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ABSTRAK 
This study was conducted to analyze revenue patterns, product segmentation, and customer retention in the 
H&M retail business using Kaggle competition data "H&M Personalized Fashion Recommendations." The 
urgency of this study lies in the need to understand revenue fluctuations and customer behavior in order to 
optimize business strategies. The data used includes transactions, articles, and customer profiles from 2018 
to 2020. The analysis methods applied include exploratory data analysis (EDA) analysis and customer 
segmentation using the RFM (recency, frequency, and monetary) model to identify customer groups based 
on purchasing behavior. The results of the study show that the highest revenue occurs in the middle of the 
year, with a sharp decline in growth in mid-2018. Low-recency customers contribute more to revenue, while 
product segmentation shows the need for stock adjustments, especially for baby/children and divided 
products. This study successfully identified key factors that influence revenue and customer retention and 
provided strategic recommendations for inventory improvement and market segmentation. These results 
are important for H&M to improve operational efficiency and improve marketing strategies in the future. 

 
Kata Kunci: EDA, RFM, Fashion retail.
 
INTRODUCTION 

In the fast-paced and dynamic 
digital era, the fashion retail industry is faced 
with a major challenge to deeply understand 
customer preferences and behavior [1]. 
Technological advances have driven an 
increase in the volume of transaction data [2], 
so that retail companies now have access to 
a variety of information about customer 
shopping patterns, purchase frequency, and 
transaction value. However, without proper 
management, this data often becomes an 
asset that is not utilized optimally. This is 
where the role of exploratory data analysis 
(EDA) and the recency, frequency, and 
monetary (RFM) method becomes very 
important to explore strategic insights that 
can lead to increased customer loyalty and 
retention [3]. 

Exploratory Data Analysis (EDA) 
enables companies to understand hidden 
patterns, anomalies, and relationships within 
data through visualization and statistical 
approaches [4]. With EDA, fashion retail 

companies can identify important trends 
such as when customers are likely to make 
purchases, which products are most in 
demand, and what factors influence 
purchasing decisions. Meanwhile, the RFM 
method, which focuses on three key 
elements: recency, frequency, and 
transaction value (monetary), provides an 
effective way to segment customers based 
on their shopping behavior [5]. With this 
segmentation, companies can direct more 
targeted and relevant marketing campaigns, 
improve customer experience, and 
ultimately optimize revenue. 

Combining EDA and RFM in 
customer data management provides a 
powerful analytical approach to improve 
fashion retail business performance [6]. 
With deeper insights into customer 
preferences, companies can tailor targeted 
product, promotion, and service strategies 
[7]. Furthermore, optimizing this data 
management helps companies make more 
accurate and efficient data-driven decisions, 
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creating sustainable added value in a highly 
competitive market. 

Research conducted by [8] using the 
RFM model and K-means clustering, with 
the results strengthening the understanding 
of customer segmentation, increasing the 
company's ability to drive loyalty, and 
increasing profitability through personalized 
strategies. Research by [9] with the results 
that the use of machine learning in sales 
forecasting can increase accuracy and 
efficiency and provide a competitive 
advantage for businesses.

Research by [10] used the K-Means 
and Hierarchical Clustering methods and 
EDA data analysis with results emphasizing 
the importance of customer segmentation in 
analyzing the market, which allows 
companies to develop more effective 
marketing strategies and increase 
competitiveness. 

Based on a number of literatures 
obtained, research on RFM and EDA has 
been widely conducted by comparing 
several methods, but not many use the 
competition dataset from Kaggle.com [11]. 
Therefore, this research was developed 
using the RFM method with EDA analysis 
using the competition dataset from 
Kaggle.com. 

 
RESEARCH METHODS 

This study uses a dataset from the 
Kaggle.com competition [11]. The RFM 
(Recency Frequency Monetary Value) 
method is widely used to segment customers 
by dividing the value into three parts:
− Low Value: classified as less active 

customers and visitors who do not make 
frequent purchases, providing very low 
income for entrepreneurs.

− Mid Value: classified as customers who 
frequently use the company's platform, 
quite often and generate moderate 
income for entrepreneurs. 

− High Value: customers who are 
classified as being able to provide high 
income for the company, low frequency, 
and inactivity 

 
The RFM method will be 

implemented by programming with Python 

language and machine learning to identify 
each group (group/cluster). The pseudocode 
is represented in figure 1. 
 

 
Figure 1. Pseudocode RFM 

 
The operating environment used to 

support this research is Intel Core i5 RAM: 
8 GB with Storage: SSD 256 GB. The 
operating system uses Windows 10 Python 
language with Jupyter notebook IDE. 
Python libraries: Pandas, Numpy, Scikit 
Learn, Matplotlib/Seaborn, and Datetime. 

Because the dataset is quite large, 
external processing with the help of GPU 
available on the Google NVIDIA Tesla T4, 
architecture: turing, memory: 16 GB 
GDDR6, CUDA Cores: 2560, tensor cores: 
320 (for enhanced deep learning 
performance), performance: can provide up 
to 8.1 teraflops (single-precision) and 65 
teraflops (tensor performance), use cases: 
great for AI inferencing, deep learning 
training, and machine learning tasks, 
especially for more energy-efficient 
processing. 

The research flow is shown in 
Figure 2. It starts with analyzing the dataset 
with EDA, followed by the dataset 
exploration process consisting of the 
revenue cycle and customer retention, 
followed by customer segmentation with the 
RFM method, then the visualization process 
using a treemap diagram. 
 

 
Figure 2. Research flow 

1. Import libraries 
2. Input dataset 
3. Set reference date 
4. Calculate RFM values 
5. Create RFM DataFrame 
6. Rank RFM and calculate RFM score 
7. Segment customers based on RFM 

Score 
8. Output result 



 

 

Seminar Nasional Teknologi Informasi dan Komunikasi (SeNTIK STI&K) STMIK Jakarta STI&K, 12 Oktober 2024 

519 

RESULTS AND DISCUSSION 
The proposed methodology is 

implemented on a synthetic dataset of H&M 
store customer transactions with 53 online 
marketplaces and 4850 stores. The stages of 
the research process start from: 
1.  Dataset Analysis 

The dataset obtained consists of 4 
files with csv extensions (“articles.csv”,
"customer.csv," "sample_submission.c sv,”
and “transactions_train.csv”) and 1 “images”
folder containing product image files with 
jpg extensions.The “sample_submission.csv”
file contains the file format for submission 
in this competition. This file contains 
predictions of 1,371,980 customer data that 
are expected to buy 12 products in the next 
time period (figure 3). 

 

 
Figure 3. File “sample_submission.csv” 

 
From the frequency histogram in 15 

product types, “Trouser” is the article with
the highest number of product type names 
(figure 4). 
 

 
Figure 4. Frequency of 
“product_type_names” 

 
The product type with the name 

"Trouser," the department with the name 
"Jersey," and the graphic name “Solid” have
the largest number of article_ids (figure 5). 
 

 
Figure 5. Number of articles for each 

product type name 
 

Customers who shop and receive 
services provided by H&M are mostly 
relatively young, between 20 and 30 years 
old (figure 6). 
 

 
Figure 6. Number of customers per age 

 
Figure 7-9: Sales channel group 2 

(online) managed to make a sales transaction 
volume that exceeded sales channel group 1 
(offline). The highest transaction volume 
value occurred in 2019 at the end of 
September (September) and the beginning of 
October (October), the end of November 
(November), and the beginning of December 
(December). However, the transaction price 
of each product item sold by sales channel 1 
exceeded sales channel 2. So sales channel 
group 2 has a higher sales volume but with a 
lower price for each product item compared 
to sales channel group 1. For offline 
transactions, there is empty data (no 
transactions occurred) around April 2020. 
 



 

 

Seminar Nasional Teknologi Informasi dan Komunikasi (SeNTIK STI&K) STMIK Jakarta STI&K, 12 Oktober 2024 

520 

 
Figure 7. Logarithmic distribution of 

transaction price frequency for each sales 
channel. 

 

 
Figure 8. unique articles per day, grouped 

by sales channel 
 

 
Figure 9. Plot of daily offline and online 

visitors 
 
2. Revenue Cycle and Customer
Retention 

This study will display some 
transaction data graphic information that can 
be used to help measure the business revenue 
cycle. Information about the company's 
highest daily revenue occurred around 29-
09-2019 and around 6-12-2019 (figure 10).  
 

 
Figure 10. Daily return 

 

Active customers each month can 
be visualized in the form of a histogram 
(figure 11). 
 

 

Figure 11. Monthly active costumers 
 

The new customer ratio occurred 
in December 2018 at almost 3.5% and 
continued to decline to 0.1% in December 
2020 (figure 12). 
 

 

Figure 12. New costumers ratio 
 
To find out the average number of 

customers who return to buy products and 
use services (retention) from the company, 
see the histogram in Figure 13. The highest 
average monthly retention occurred in 
months 7-8 2019 and 7 2020. 
 

 
Figure 13. Monthly retention rate 
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3.  Customer Segmentation 
One of the challenges in this 

research is the customer segmentation 
process using large and complex data, and it 
is impossible to treat each customer the same 
with the same content, channels, and needs. 
Each customer has different needs and 
profiles. Companies must be able to provide 
services according to the characteristics of 
the customers they face. If the company 
wants to increase the average retention, it is 
necessary to segment based on the 
possibility of churn and the actions taken. 

The recency calculation begins with 
finding the last purchase date and looking at 
the number of days of inactivity for each 
customer. To find out the customer recency 
overview, you can use the Pandas tool using 
the describe() method, providing mean, min, 
max, count, and percentile information 
(Figure 14). 
 

 
Figure 14. Recency description 

 
To estimate the optimum number of 

clusters needed by looking at the visual 
inertia graph (figure 15). 

 

 
Figure 15. Inertia recency graph 

 
By selecting the number of clusters 

as 4 (according to business needs), a 
dataframe description for 4 clusters is 
produced (Figure 16). 

 
Figure 16. Dataframe description for 4 

recency clusters 
 

Of the 4 recency clusters, they show 
different characteristics, where cluster 1 is 
very recent with a total of 655361 compared 
to clusters 0, 2, and 3. 
 
4. Data Processing and Visualization 

In the data processing and 
visualization stage, a series of steps are 
carried out to clean, prepare, and describe 
the data comprehensively. The dataset used 
consists of transaction files, articles, and 
customers that are analyzed using 
descriptive techniques to understand the 
distribution and important patterns in the
data. Empty or irrelevant data is removed to 
maintain the accuracy of the analysis. In 
addition, data visualization is carried out to 
provide a clearer picture of sales trends, 
product segmentation, and customer 
behavior. This visualization helps in 
understanding the relationship between 
variables and makes it easier to interpret the 
results of the analysis. 

A tree map diagram can be used to 
further visualize the nuances of the product 
collection of various H&M product 
categories. With the tree map, product 
segmentation can be seen based on 
articleI_id, index name sales volume, and 
section_name sales volume. A tree map 
based on Article ID (figure 17) shows the 5 
most articles with ladieswear (30%), 
babychildren (30%), divided (20%), and 
meanswear and sport (20%). 

 

 
Figure 17. Treemap based on article_id 
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Product segmentation based on sales 
volume index group name: ladieswear 
occupies the largest percentage (60%), 
divided (20%), while menswear, sport, and 
baby children are around 20% of the total 
sales volume. Product segmentation based 
on sales volume is divided into two 
derivatives, namely index_name (figure 18) 
and section name (figure 19). 

  

 
Figure 18. Treemap based on sales volume 

(index name) 
 

 
Figure 19. Treemap based on sales volume 

(section name) 
 

Tree map Article ID: the 
Baby/Children group name fills about 30% 
of all group names, an excessively large 
number with a relatively small sales volume 
of around 5%. While the group name with 
the divided index is only available for 20% 
with a sales volume of around 20%. To 
maintain sufficient product availability 
according to customer needs, there needs to 
be a reduction in the availability of 
baby/child products and a slight increase in 
divided products. 
 
CONCLUSION 

The study revealed that H&M’s
highest revenue consistently occurred in the 
middle of the year, namely in June to July, 
from 2018 to 2020. However, there was a 
significant decline in average growth in mid- 
2018, indicating a large fluctuation in the 
revenue cycle. On the other hand, customers 

with low recency (meaning customers who 
shop more frequently) contributed more to 
the company’s revenue, while customers
with high recency and low shopping 
frequency contributed less. The data also 
showed that product segmentation needs to 
be reviewed, with stock reduction for 
baby/child products that have low sales 
performance and stock increase for divided 
products that are more in demand by 
customers. 

The limitations of this study lie in 
the absence of an in-depth analysis of 
external factors that may affect revenue 
trends and customer retention, such as 
lifestyle changes, fashion trends, or H&M's 
marketing policies. Furthermore, this study 
did not explore specific strategies to address 
declining growth over a specific period. For 
future studies, it is important to examine the 
impact of changes in marketing strategies on 
customer retention as well as explore the use 
of more sophisticated machine learning 
techniques to predict more dynamic 
purchasing trends and product 
personalization more accurately. 
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