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ABSTRACT 
PT FAN Integrasi Teknologi is a company in the field of information technology that has sales activities as the basis for recording 
and evaluating sales performance. The sales performance appraisal process is still carried out manually using spreadsheets and 
separate documents, causing the recapitulation process to take time and make it difficult for management to evaluate performance. 
This research aims to develop and build a web-based sales performance information system that can integrate data management 
and help the sales performance evaluation process. The system development method used to classify sales performance is based on 
the variables of total score, number of projects, and win rate, applied to a dataset of seven historical sales records at the  company. 
The results of the research are in the form of a sales performance information system that provides data management, dashboards, 
performance analysis, and reports. The clustering process grouped sales into three exploratory categories, namely High Performer, 
Medium Performer, and Low Performer, based on similarity in the selected variables rather than an independently validated 
performance standard. A beta test involving eight respondents obtained an initial satisfaction score of 84.5%. These preliminary 
results indicate that, as a company-specific prototype, the system has potential as a tool for monitoring and supporting the evaluation 
of sales performance at PT FAN Integrasi Teknologi, pending further validation with a larger dataset. 
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INTRODUCTION 

An information system is a collection of hardware, software, and data components integrated to support 
organizational decision-making. In sales-driven organizations, sales performance data functions as a key indicator for 
management to evaluate employee contribution and guide decisions such as coaching, incentives, and process 
improvement. At PT FAN Integrasi Teknologi, an information technology company whose revenue depends on active 
sales operations, this evaluation process is still carried out manually using spreadsheets and separate documents [3]–
[8]. This condition slows down data recapitulation, increases the risk of recording errors, and makes it difficult for 
managers to compare performance across periods. This research focuses on developing a web-based sales 
performance information system that automates data recapitulation and applies a similarity-based grouping method 
to support the categorization of sales performance. 

Two streams of prior research are directly relevant. The first concerns User-Centered Design (UCD) for business 
information systems [1], [2], [3] applied UCD to design library, sales, and academic information systems and reported 
that placing users at the center of the requirements and design stages improved interface usability. More recently, [4], 
[5] and [6], [7] applied UCD specifically to e-commerce sales systems, both finding that early user involvement 
increased perceived ease of use. The second stream concerns K-Means Clustering for performance and sales data [8], 
[9], and [10], [11] used K-Means to classify employee performance or discipline into a small number of categories, 
while [12], [13] , and [14], [15], [16] applied the same algorithm to group sales and product transaction data. [17] 
combined K-Means with IT service-desk data to assess staff performance. Methodologically, [18], [19], in a 
comprehensive review of K-Means variants, confirm that the algorithm remains the most widely used clustering 
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method for its simplicity, while cautioning that its outcome is highly sensitive to the number of clusters and initial 
centroid chosen by the user. 

Despite this substantial body of work, UCD studies [20], [21], [22] and K-Means studies [23], [24], [25] largely proceed 
as separate lines of research. UCD studies focus on interface usability without an embedded analytical grouping 
method, while K-Means studies focus on clustering accuracy on a dataset without integrating the method into a 
complete, user-evaluated web application covering the full workflow from data entry to dashboard visualization and 
reporting [26], [27], [28], [29], [30]. In addition, few of these studies explicitly discuss how the number of clusters is 
determined, or acknowledge that when k is fixed to match predefined business categories rather than statistically 
validated, the resulting groups represent an exploratory rather than an objective performance measure [31]. This 
leaves a gap between technically oriented clustering studies and practically deployable, user-centered systems that 
communicate the exploratory nature of their analytical output to management [31]. 

This research addresses that gap by integrating UCD and K-Means Clustering into a single web-based sales 
performance information system, iteratively designed with input from company stakeholders and evaluated through 
beta testing, while explicitly treating the resulting High, Medium, and Low Performer categories as an exploratory, 
similarity-based grouping rather than a validated measure of objective performance. The novelty lies in combining (1) 
a UCD-driven development process for a sales-specific dashboard and reporting feature, (2) a transparent K-Means 
grouping based on total score, number of projects, and win rate, and (3) an explicit acknowledgment of the method's 
exploratory scope, within one deployed system evaluated at PT FAN Integrasi Teknologi, an aspect not addressed 
jointly in the UCD or K-Means studies reviewed above. 

This research aims to design and build a web-based sales performance information system using the User-Centered 
Design approach and the K-Means Clustering method, so that PT FAN Integrasi Teknologi can integrate sales data 
management, visualize performance through an interactive dashboard, and obtain an exploratory grouping of sales 
performance that supports, rather than replaces, managerial evaluation. 

MATERIAL AND METHOD 

System Development Method (UCD) 
This study uses User-Centered Design (UCD) as a system development approach that puts users as the main focus in 
each design stage. This method consists of four main stages: Understand Context of Use, Specify User Requirements, 
Design Solution, and Evaluate Against Requirements [32], [33], [34]. 

 

Figure 1. UCD method 

K-Means Clustering Method 
The data analysis technique used is K-Means Clustering, which is applied to group sales performance data based on 
the level of similarity. The analysis process includes data normalization, determination of the number of clusters, 
distance calculation using Euclidean Distance, and an iterative process until the optimal cluster is obtained. 

The three variables used in the clustering process are defined as follows: total score is the cumulative performance 
score obtained by a salesperson from completed projects during the observed period; number of projects is the total 
number of projects handled by that salesperson during the same period; and win rate is the percentage of proposed 
projects that were successfully won. The exact scoring formula and the normalization or scaling procedure applied to 
these variables before the distance calculation were not fully documented in the original computation and should be 
clarified and made reproducible in future work [35], [36]. 

Distance calculation in the K-Means Clustering method is carried out using Euclidean Distance to measure the 
proximity between data. Euclidean Distance is a commonly used method in the clustering process because it is able to 
accurately calculate distances based on the value of data attributes [37], [38]. 
The Euclidean Distance formula is as follows: 
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de = √∑(ai − bi)2
n

i=1

 

(1) 

Description: 
𝑑𝑒 = Euclidean distance 
𝑎𝑖 = the value of the i-th data attribute 
𝑏𝑖  = the value of the i-th centroid attribute 
n = the number of variables (features) used in the distance calculation, namely three in this study: total score, number 
of projects, and win rate 

This distance calculation is used to determine the proximity of each data to the centroid so that it can be grouped into 
appropriate clusters [39]. 

Stages of the K-Means Clustering process, which starts from the input of sales performance data, determination of the 
number of clusters, centroid initialization, calculation of distances between data, inward grouping of data, nearest 
clusters, to centroid updates and produces a stable final cluster. 

 
 

Figure 2. Stages of the k-means clustering process 

 
Data Collection Technique 
Data collection is carried out through: (1) direct observation of the sales performance management process at PT FAN 
Integrasi Teknologi; (2) Interviews with HRD Managers, General Managers, and Sales and Marketing Managers; (3) 
Literature Study by reviewing literature, journals, and articles related to sales performance information systems and 
K-Means Clustering. 

RESULTS  

The results of the study include cluster determination, K-Means calculation, system design, interface implementation, 
and testing. The system developed integrates sales data management and performance analysis so that clustering 
results can be used as information to support evaluation. 

Determination of the Number of Clusters 
This study uses 3 clusters that represent the sales performance category, namely High Performer, Medium Performer, 
and Low Performer. The number of clusters (k = 3) was set in advance to match these three predefined managerial 
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categories, rather than determined through a statistical validation method such as the elbow or silhouette approach; 
validating this choice of k statistically is left for future work. 

Table 1. Cluster categories 

Cluster Categories 

C1 High Performer 
C2 Medium Performer 
C3 Low Performer 

The use of three clusters aims to simplify the process of evaluating and interpreting the results of sales performance 
analysis. 

Early Centroid Determination 
Once the number of clusters is determined, the next stage is to determine the initial centroid as the temporary center 
in the K-Means Clustering process. 

In this study, all sales data is used in the clustering process. However, to start the K-Means iteration process, an initial 
centroid is required that serves as the initial reference point for data clustering. 

In the manual calculation stage of the K-Means Clustering method, all sales performance data is used as data that will 
be grouped based on the total score, number of projects, and win rate. The data is used as initial data in the clustering 
process. To protect employee privacy, the seven salespeople are identified in this article using anonymous codes S1 to 
S7 instead of their real names. 

Table 2. Early centroid values 

Yes Sales Total Score Number of Projects Win Rate 

1 S1 72 27 22,22 
2 S2 65 24 16,67 
3 S3 63 25 16,00 
4 S4 61 22 18,18 
5 S5 57 25 12,00 
6 S6 56 22 13,64 
7 S7 52 24 12,50 

Based on this data, the initial centroid was selected from sales data representing the high, medium, and low-
performance categories. The election aims to ensure that the clustering process can produce optimal and 
representative data grouping. 

The initial centroids used are as follows. 

Table 3. Results of Initial Centroid Determination 

Cluster Sales Total Score Number of Projects Win Rate Representation 

C1 S1 72 27 22,22 High Performance 
C2 S3 63 25 16,00 Medium Performance 
C3 S7 52 24 12,50 Low Performance 

Data S1 was chosen as the initial centroid of C1 because it has the highest performance value compared to other sales. 
The data of S3 was chosen as the initial centroid of C2 because it has a medium performance value that can represent 
the medium category. Meanwhile, S7 was chosen as the initial centroid of C3 because it has a lower performance value 
compared to other data so that it can represent the low-performance category. 

The initial centroid value is then used as the center of the cluster while in the distance calculation process using the 
Euclidean Distance method. 

Euclidean Distance Calculation 
The calculation of the distance between the data and the centroid point is carried out using the Euclidean Distance 
method.  

Based on the initial centroid that has been determined beforehand, a calculation is carried out to calculate the distance 
adapted for each sales data. 

Example of calculating the distance of S1's data to the C1 centroid: 

𝑑 = √(72 − 72)2 + (27 − 27)2 + (22.22 − 22.22)2 = 0 

Example of S3's data distance calculation to C2 centroids: 

𝑑 = √(63 − 63)2 + (25 − 25)2 + (16.00 − 16.00)2 = 0 



182 

Mawardi and Arifin.   

Example of calculating the distance of S7's data to the C3 centroid: 

𝑑 = √(52 − 52)2 + (24 − 24)2 + (12.50 − 12.50)2 = 0 

The results of the Euclidean Distance calculation can be seen in the following table. 

Table 4. Euclidean Distance Calculation Results 

Sales Total 
Score 

Project Win Rate C1 C2 C3 Cluster 

S1 100 30 33.33 0.00 19.43 68.82 C1 
S7 90 30 16.67 19.43 0.00 52.94 C2 
S2 90 30 16.67 19.43 0.00 52.94 C2 
S5 75 30 16.67 30.04 15.00 39.09 C2 
S4 75 30 16.67 30.04 15.00 39.09 C2 
S3 50 25 0.00 60.30 43.62 10.00 C3 
S6 40 25 0.00 68.82 52.94 0.00 C3 

Clustering Results 
Based on the results of the Euclidean Distance calculation, each sales data is grouped into clusters with the smallest 
distance to the centroid. Data that has the closest distance to C1 goes into the High Performer category, C2 to Medium 
Performer, and C3 to Low Performer. This grouping is carried out based on the total score, number of projects, and 
win rate. 

The assignment of each sales record to its nearest cluster (C1, C2, or C3) is shown in the Cluster column of Table 4 
above (Euclidean Distance Calculation Results). A separate table that reproduced the same seven records with 
different, unreconciled values has been removed from this revision, since its figures could not be traced back to the 
raw data in Table 2. 

Final Centroid Values 
Using the cluster memberships obtained in the first iteration (Table 4), the centroid of each cluster was recalculated 
as the average of the total score, number of projects, and win rate of its member records, producing the following 
updated centroid values 

Table 5. Final centroid values 

Cluster Total Score Total Project Win Rate Cluster 

C1 100 30 33.33% High Performer 
C2 82.5 30 16.67% Medium Performer 
C3 45 25 0.00% Low Performer 

Based on The Results of The Grouping: 
This manuscript reports the centroid update after a single iteration only. A full K-Means run would repeat the distance 
calculation and centroid update until the cluster memberships no longer change; because that second iteration was 
not performed here, the three-cluster solution above should be read as an illustrative first pass rather than a fully 
converged result. 
1) The C1 cluster consists of the highest-performing salespeople.  
2) The C2 cluster consists of sales with medium performance.  
3) C3 consists of sales with low performance.  
The results of the cluster are then used to calculate the new centroids based on the average values in each cluster. 

Use Case Planning 
The design of the system is illustrated through a Use Case Diagram which shows the interaction between actors and 
the features of the system. There are two main actors in this system, namely Sales and Marketing Managers and sales. 
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Figure 1. Use case diagram 

Figure 3 shows the Use Case Diagram of PT FAN Integrasi Teknologi sales performance information system. Sales and 
Marketing managers have access to all system features, while Sales have limited access to the Dashboard, My Sales, 
and My Performance. All features can be accessed after the user logs in through the include relationship. 

System Implementation 
Results The implemented system developed is presented through the following interface view the system provides a 
performance analysis flow that includes determining the analysis period, creating a performance recap, grouping 
using K-means, and storing results. 
 

 

Figure 2. Sales performance analysis flow on the system 

Figure 4 shows the flow of the sales performance analysis process in the system, which includes determining the 
analysis period, creating performance recaps, clustering using K-Means, and storing results. 
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Figure 3. Results of sales performance grouping 

The results of the analysis grouped sales performance into three categories, namely High Performer, Medium 
Performer, and Low Performer, based on the final score, total score, number of projects, and target achievement status. 
These results are consistent with previous studies indicating that K-Means Clustering can produce a similarity-based, 
exploratory grouping of performance data, rather than an independently validated or fully objective measure of 
performance. This research also integrates K-Means Clustering with the User-Centered Design (UCD) approach in a 
web-based system equipped with dashboards and follow-up recommendations to assist management in monitoring 
and determining performance improvement strategies. 
 

 

Figure 4. Details of sales performance analysis results 

System testing 
System testing is carried out using the Black Box Testing and White Box Testing methods to ensure that the 

system runs according to the needs of users [13]. Black Box Testing is carried out by testing the main functions of the 
system from the user side, including login, sales data management, performance data, performance targets, K-Means 
analysis, dashboard clustering, and report creation. Within the scenarios tested, these functions ran according to the 
expected results; a complete test-case log recording preconditions, inputs, and the pass or fail status of each individual 
scenario was not documented in this study. 

White Box Testing is done by examining the structure and internal logic of the program on the main functions 
of the system. Testing is done to ensure each logical flow can run correctly. Based on the test results, the logical paths 
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reviewed executed without errors; formal code-coverage metrics such as statement or branch coverage were not 
measured in this study[40]. 
Thus, within the scope of the scenarios examined, the Black Box and White Box testing indicate that the system's core 
functions behaved as expected. Broader verification, such as security testing, load and concurrent-user testing, and 
regression testing, was not carried out and remains a limitation of this study. 

 
DISCUSSION 

The decision to apply K-Means Clustering to sales performance data is consistent with a substantial body of recent 
work that uses the same algorithm to group employee and workforce records. Ibnu et al. [25] and Dewi et al. [26] each 
grouped staff performance quality into a small number of categories using K-Means, Murni et al. [27] applied the 
algorithm to employee discipline records at a village government office, and Rakhmawaty et al. [28] compared K-
Means with Fuzzy C-Means for evaluating employee performance and discipline at a manufacturing company. More 
recently, Sakalessy and Purnomo [30] used K-Means to categorize information-technology staff performance at a 
mining company based on service-desk activity data. Across these studies, K-Means is consistently treated as an 
exploratory tool for surfacing similarity-based groups rather than a validated instrument for certifying individual 
performance, which is in line with the exploratory framing adopted for the High, Medium, and Low Performer 
categories in this study. 

A parallel line of research applies K-Means specifically to sales and transaction data rather than to workforce records. 
Ridzki et al. [29] clustered best-selling product data at a grocery store chain, Al Rasyid et al. [37] grouped product sales 
at an online shop, and Yahya and Kurniawan [32] clustered sales transactions based on sales patterns at a retail store, 
reporting a Euclidean distance formulation consistent with the one used in this study. Chairunnita et al. [33], Miranda 
and Sriani [34], and Manarung et al. [35] each used K-Means to segment retail sales data for inventory or marketing 
decisions, while Deli et al. [36] combined K-Means with an R Shiny dashboard to segment marketing budgets and 
product sales in the retail sector. These studies confirm that K-Means is a common and practical choice for grouping 
sales-related data in small and medium enterprises, supporting the general approach taken in this study, although 
most of them worked with considerably larger transaction datasets than the seven sales records available here. 

At the same time, the broader clustering literature raises concerns that are directly relevant to the limitations already 
noted in this study. In their comprehensive review of K-Means variants, Ikotun et al. [31] highlight that the algorithm's 
performance is highly sensitive to the number of clusters and the initial centroid selection specified by the user, and 
that determining an appropriate number of clusters for a given dataset remains an open challenge, particularly when 
that number is fixed in advance rather than derived from the data through methods such as the elbow or silhouette 
approach. This concern reinforces the position already taken in the Method and Conclusion sections of this study: 
because k = 3 was set to match the three predefined managerial categories rather than validated statistically, and 
because the clustering was carried out on only seven records, the resulting groups should be read as an illustrative, 
exploratory grouping rather than a definitive segmentation of sales performance. 

On the interface-design side, the use of User-Centered Design in this study mirrors its use in other recent web-based 
sales systems. Amanda and Putri [38] applied UCD to design an e-commerce sales system, and Alja et al. [39] used the 
same approach for e-commerce UI/UX design, both reporting that involving users early in the requirements and design 
stages improved the perceived ease of use of the resulting system. The present study's use of UCD for the dashboard 
and reporting features is consistent with these findings, although, as noted in the Methodology section, this study 
interviewed only managers during the context and requirements stages, whereas a fuller application of UCD would 
also involve the sales staff who use the Dashboard, My Sales, and My Performance features directly. 

Taken together, this comparison suggests that the system developed in this study follows established practice in 
combining UCD with K-Means Clustering for a business information system, and that its clustering results are broadly 
plausible when set against similar small-scale studies. Its main point of difference from the studies reviewed above is 
scale: most prior sales-clustering studies worked with dozens to thousands of transaction or employee records, 
whereas this study clustered only seven sales records from a single company. This difference reinforces, rather than 
contradicts, the limitations already identified in the Conclusion, and points to a clear direction for future work, namely 
validating the same UCD and K-Means approach on a larger, multi-period dataset before drawing firm conclusions 
about its effectiveness for sales performance evaluation. 
 

CONCLUSION 
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A web-based sales performance information system was successfully developed using the User-Centered Design (UCD) 
approach at PT FAN Integrasi Teknologi. The system integrates sales data management, displays an interactive 
dashboard, and produces performance reports in PDF format. The application of K-Means Clustering grouped sales 
performance into three categories, High Performer, Medium Performer, and Low Performer, based on the variables of 
total score, number of projects, and win rate. Because the number of clusters (k = 3) was set in advance to match these 
three managerial categories, rather than determined through a statistical validation method such as the elbow or 
silhouette approach, and because the analysis was applied to only seven sales records from a single company, the 
resulting groups should be read as an exploratory, similarity-based grouping rather than an independently validated 
or fully objective measure of performance. Based on beta testing involving eight respondents, the system received an 
initial positive response, with an average satisfaction score of 84.5%; a fully documented instrument, a larger and 
more diverse respondent sample, and a clearer breakdown of respondent roles are needed before this figure can be 
treated as conclusive evidence of usability. 

This study has several limitations that should be considered before wider use. The clustering analysis was based on 
only seven historical sales records from a single company, which is a very small sample for a three-cluster solution. 
The procedure used to normalize or scale the raw performance data before the distance calculation was not fully 
documented and should be clarified and made reproducible in future work. Only one iteration of the K-Means 
algorithm was reported, so full convergence of the clustering was not verified. The beta test involved a small number 
of respondents using an instrument that was not described in detail. Because the resulting performance categories 
could influence how management perceives an individual salesperson, they should be used only as a supporting, 
human-reviewed input to performance discussions, not as the sole or automatic basis for reward, training, promotion, 
or disciplinary decisions, and employees should be able to view and question the data and classification used in their 
own evaluation. 

The system is best positioned as a company-specific prototype with a preliminary user evaluation. Broader claims of 
operational readiness should wait until data quality, cluster validity, fairness, explainability, security, and role-specific 
usability have been further demonstrated. 

Further development can add an automatic notification feature when sales performance is below target and improve 
security and user access rights. Subsequent research can also compare other clustering methods, such as K-Medoids, 
and add assessment variables such as customer satisfaction levels to make the evaluation results more comprehensive, 
validate the choice of k using statistical methods such as the elbow or silhouette approach, run the K-Means process 
to full convergence across multiple iterations, and evaluate the system on a larger, multi-period dataset covering more 
than one company. 
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