal aspects. However, 

research [22] state it is necessary to understand in substance, so that the data is managed and published can 

be reused and generate new data (reproduce). 

Based on the result of validity, V1 rule of 28.57% is ticket sampling data that has a score of 0 enter 

into finding. V6 rule of 65.11%  is ticket sampling that is not found in the CRM system. Ticket sampling 

that is not from the CRM system but from another system which is a third-party system. Therefore the value 

of the two rules is low because there is data that is pulled separately from the system being analyzed. 

Futhermore, the problem is data dictionaries and system documentation are incomplete and not up to date. 

Such as nullity information and documentation of business rules running on the system. This makes the 

analysis must be done manually as well as confirmation and validation of data to subject matter experts. 

Some business rules that are running have not all been documented and regulated in the SOP so errors can 

occur when inputting data such as incorrectly inputting the ticket number into a transaction number. There 

is no automatic data control process because the integration is done manually, such as the ticket data validity 

control that is sampled, which must be contained in the CRM system. In addition, there is no data identifier 

to separate test data.  

Validity can conduct in-depth studies on the business process that is running in the application and 

update SOPs and system documentation regularly, add a data identifier for data testing, carry out data 

control where the database in the CRM system becomes a reference to ensure legitimacy and improve data 

conformity. Create tools to measure data quality on a regular basis and determine the minimum threshold 

that meets business expectations as a control for monitoring data quality. 

The results on the accuracy dimensions of both rule 1 and rule 2 both meet the accuracy criteria 

with an accuracy value of 100%. This is because the calculation process has been automated by the system 

thereby reducing errors in calculations which can reduce accuracy. It can be concluded that the level of data 

accuracy in the two rules is perfect, because in the data entry process and the results of the data are in 

accordance with predetermined rules. Maintaining the current level of accuracy which has reached 100%. 

Existing automation processes can simplify and improve data accuracy. However, it is still necessary to 

back up such as manual processes in accordance with SOPs so that the maximum level of accuracy can be 

achieved.  

The research is expected to have an impact on related parties. For research side is adding new 

insights regarding data quality in e-commerce in Indonesia so that it is hoped that it can be applied and 

become a reference for other e-commerce. For company side is provide evaluation results and 

recommendations for improving data quality. So that before the integration process can do a good data 

quality screening before automating data integration between Q-Framework, Zendesk and the call center. 

In addition, PT XYZ can conduct data quality assessments in other processes. 

4. CONCLUSION 
The assessment of data quality at PT XYZ is carried out using the TDQM methodology with data 

quality measures on the aspects of completeness, validity, and accuracy. On the overall dimensions of 

completeness, the average has reached a perfect or near-perfect value. Each dimension which is 99.64% for the 

completeness dimension, 84.75% for validity, and 100% for accuracy.  However, there are two rules on the validity 

dimension which have a low value, that is the V1 rule of 28.57% because there is a sampling ticket data 

that has a CE score = 0 but does not enter the finding process. Then the V6 rule is 65.11% because not all 

sampling tickets come from the CRM system, but from another system which is a third-party system that 
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is not included in the results of interviews and documentation, so it is not included in our analysis. In 

addition, testing data was found where there is currently no identifier to separate testing data. There are 

also ticket data that contains transaction numbers that are not regulated in the SOP. 

From the results of observations and data quality problems factor analysis, several factors were 

obtained which are data dictionary and incomplete documentation, incomplete and up-to-date SOPs, and 

no control processes on business processes in the system. Therefore, our recommendations are given as a 

possible strategy for improving the data quality of the application. It is expected to be a suggestion for PT 

XYZ, especially the SQA unit to add more value to data as a company asset.  
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