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Abstract. In the last few years, Supplier Relationship Management (SRM) becomes an increasingly popular
research field in supply chain management. It impacts every aspect of a company, including raw material quality,
delivery time, warranties, performance history, price, etc. The competition created by using multi-sourcing strategy
will benefit the company by giving him more choices and the most reliable service available. In this study,
suppliers are grouped according to their performance evaluation, and recommendations are made based on the
material quality history of each supplier to create data-driven model using K-Means Clustering. Based on the
"Cashew Trucks Arrival" dataset from Kaggle, we will segment suppliers according to moisture percentage,
outturn level, and defect percentage. The result showed there were two groups of suppliers which were “Better
Quality” and “Worse Quality” suppliers group. The model must be tested on other critical factors or implemented
on real company data.
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7. Introduction
Supplier Relationship Management (SRM) is recognized as one of the most critical components of
business continuity and performance. A successful company will prioritize supplier-buyer relationships
because it affects several factors in the supply chain, such as material quality, delivery system, services,
price advantages, and even collaboration during product development. To maximize sales, every
company has to collaborate with its suppliers; thus, integration between a company's division and its
suppliers becomes much more necessary than ever. As an example of supply chain innovation, Vendor
Managed Inventory (VMI) is used to increase efficiency in production, inventory, and transportation
costs by integrating the same information between buyer and supplier (Marques et al., 2010). Another
innovation example is evaluating suppliers to improve supply chain performance.

An important part of a supplier-buyer relationship is supplier evaluation. Imeri (2013) described
23 parameters for assessing suppliers based on importance ratings. Four parameters are most significant
for supplier evaluation: quality, delivery, warranties, and performance history. Among the factors for
evaluating suppliers, price advantages were added by one researcher. In Ho et al. (2010), various factors
can be considered when evaluating and selecting suppliers. As a result, it will be easy to maintain long-
term partnerships. Prahinski and Benton's (2004) study explained that supplier evaluations are one of
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the types of supplier development programs that emphasize current and future business strategies so that
all companies involved can contribute to the program's development.

Rather than selecting one supplier, many companies employ multi-sourcing strategies. Hence,
companies prefer creating a competitive environment among suppliers to ensure higher quality service.
At the same time, having a wide range of suppliers also helps companies minimize the risk of material
shortages. Accordingly, supplier segmentation will be a crucial part of a company's strategy for
organizations with a large number of suppliers. In this way, they will be able to evaluate their
performance and order raw materials from suppliers who perform better. Such segmentation is done by
K-Means Clustering, an unsupervised machine-learning approach popular in many applications. For
example, Murray et al. (2015) used K-Means to segment customers' behaviour and to forecast
consumption behaviour for each customer segment. Sandi et al. (2018) implemented K-Means with an
RFM model to cluster customer behaviour during CRM research. Gongalves et al. (2021) identified a
risk profiles in automotive electronics supply chain using descriptive data mining and K-means. While
uncovering the inherent cluster structure in data, clusterability is evaluated in various ways. For one-
dimensional data reductions, tests on one-dimensional reductions are frequently accurate at identifying
clusters in data sets; distance-based methods also perform well in most scenarios (Adolfsson et al., 2019)

Using Cashew Delivery Data from Kaggle, this study seeks to gain an in-depth understanding of
this problem. Raw cashew nut consumption and production vary despite a global trend. At the moment,
Vietnam and India are two of the world's largest processors and suppliers of cashew nuts. Other
emerging developing country suppliers are Indonesia, Brazil, Nigeria, Kenya, Honduras, and others.
Many companies establish long-term partnerships with cashew nut suppliers to ensure constant supply
and stable prices. This research attempts to create data-driven suppliers segmentation model for the
Cashew market, and provide recommendations based on their performance. We will segment each
supplier's moisture percentage, outturn level, and defect percentage history. In the following section, we
will explain the research methodology briefly, the results, and the conclusion of this research.

8. Research Methodology

A flowchart illustrating the research methodology is shown in Figure 1. In the first step, it is imperative
to determine the problem through literature research and to identify research objectives. Pre-processing
of the data is necessary to begin the research. First, the moisture level, the outturn level, and the defective
percentage are presented and compared in this study. Database resources describe some terminologies;
for example, moisture level shows raw cashew nut moisture percentage. The Outturn level describes the
quality metric used to calculate the ratio of high quality to a total quantity of cashew nuts per 80
kilograms. Last but not least is the defective percentage, which shows the number of defective cashew
kernels.

Upon selecting the variables that will be compared in the research, the data will be cleaned to
remove "Not Available" data, as shown in Figure 2. In order to keep the dataset from becoming smaller,
we use the mean for each variable to fill in NA data. The mean is selected because it will not change the
pattern of the dataset. It will not affect the overall average itself.

Problem Identification Data Collection Data Preparatm_)n &
Data Processing
\

[K-Means Clustering }

Finish Conclusion 4—[ Discussion }1— Data Post-Processing 4—,

Figure 1. Methodology Implementation

After preprocessing, K-means clustering is applied. This research employs the Elbow and
Silhouette methods to determine the optimum number of clusters. With each iteration of the Elbow
method, the inertia value will be calculated for a different number of clusters. The inertia value is the
sum of the squared distances between variables from their nearest cluster centers according to the
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Euclidean distance principle. Clusters with minimum inertia values are the most suitable candidates for
choosing the appropriate number of clusters, while more clusters will decrease inertia values. The inertia
values will need to be weighed against the number of clusters, so we need to assess the trade-off between
them. The number of clusters will be determined if there is a significant decrease in inertia value between
the previous number of clusters and the current number of clusters. Silhouette coefficients show how
close each cluster is to the centroid. A high Silhouette coefficient indicates a low average distance
between the data and the cluster center (Kit & Azmi, 2021).

According to K-Means Clustering, the result from those methods will be several clusters. First, the
dataset will be divided into clusters based on the center of the clusters. Then, cluster center coordinates
will be compared, and suppliers will be categorized and interpreted. It is possible, through
postprocessing, to determine which cluster, out of multiple clusters, will be the most suitable place to
locate one supplier. Finally, a summary of supplier performance segmentation will be generated based
on data processing and further implications based on the segmentation.

9. Result and Discussion

The data in this study will come from a Kaggle dataset called "Cashew Trucks Arrival," which contains
670 data since March 2015 to May 2017 and 15 variables, including number, date, truck ID, number of
bags, net weight, origin, supplier ID, moisture percentage, number of nuts, outturn level, defective
percentage, price, year, month, day, and average weight per bag. Out of those 15 variables, 4 variables
are being kept. Variable "supplier" shows which supplier has done the delivery activity. While other
variables, such as "moisture," "outturn," and "defective," represent cashew nuts quality performance
based on the available dataset. Figure 2 shows available variables in the data set that will be evaluated
in the study.

Date  truckid nbags net.weight origin supplier moisture nutcount outturn defective price year month day avg wpb

0 05/03/2015 8553FA02 40597 66 19 11.30 191.0 4840 1025 NaN 2015 3 5 71.599847

1 09/03/2015 226 20253 82 123 12.60 184.0 4822 890 NaN 2015 3 9 896

2 10/03/2015 506 38878 51 15 10.10 1940 4576 1080 NaN 2015 3 10 7

3 11/03/2015 8581FK05 422 66 10.00 183.0 4893 9.10 NaN 2015 3 11 93.2559

4 11/03/2015  5066FLO1 555 66 19 11.30 193.0 46.29 1265 NaN 2015 3 11 72088288
666 27/05/2017 1735HH07 460 35240 66 85 16.83 1940 36.78 NaN
667 2 2344FP01 480 39340 66 85 16.23 1820 41.88 NaN
668 27/0 17 4165HGO1 141 12071 43 2 1856 165.0 41.00 NaN 29
669 29/05/2017  1074FLO1 442 37878 43 2 17.30 170.0 46.20 NaN 33
670 30/05/2017 2027HHO7 335 29157 59 67 14.20 170.0 4567 NaN 7.035821

Figure 2. Cashew Truck Arrival Dataset

As shown in Figure 2, some data are also "Not Available." Therefore, the data will be filled by
mean values from each variable to make them more suitable for K-Means Clustering analysis. Another
option is to remove all "Not Available" data, but we did not do that because it would reduce a great deal
of data. Given these two considerations, it is safest to fill the data with a mean to not change the existing
data pattern and overall average after replacing NA data with the mean ones. The result is shown in
Figure 3 after the dataset has been filled with the mean. For example, the NA on the defective column
in Figure 2, replaced with 14.532129 in Figure 3, shows that the value is the average and Figure 4
shows that after replacing the NA data, the overall average did not change.
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Date

0 05/03/2015

1 09/03/2015

670 30/05/2017

As part of the research, the optimal number of clusters will be determined by the Elbow and
Silhouette methods. The result of the Elbow method is shown in Figure 5. The most significant
reduction is from one cluster to two clusters. As mentioned before, the number of clusters will be
determined if there is a significant decrease in inertia value between the previous and current clusters.
Meanwhile, the Silhouette method shows the same results as the Elbow method, where the coefficients
show how close each cluster is to the centroid. A high Silhouette coefficient indicates a low average
distance between the data and further dispersion between centroids. When both methods yield the same

truckid
8553FA02
7162EGO1
4819CJ01
8581FK05

5066FLO1

1735HH07
2344FP01
4165HGO01
1074FL01

2027HHO7

nbags

567

net_weight origin supplier moisture nut_count outturn defective price
40597 66 119 1130 1910 4840 10250000 750.390625
20253 82 123 12.60 1840 4822 8900000 750.390625
38878 51 15 10.10 1940 4576 10.900000 750.390625
39354 47 66 10.00 183.0 4893 9100000 750.390625
40009 66 119 11.30 193.0 4629 12650000 750.390625
35240 66 es 16.83 1940 3678 14532129 950.000000
39340 66 85 16.23 1820  41.88 14532129 950.000000
1207 43 2 1856 650 4100 14532129 850.000000
37878 43 2 17.30 1700 4620 14532129 850.000000
29157 59 67 14.30 1700 4567 14532129 950.000000

Figure 3. Filling "Not Available" Data

supplier["defective™].mean()

14.532129032258066

result, only using two clusters will yield the highest Silhouette coefficient.

Inertia

Elbow method

25000 -

20000 A

15000 A

10000 A

5000 A

2 4 6 8 10
Number of clusters

Figure 5. A result of the Elbow method
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Figure 4. Overall Average After Replacing NA Data
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Figure 6. The result of the Silhouette method

Two clusters can be identified through moisture percentages at 12.8954 and 13.7965, output at
46.4313 and 42.6497, and defective percentages at 12.1928 and 22.2358, shown in Table 1. Cluster 1
can be categorized as "Higher Quality" supplier groups, while Cluster 2 can be categorized as "Lower
Quality" supplier groups. Furthermore, there are differences between those parameters. From moisture
percentage, the result from cluster 1 is 12.8954, while the result from cluster 2 is 13.7965. Low moisture
affects the quality of cashews (Falade et al., 2003). Therefore, cluster 1, with a higher outturn level but
a lower defective percentage than Cluster 2, indicates a better-quality product than Cluster 2. The results
range also shows the differences between two clusters with variables perspective for each cluster and
variable in Table 2. Cluster 1 has the lowest range for Moisture Percentages compared with Cluster 2.
Regarding the outturn Level, Cluster 2 generated a slightly lower result than Cluster 1. The most
significant difference between variables is the Defective Percentage, in which cluster 1's maximum
value is 17.80, but cluster 2's minimum value is 14.53. It explains that there is a significant difference
between those two clusters.

Table 1. Result of K-Means Clustering.

Cluster Moisture Percentage Outturn Level Defective Percentage
1 12.8954 46.4313 12.1928
2 13.7965 42.6497 22.2358

K-Means Clustering

B5 e 0
30
25
20
15

10
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Figure 7. Clustering Result

supplier moisture outturn defective Cluster

224 43 11.60 4769 124 1
226 43 12.60 45.84 15.6 1
229 43 18.00 4540 128 1
230 43 14.00 46.11 139 1
232 43 13.20 46.28 133 1
451 43 13.40 4382 205 0
452 43 17.03 4532 15.7 1
460 43 11.80 417 234 0
461 43 12.70 41.18 25.5 0
463 43 16.40 39.00 336 0

Figure 8. Supplier 43 Detected on Both Clusters

We found that some suppliers were detected in two clusters when we processed the data. To solve
this problem, we can filter on the supplier ID identified in both groups and calculate the number of data
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for each supplier and cluster. Some data for each supplier should be compared between two clusters. If
the data in Cluster 1 is more than in Cluster 2, the supplier will be categorized as Cluster 1. Otherwise,
the supplier will be categorized as Cluster 2. as shown in Appendix 1. For example, Figure 8 indicates
that supplier 43 was detected in both groups. As we can see on data 224 to 232, it is categorized as
Cluster 1, while data 451, 460, 461, and 463 are categorized as Cluster 2. In Figure 9, supplier 43's
performance in Cluster 1 and Cluster 2 is shown as a percentage.

Table 2. Cluster Variables Range

Cluster Moisture Percentage Outturn Level Defective Percentage
1 1.00 - 21.20 38.80 - 50.68 6.00-17.80
2 9.26 -22.47 36.43 - 47.25 14.53 - 57.50

Better Quality

60%

40%

Worse Quality

Figure 9. Performance of Supplier 43

In total, 60% of supplier 43's performance history or 46 out of 77 deliveries, is clustered under the
"Better Quality" cluster. As a result, supplier 43 will be estimated to have better than worse quality. On
the other hand, based on this result, we could consider giving Supplier 43 more evaluations to enhance
its product quality.

In the context of management, the company may encourage suppliers whose performance is plotted
as cluster 2 to improve their productivity and quality. The company can reward cluster 1 suppliers for
their performance by serving high-quality products. After all, we all know that evaluations and rewards
affect the relationship between suppliers and buyers.

This research came with some limitations. In the real-industry cases, raw material delivery will
occur repeatedly and continuously. This causes delivery data will always increase. Through the use of
Machine Learning approach, a data-driven model is created that can generate an adaptive decision to
segment supplier based on real-time situation and performances. A dataset called “Cashew Trucks
Arrival” were used for this research which had limited amount of data. However, the model has been
created and could be implemented to real-based datasets on supplier segmentations.

This dataset also had variables limitations. As known, several factors influence the quality of
cashew nuts kernels, such as their size, shape and colour, as well as the percentage of defective nuts.
Taste and flavour, however, are subjective and cannot easily be measured based on physical
characteristics, according to the industry. As such, the demand and price fluctuations for cashew nuts
are highly related to taste and flavour. The datasets contain only 15 variables with 3 quality metrics
variables (moisture, outturn, and defective), 6 delivery information variables (date, truckid, origin,
supplier, year, month, and day), 2 price variables (price and avg_wpb), and 3 cashew amount variables
(nbags, net weight, and nut count) as on Figure 2. More potential variables are recommended to
segment suppliers for the further research.
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10. Conclusion

In this study, we have already examined using K-Means clustering to select suppliers based on historical
data categories. Two clusters were generated, each with some pros and cons. For example, a company
can select the first cluster with better-quality cashew production. However, this research has some
limitations. First, there are four parameters for supplier performance evaluation and segmentation. The
performance metrics of suppliers should be considered as another parameter. Furthermore, we used
secondary datasets that were already available in Internet databases. For future research, this method
will be applied to real-based datasets on supplier segmentation based on quality metrics or using another
advanced metrics.
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Appendix 1. Number of Data for Each Cluster and Supplier

Sup Clus Clus Sup Clus Clus Sup Clus Clus Sup Clus Clus Sup Clus Clus

plier ter1 ter2 plier terl ter2 plier terl ter2 plier ter1l ter2 plier terl ter?2
0 1 0 27 1 2 54 5 0 81 1 0 108 0 2
1 1 0 28 2 5 55 1 0 82 1 0 109 1 0
2 24 0 29 1 0 56 1 0 83 1 0 110 1 0
3 1 0 30 1 0 57 6 0 84 36 0 111 1 0
4 1 1 31 2 2 58 1 0 &5 45 4 112 1 0
5 2 0 32 6 3 59 1 0 86 4 0 113 1 0
6 11 0 33 0 1 60 0 1 87 1 0 114 10 1
7 1 0 34 1 0 61 2 0 88 0 1 115 5 0
8 2 0 35 1 0 62 5 1 89 1 0 116 1 0
9 1 1 36 1 0 63 1 5 90 10 0 117 1 0
10 1 0 37 3 0 64 7 0 91 1 1 119 0 7
11 15 0 38 0 1 65 4 4 92 2 0 119 20 0
12 3 2 39 1 1 66 7 1 93 1 0 120 2 0
13 1 0 40 1 0 67 8 0 94 4 4 121 1 0
14 14 1 41 1 0 68 4 1 95 0 1 122 1 0
15 4 0 42 0 1 69 6 0 96 5 0 123 3 0
16 1 0 43 31 46 70 1 0 97 2 2 124 1 2
17 1 0 44 1 0 71 10 0 98 1 0 125 0 2
18 7 0 45 2 0 72 16 4 99 0 1 126 1 0
19 2 0 46 0 2 73 1 0 100 2 0 127 3 0
20 3 1 47 0 1 74 1 0 101 4 1 128 2 0
21 1 0 48 0 1 75 29 0 102 0 1 129 2 0
22 2 0 49 5 3 76 1 0 103 1 0 130 1 0
23 13 0 50 1 0 77 1 0 104 4 4 131 18 0
24 7 1 51 1 0 78 2 3 105 0 1 132 1 0
25 1 0 52 1 0 79 4 0 106 2 0

26 1 1 53 7 0 80 3 1 107 6 0
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