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Introduction
Today, Thai E-Commerce industry value is now worth 2.8 trillion THB, increasing 10% per year, bywhich

59+ are B2B and 22% are B2C. 40« of these are from social media and 29+ are from e-marketplace.
Courier industry in Thailand has also grown more than 10« per year, resulting from this increasing trend
of E-Commerce and the advancement of Information Technology (11. The courier industry of Thailand
has a value of more than 30 billion THB [2). There are many courier companies competing in this market
both multi-national companies, joint ventures, and local companies (3. The service varies from
traditional door-to-door and port-to-port delivery to the advanced Information Technology-based on-
demand delivery. Price and speed are not the only requirements. Convenience, traceability, and
confidence are today key success factors for courier service (4.

Thailand Post is the main player in courier and post service with an average of 8 million items delivered
daily. However, Kerry Express, SCG Express, Flash Express, Best Express, Nim Express, DHL, FedEx

are examples of new entrants growing fast in the courier service. The service today is «same day~ within
the main cities and «next day» otherwise. IT has been used extensively in these service providers aiming
at increasing service value such as mobile application, website, barcode, etc. Despite the strong
competition, the market is growing rapidly and still attractive.

Case Study Courier Company
The case study courier company for this study is a new entrant to the courier industry. Before, the

company had been providing a passenger bus service for northern Thailand region. Recently, the
service was expanded to all regions of Thailand. With available space under the bus, the company has
introduced a courier service, port-to-port using the existing facilities and bus routes. The courier service
has been successful with 17% of the company revenue and has been increasing concretely. The
strengths of the company service are speed and reliability. For example, from Chiang Mai to Chiang
Rai (153 km) the parcel could be sent port-to-port within 3.5 hours, as quick as the passenger transfer.
Where in this case, the other providers could offer next day at best.

The company provides service of in-transit merge, serving shippers to ship the parcel to their
consignees within area of the company service. Today, there are more than 60,000 items sent via the
company per month. Transaction data is collected using the company IT system. It is linked to the
financial and planning department. However, these data have never been utilized otherwise. Whilst
today, Data Mining techniques, e.g., association rules, decision trees, can be applied to such data to
generated value information (5-7;. Therefore, it is the aim of this study to investigate this database to
create useful information. The study proposes the use of clustering technique in order to understand
and classify customers by extracting their delivery pattern, both shipper and consignee sides. Then, the
information can be used by decision-maker if any measures shall be deployed to increase customer
satisfaction.

Clustering Technique

Clustering technique is a machine learning technique that can classify data into a group with the same
properties or features. In other words, the technique can separate data that have dissimilar properties.
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The technique has been used widely in many application including market research, pattern recognition,
data analysis, logistics and image processing (8-10;.

Among many clustering techniques, K-means algorithm is the least complicated clustering technique
and therefore mostly used [11-12;. Giving a predefined number of cluster k-, the data can be allocated
into the nearest cluster center. Then the Euclidean distance can be calculated to determine as the
fitness of the data into the cluster. The algorithm repeatedly changes the membership of the clusters
until it reaches a local optimum [13-14).

RFM Concept
RFM is a method to analyse customer purchasing patterns and therefore segment customers based on
their loyalty 15-18;. RFM stands for Recency, Frequency, and Monetary. Within a specific time of

interest, the customer value can be multi-dimensionally measured by how recently the customer
purchase (Recency), how often the customer purchase (Frequency)and how much the customer spends
(Monetary). A variation of RFM was introduced to emulate categorical customer value, for example, RFD
where D is Duration of using service, LRFM where L is Length, RFM-I where | is Interactions, RFMTC
where T is Time and C is Churn rate (19-21).

In this study, the RFM concept is used and RFM is defined as
[l R Recency is the period of time between the previous services used date and set date. The
low recency customers tend to use the service more than the high recency 122).

[1 F (Frequencyis the total number of service used within a particular period of time.

[J M Monetary) is a total THB amount that the customer uses the service within a particular period
of time.

In the courier case study, the delivery pattern is of interest. Therefore, additional factors were introduced
to RFM, i.e., Weight (W), Day (D), number of Product category (P) and number of Customers (C), called
RFMWDPC. The purpose of the inclusion of these factors as follows

[] W Weightyis an average weight per transaction kg, It can differentiate customer type by weight.
This help the company to understand the norms and requirement of the customers.

[l P number of Product category) represents a level of a variety of products sent from shippers or
received by consignees. P can be suggestive of what the type of business they are. For

example, shippers with high P which can supply a variety of products might be a retailer or
wholesaler. On the other hand, if shippers have low P, they might be manufacturers or specialty

stores [23).

[ C (number of Customers) represents how many customers have been served by shippers. It is

also suggestive if the shippers are large business trading with many customers or businesses
that trades with a limited customer. The eccommerce businesses are likely to deal with a large

C 124-25,.
[l D Day represents the average number of day interval between transactions. The lower D
reflects the frequent delivery pattern.

Methodology
The methodology of this study is exploratory. With many product types delivered by the company,

«clothes» product is used as an example of this study. The delivery of this product generates income for
the company of 10.88m THB in 2018, accounting 19 « of the company's gross income on parcel
business unit.
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Figure 1: Conceptual Model of Clustering Delivery Pattern of Courier Customers
Sorted and cleaned from the database, there are 58,987 transactions from 14,848 shippers and 20,442
consignees during year 2018. Characteristics of shippers and consignees can be summarised in Tables
1and 2

Table 1: Shippers Characteristics

Stats Mean Median Max Min SD

R 158.20 148.00 364.00 0.00 11372
F 398 1.00 3158.00 100 34.71
M 73459 118.00 465751.00 0.00 7083.13
C 158 1.00 560.00 0.00 645

P 188 1.00 54.00 100 178
w 1217 5.00 47350 1.00 2061
D 27497 364.00 364.00 050 14237

For shippers, the average R is at 158 20 days. The highest recency is at 364, meaning these shippers
send parcel every day. The lowest is at 0, meaning the last shipment of these shippers are as far back
as 1 year. The frequency of delivery (F)ranges from 1 to 3,158 delivery per day. The average F is at
3.98. F Median is at 1. The average spending (M) of shippers is at 73459 THB, year. M Median is at 118
THB/year. The highest M is at 465,751 THB, year. The average number of customers per shipper is at
158 customer;shipper. However, some shippers serve up to 560 customers in a year. The average
number of products per shipper is at 1.89. However, some shippers serve 54 product types. Weight also
ranges from less than 1 kg.to 473.5 kg. per shipper per year. The average weight per shipper is at 12.17
kgs. The median weight is at 5 kgs. Days interval between transactions also ranges from 0.5 days to
364 days. The average is at 274 97. The median is at 364.

Table 2: Consignees Characteristics

Stats Mean Median Max Min SD
R 161.90 154.00 364.00 0.00 113.82
F 237 1.00 31500 100 6.28
M 43188 114.00 196646.00 0.00 245898
C 116 1.00 4500 1.00 0380
P 163 1.00 33.00 100 123
w 1427 1427 775.00 1.00 2349
D 581 581 337.00 0.00 20.86

For consignees, the average R is at 161.90 days. The highest recency is also at 364. The lowest is at
0. The frequency of delivery (F)ranges from 1 to 315 delivery per day. The average F is at 2.37. The
median of F is at 1. The average spending (M) of shippers is at 431.88 THB,year. M Median is at 114
THB/year. The highest M is at 196,646 THB, year. The average number of shipper per customer is at
1.16 shipper,customer. The maximum shipper per customer is at 45. The average number of products
per customer is 1.63. However, some customer receives up to 33 product types. Weight also ranges up
to 775 kg. per customer per year. The average weight per customer is at 14.27 kgs. The average days
interval between transactions is at 5.81.

From above, it can be seen that shippers and consignees of the case study company possess a
relatively similar delivery pattern, except days interval between transaction.
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Exploratory Results
Here, RFMWDPC is clustered using K-means and the results are shown in Tables 3 and 4. For shippers,

they are grouped into 5 clusters. For consignees, they are also grouped into 5 clusters.

Table 3: Shipper Clusters

Cluster_ 0S Cluster_ 1S Cluster_2S Cluster_3S Cluster_4S Mean

Number of =4/ 53, 40 3 208 13
Shippers

Average R 160.84 7.00 133 27.21 1.69 158.20
Average F 232 12498 1960.00 4401 33415 3.98
Average M 31365 38288.36 408641.00 992017 100562.37 73459
Average C 1.31 1545 301.00 8.81 63.85 158
Average P 1.85 3.85 13.33 318 892 188
Average W 1159 5468 36.28 3952 48.06 1217
Average D 28013 5.06 1.38 13.05 2.30 27497

Here, it can be seen that 5 groups of shippers vary in delivery patterns. The biggest group is Cluster_0S
of 14,534 shippers with the same delivery pattern. Cluster_0S can be considered one-time customers
with average F of 232, average M at 313.65, average C at 1.31 and average D at 280.13. The second
biggest group is Cluster 3S of 228 shippers. This group is also considered irregular customers with
average F of 4401, average M at 9,920.17, average C of 8.81 and average D at 13.05.

3 shippers in Cluster_2S, on the other hand, are the regular customers who have used service as
frequent as 1,960 times per year, with average R at 1.33, average K at 408,641, average W at 36.28

and average D at 1.38. They also serve as many customers as 301 with an average of 13.3 product
types.

53 shippers in Cluster_1S and Cluster_4S are also considered regular customers. Their average F is
at 12498 and 334 .15, average M at 38,288.36 and 100,562.37 and average D at 506 and 2.30. The
slight difference between these 2 clusters is their number of consignees. Whilst Cluster_1S serves
averagely 1545 customers, Cluster_4S serves 63.85.

Table 4: Consignee Clusters

Cluster 0C Cluster_1C Cluster_ 2C Cluster_3C Cluster_4C Mean

é\'o“n';‘gi’ég‘; 26 130 743 19537 5

Average R 1027 3340 6754 16658 420 16190
Average F 64.04 3432 1325 161 19560 237

Average M 2990185 1030848 281785 20622 11755491 43188
Average C 396 331 232 1.09 1020 116

Average P 315 262 230 159 17.00 163

Average W 83.34 5513 4415 1275 96.84 1427
Average D 642 854 17.34 535 276 581

For consignees, 19,537 irregular customers can be identified by grouped into Cluster_3C. Their R is at
166.58, F is at 161, M is at 20622, D is at 535 and W is at 12.75. Cluster_2C are also considered
irregular customers with more frequency than Cluster_3C. Their R is at 6754, F is at 13.25, M is at
2,81785,Dis at 17.34 and W is at 44.15.

Oppositely, Cluster_4C is considered the most valued customers. These 5 consignees received parcel
with R at 420, F at 19560, M at 117,554.91 and W at 96.84. They also received from an average of
10.20 shippers and 17.00 product types.

151



Cluster_0C and Cluster_1C are in between these two groups. Average R is at 1027 and 3340. The
average M is at 29,901.85 and 10,30847.

Discussion
Customers of the company can be divided into direct customers and indirect customers. Direct

customers are the shippers who choose the service and responsible for sending the parcel. Indirect
customers are the consignees who are, in fact, the customer of those shippers. But in many cases, they
can be the ones who choose the delivery service.

To illustrate the characteristics of the shippers, aggregated normalized scores are used here. Where
Volume represents a combination of M and W, Regularity represents a combination of R, F, and D,
Diversity represents C and P.
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Figure 2: Shipper Cluster Characteristics

As for a direct customer, shippers can be segmented and high-value customers can be identified.

Cluster_2S, Cluster_1S, and Cluster_4S can be the prioritized target if the company wishes to offer
reactivation campaigns, high-value customer programs or combating churns, the focus can start from

the top-spending regular customers [26-271. The 3 shippers in Cluster_2S are the top customers with
extremely high volume, regularity, and diversity (see Figure 2). Shippers in Cluster_4S are also valued
customers with relatively high volume and regularity. Cluster_1S also possesses relatively high volume
pattern with lesser regularity and diversity. Whilst possible, the relationship must be maintained or even
improved. Especially, new customers, which have just started doing business with the company, can
become top value customers in the future.

Figure 3: Consignee Cluster Characteristics

On the other hand, consignees in Cluster_4C, Cluster_0C, and Cluster_1C can also be segmented as
the value indirect customers. Cluster_ 4C possesses high volume, regularity and diversity
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characteristics. The priority might be lower than those direct customers. Yet, pattern monitoring and
further investigation can be beneficial.

Conclusion
The study uses K-mean clustering technique to classify courier customers, both direct customers or

shippers and indirect customers or consignees of the case study courier company in Chiang Mai,
Thailand. The delivery pattern is based on 7 factors, i.e, Recency, Frequency, Monetary, Weight, Day,

Number of Product Category and Number of Customers. The exploratory result is based on the example
product, -clothes”. Where the shippers were classified into 5 clusters, the consignees were also
classified into 5 clusters with different delivery characteristics. The top value direct and indirect
customers with high volume, regularity and diversity can be identified. The information can be
suggestive if any measures shall be deployed to increase customer satisfaction.
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