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ﬁBSTRACT

ﬁRTlCLE INFO

Keywords: Inaccurate sales forecasting (SF) leads to over-stock or stock-out, in which can increase inventory costs, thereby
Dﬂtﬂ fninins _ reducing profits and return on investment. Furthermore, stock-out can eliminate customer loyalty, as well as
fe“s‘““'makms method opportunities to acquire new customers, and maximize sales or competitive advantage. This study proposed a
R-FM i retail SF model called the SalesKBR, which integrates the decision-making (Best-Worst Method/BWM) and the
T — e ——— data mining methods (k-Means) into the Recency-Frequency-Monetary (RFM) model. The BWM was used to

extract criteria that have a significant influence on retail SF. The k-Means method and six validity indices were
applied to improve the quality of the product clustering results, while the RFM model was used for assessment.
The extraction results from BWM that correlate with the retail company databases showed the criteria that
significantly affect SF are frequency, quantity, and monetary. The results also showed that SalesKBR is a retail SF
model with a reasonable level of accuracy. Therefore, it can be utilized to forecast retail sales, and it has the
potential to be an alternative solution for making scientific and valuable management decisions.

1. Introduction increase inventory costs, hence reduce profits and investment returns

(Gustriansyah, Suhandi, Antony, & Sanmorino, 2019). Running out of

Sales forecasting (SF) is one of the important aspects of business
management process because it plays a major role in the allocation of
resources, marketing, and finance. Furthermore, it influences decisions
to provide products and services to consumers in the customer rela-
tionship management horizon (Hyndman & Athanasopoulos, 2019).
Forecasting the number of sales can optimize inventory, as well as
accurately provide products and services to the clients (Levy, Weitz, &
Grewal, 2019), optimize customer experience (Gao & Fan, 2021), and
increase satisfaction (Wang, Chang, & Zhou, 2019). However, inaccu-
rate SF leads to over-stock or stock-out (Kilimei et al., 2019), which can

stock can lead to companies losing customers’ trust/loyalty, missing out
on new customers, opportunities to maximize sales, as well as compet-
itive advantages (Chandriah & Naraganahalli, 2021; Islam & Amin,
2020).

Historically, studies on the retail SF models that are mostly used in
the last five years is the classical statistical methods (Time Series,
xARIMA, and xRegression) (Gustriansyah, Ermatita, Rini, & Malik,
2020a). This shows the classical statistical method still dominates the
retail SE. It relies on sales quantity criteria extrapolated from historical
trends and seasonal effects to predict future sales where companies
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Network; BPN, Back-propagation Neural Network; SKU, Stock Keeping Unit; Centroid, Cluster center; SI, Silhouette Index; RLI, Ratkowsky-Lance Index; DI, Dunn
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require to adjust to manual forecasting or rely on experts. Therefore, this
study proposed a novel retail SF model called SaleskKBR, which is ex-
pected to minimize the error rate in the results.

The proposed SalesKBR is an SF model that integrates the decision-
making (Best-Worst Method) and the data-mining methods (k-Means)
into the Recency-Frequency-Monetary (RFM) model. The BWM is used
to extract criteria that have a significant influence on SF. Furthermore, it
is a decision-making method that is more efficient than other similar
ones (Liang, Brunelli, & Rezaei, 2020). The use of this method to extract
forecasting criteria is a new approach.

Meanwhile, the k-Means and validity indices are used to improve the
quality of the product clustering results. This is because the k-Means has
a good speed in selecting the cluster center (centroid) with a simple
algorithm (Abdelaziz & Lu, 2019; Hossain, Akhtar, Ahmad, & Rahman,
2019). The RFM is used to assess the product and is a component of the
forecasting model.

The expected contribution from the results is the innovation of the
RFM concept application in the SF model. Generally, this model is used
to measure the value of consumers according to their purchase history
and is widely used in the marketing field (Anitha & Patil, 2019; Zhou,
Wei, & Xu, 2021). In this study, the RFM concept was used to assess the
product.

For retail companies, the result is expected to be input in efforts to
consolidate inventory management performance because it can guar-
antee the product availability, enhance services to consumers (Levy
et al., 2019) and improve the company's economy. One of the policies is
when to delay repurchase transactions for slow-moving product stocks,
thereby minimizing over-stock and determining the value of safety stock
through a rational method. The implication is the efficiency of the in-
ventory costs which have an impact on maximizing company profits
(Huang, Xiao, Dai, & Yan, 2019; Islam & Amin, 2020).

2. Literature review

SF is interesting and challenging as evidenced by the comparative
studies of various methods (Athiyarath, Paul, & Krishnaswamy, 2020;
Ensafi, Amin, Zhang, & Shah, 2022; Kilimci et al., 2019; Pavlyshenko,
2019). Many retail SF methods have been studied and developed in
recent years to improve performance as summarized in Table 1. These
findings showed that the classical sales forecasting method still domi-
nates study in retail SF. Therefore, innovation is needed to develop a
new method that minimizes forecasting errors, including case study
diversification.

The majority of the classical SF methods only rely on one forecasting
criterion, which is the number of sales extrapolated from historical
trends and seasonal effects to predict future sales (Fridley, 2018; Gus-
triansyah et al., 2019; Pavlyshenko, 2019). The company needs to
manually make adjustments to the statistical forecasts or rely on an
expert. Also, several studies used various forecasting criteria obtained
from the existing literature ([lseven & Gol, 2019; Narayanan et al., 2019;
Pavlyshenko, 2019). The studies extracted various significant SF criteria
(Fridley, 2018; Huang et al., 2019; Verstraete et al., 2020), hence, the
model does not use only one criterion. Accuracy in the selection of these
SF criteria can enhance the forecasting results, accelerate the training
process, and decrease overall computing costs (Chaudhuri et al., 2021).

Other studies utilized computer algorithms to extract the SF criteria
or used deep leaming methods, hence, the extraction is carried out
automatically (Aci & Dogansoy, 2022; Chandriah & Naraganahalli,
2021; Chaudhuri et al.,, 2021; Lopez-Martin, Sanchez-Esguevillas,
Hemandez-Callejo, Arribas, & Carro, 2021; Valles-Perez et al., 2022;
Verstraete et al., 2020). This method is practical, however, studies found
difficulty controlling the extraction results. Therefore, study teams need
to initialize/turn hyper-parameters during model generation (Chaud-
huri et al., 2021). When the results of SF are less accurate, only the
forecasting method can be controlled and verified, which is the main
component of the model. Meanwhile, in (Fridley, 2018; Kilimci et al.,

Expert Systems With Applications 207 (2022) 118043

Table 1

The summary of relevant work in sales forecasting.

Authors Method Advantages vantages
(Chaudhuri, DNN Improved Only for certain e-
Gupta, Vamsi, & purchase commerce
Bose, 2021) prediction platforms, the model
accuracy improve  cannot compare the
prediction accuracy
in real-time when
the data is
generated, is more
resource-intensive
than conventional
ML techniques, and
is difficult to predict
when observational
data is missing or at
n random intervals.
(Aci & Dogansoy, LSTM Faster Lack of feature
2022 CONVErgence, engineering
Chandriah & efficient
Naraganahalli,
2021)
(Kao & Chueh, BFN Effectively reduce  Limited product
2022) the flucmation of  scalability, lack of
15 in ture engineering
hasing
(Vallés-Pérez RNN Mo need to retrain ~ Inareal case, feature
etal., 2023) -Transformers the model every engineering may be
time a prediction useful in finding
igneeded.
ﬁ Eirsentat[om.
(Verstraete, LASSO Extraction of Lack of external
zzal, & Regression, features by validity due to using
Desmet, 2020) Seasonal Naive  combining expert  only mape.
and automated
selection.
(Gustriansyah TS Can predict No feature
etal., 2016; tiple variables action, lack fit
Kolade, 2019) various attributes
(Mar an, TS Sharing retailer Mo feature
order information  extraction, lack fit
is cheaper and for various attributes
ier than
ing POS data
RF, ARIMA Identify the Lack of external
important validity due to using
features, RF is only MAPE.
than
(Colén, 2019) RF A good model to No feature
forecast sales data  extraction. It can
take hours to train
and have a result.
GAN (DL) Good Mo feature
performance extraction
SA-LSTM Improved Mo feature
accuracy, reduced  extraction,
number of examination only on
iterations, and single product
good predictive
effect.

2

2019), the extraction of the criteria is not automatic and the results are
controlled and validated. This method is less practical but more reliable.
When the results are less accurate, the extraction method which is the
initial component of the model can be verified first before (without) the
SF method.

The (Fridley, 2018) approach in extracting SF criteria has inspired
authors. However, the extraction in this study does not need to first build
a data set, indicating it is simpler. This study utilizes a decision-making
method (Best-Worst) (Gustriansyah, Ermatita, et al., 2020a) to extract
the criteria, which is more efficient (Liang et al., 2020).
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The resulting criteria will be correlated with database fields. Sub-
sequently, a new data set is built based on these criteria and is clustered
using the k-Means. Six validity indices are applied to improve the quality
of the clustering results. Finally, the concept of RFM is utilized to
measure the value of each product. The integration of these three
methods has been developed into a novel SF model called the SalesKBR.

3. Material and methods
3.1. The proposed model

Fig. 1 show the proposed SF model consisting of four steps. The first
step is to determine the weight and priority of the criteria be utilized in
the forecasting process. This step is the foundation and the most critical
because the next stage depends on the relevance of the criteria obtained
in this first step. Based on the literature review, the forecasting model
generally uses only one criterion, namely the number of sales. However,
in this proposed model, several criteria were used that significantly
affect SF. This aims to minimize forecasting errors and the method uti-
lized to extract these criteria is the BWM (Gustriansyah, Ermatita, Rini,
& Malik, 2020b). This method was selected because it is simpler than
AHP, FAHP, ANP, and other similar ones (Liang et al., 2020).

The second step is data collection, where significant criteria obtained
from the first step were correlated with the database. Furthermore, the
database was generated based on these significant criteria and pre-
processing was carried out to clean up incomplete, noise, and outlier
data, hence, the knowledge discovery becomes easier and more
accurate.

The third step is the core part of this forecasting model. At this stage,
the RFM concept that is integrated with the data mining method (k-
Means) for data clustering was applied, and the determination of the
best number of clusters used six validity indices (Gustriansyah, Ermatita,
et al., 2020a). The result is the final score for each product, which is a
component of the multiplier in forecasting the number of sales.

The fourth step is number of sales forecast for the following month
which can be obtained by multiplying the sales of the current month by
the final score of a product. At this step, an evaluation of the forecasting

- 1
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Ez‘gm:l‘]'“ » Criteria * Processing «

o 3
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Clustering Determine
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Fig. 1. The proposed model.
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results were carried out to determine the feasibility of implementing this
model. The results evaluation was done by measuring the level of error
of the forecasting model. Furthermore, the SMAPE metric was utilized to
measure deviations from the results. The evaluation outcomes will
demonstrate whether the model is feasible to be applied in actuality or
needs to be revised by incorporating causal factors. Each method will
give different results and a good one is considered to produce a small
error rate or high forecasting accuracy.

3.2. Criteria extraction

The Best-Worst Method was used to extract the forecasting criteria
(BWM) (Gustriansyah, Ermatita, et al., 2020b). It generates results by
comparing the best and the worst criterion against all others (Moham-
madi & Rezaei, 2022). The best criterion is one that has the most sig-
nificant influence on SF, while the worst has no effect. Experts were
asked for their opinion regarding the priority level for the best criterion
against others (Best-to-Others) and priority degrees for other criteria
against the worst criterion (Others-to-Worst) using numbers 1 to 9.

In simple terms, the stages of BWM are as follows (Mohammadi &
Rezaei, 2022):

w Identification of decision criteria (G

» Determine the best (Cp) and the worst (Cw) criterion;

u Determine the priority scale of the best criterion against other
criteria (ag;) using numbers 1-9;

» Determine the priority scale of all other criteria against the
waorst criterion (@) using numbers 1-9;

u Calculate the optimal weight of all criteria (w)) using Eq. (1)
where w; >0 and j = 1,2,3, ...n;

n—a,,}- } (1)

» Calculate the output-based Consistency Ratio (CR,) using Eq.
(2) (Liang et al., 2020). £* is the optimal output value of Eq. (1),
Emay 18 the maximum value of £, and CR, < 0.10. This is in-
dicates the smaller the CR, value, the more consistent the
comparison vector. Therefore, when the CR,, value > 0.10, the
expert assessment is inconsistent and should be revised.

mimm_ix{
i

i
——dj
w
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e

3.3. Data collection

This study used a pharmaceutical retail company database contain-
ing 2,077 product items, 399,738 sales transactions, and 3,956,683 data
on products sold from January 1 to December 31, 2015 (Gustriansyah
et al., 2019). The database was generated based on forecasting criteria.
Furthermore, preprocessing was carried out to transform the data into a
certain format, indicating the dataset becomes easier and more effective.
The results obtained are accurate, and it can reduce computation time
for large-scale sets. The main activities carried out in preprocessing are:

» Integration (data integration) of several tables into one per
product

» Data cleaning involving incomplete, noise (data-errors or out-
liers), and inconsistent data, and duplication of records

» Data reduction based on the extraction criteria

» Data transformation using natural logarithm (log base 10).

3.4. Recency, frequency, and monetary

Stone and Bob (1989) first proposed the idea of a Recency, Fre-
quency, and Monetary (RFM) model. RFM is a behavior-based model to
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analyze a consumer and make predictions based on the database (1ha-
lilinezhad, Fazlollahtabar, Minaei-Bidgoli, & Nosratabadi, 2021).
Hughes (1994) defined the model using information about past con-
sumer buying behavior (Zhou et al., 2021). It is a simple but effective
model that can segment products. This is based on the similarity of data
attributes by examining when (recency), how often (frequency), and
money spent (monetary) on goods or services (Gustriansyah, Suhandi, &
Antony, 2020).

The three RFM criteria are easily computed on any database based on
purchase history, easy to understand, and are very good at predicting.
The detailed definitions are as follows (Gustriansyah, Suhandi, et al.,
2020):

® Recency (R) is the time interval between the customer’s last
purchase. The smaller the interval, the higher the recency

u Frequency (F) is the number of purchases during the same
period. The more the transactions in the time interval, the
higher the frequency;

» Monetary (M) is the total money spent on all purchases in a
given period. The larger the money, the higher the monetary
value.

3.5. K-Means Method

Clustering is the process of grouping large datasets into segments
based on their similarities. When the number of transactions becomes
larger, the management process becomes a difficult task. However, a
clustering method can solve this problem by dividing all products into
appropriate clusters based on their similarities. The values of the various
clusters can then be estimated and provide informed decisions that are
useful for management in rationally using resources.

K-Means is a non-hierarchical clustering method that divides n data
into k clusters where the intra-cluster similarity is high (the sum of intra-
cluster squares is minimal) and the inter is low (the sum of inter-cluster
squares is maximal) (Gustriansyah, Suhandi, et al., 2020). Furthermore,
k-Means is one of the most widespread clustering methods because of
the speed of determining the center of the cluster (centroid) and its
simple algorithm (Abdelaziz & Lu, 2019; Hossain et al., 2019). This
method utilizes the Euclidean distance rule to discover the similarity of
data.

The stages of data clustering with the k-Means method consist of:
(Gustriansyah, Suhandi, et al., 2020).

® Determine the number of k clusters;

w Initialize the value of k as the center of the cluster (centroid)
randomly;

» Group each into the nearest cluster. Use the Euclidean distance
rule to determine the closeness of two data points;

= Re-calculate each centroid by averaging all data with the cur-
rent cluster;

» Regroup each of the data using allnew centroids (return to
stage 3);

m Data clustering is complete when the centroid no longer
changes.

3.6. Validity index

The best number of k clusters for the k-Means method is determined
using six validity indices, namely Silhouette, Ratkowsky-Lance, Dunn,
Krzanowski-Lai, Davies-Bouldin, and Calinski-Harabasz as shown in
Table 2.
3.7. Sales forecasting

The sales of each product for the following months can be predicted
by multiplying the sales in the previous month, which can be actual or
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Table 2
The formula of validity indices.

No

Validity indices

1.

o

|

@

6.

Silhouette Index (SI) (Rousseeuw, 1987)
1 !
SI _EZ: JS[I]Whe{‘E:
bii} — aii} k.
= max (e b T =
dii.j}
|c¢ 1, ;;‘ "

bii} = rr_|i.n— dii.j)

s}

Ratkowsky-Lance Index (BLI) (Ratkowsly &
Lance, 1978):

5
RI = —Where:
vk

2 1p BGSS)
_-Z) 788, BGSS) =
k

Y-ty x),} I55; =

Dunn Index (DI) (Dunn,
in d(C;.Cj)

| min_ d(€.C5)

\2
Yo (X - X)
1973):

DI Where:

- muxkd[Cm]
i
4(C-G) =, uin, HCo) = mardy

Krzanowski-Lai Index (KLI) (Krzanowski &
Lai, 2006):

KLI(k) _dif(k} |

ﬂfﬂk ¥ 11
d'ff(k}

— 1P WsS, , —k2OWSS, fork = 2. 3.

Davies-Bouldin Index (DBI) (Davies &
Bouldin, 1579):
1
DBI — —Zf maxR; Where:
WSS; + wss,
R ) -
BSS;;

1 .
EZ?’ d(x;.¢;)BSS;; = de; c)

Ry =

Calinski-Harabasz Index (CHI) (Calinski &
Harabasz, 1974):
BSS/(k ~ 1)

CHIk) = T |

Let j denotes another object in
the cluster |G, d(ij) denotes
the square of Euclidean
distance between objects i and
Jjin cluster C;, and b() denotes
the distance the average of
object i with all objects in
other clusters.

SI value close to 1 is the
E{ number of k clusters.
BGSS denotes the between-
groups sum of square for each
data and TSS is the total sum
of square of each data within
the cluster.
The maximal RLI value is the
n't number of k clusters.

d(C; C;) denotes the square of
Euclidean distance between
pairs of objects in cluster C;
and C; (inter-cluster). The d
(Cyy) is the square of
Euclidean distance between
objects in one cluster (intra-
cluster), and the d;; is the
square of Euclidean distance
between object i and j.
maximal Df value is the
ﬁ[ number of k clusters.
diffik) denotes the
differentiation of the
function. I is the feature
dimension of the input
(number of attributes), W55,
is the Within-Clusters Sum of
Squares in k clusters.
maximal KLI(k) value is
best number of k clusters.
BSS is the Between-Clusters
Sum of Square, d(x.y) is the
Euclidean distance between
x and y, xj denotes the cluster
j.and ¢jis the centroid of
cluster x;.
The minimal DBI value is the
ﬁ[ number of k clusters (DBI
)

The maximal CHI(k) value is
the best number of k clusters.

E’ecast values by the final score of each product as an external factor. In
this study, the final RFM score was determined by the weights added to
the criteria R, F, and M as shown in Eq. (3) (Gustriansyah, Ermatita,
et al.,, 2020a), where o, B, and y are the weights of each R, F, and M.
These weights were obtained from the extraction criteria. Furthermore,
the final RFM score of each product is a multiplier factor in predicting
the sales of each product (Monalisa, Nadya, & Novita, 2019).

Final score = a*R + f*F +y*M (3)
3.8. Evaluation

Measuring the deviation level from the forecasting results against the
actual data is a way of evaluating the model performance. This indicates
the smaller the error rate generated by the method, the higher the level
of accuracy and performance.

The metric used to measure the error rate of the forecasting method
was the Symmetric Mean Absolute Percentage Error (SMAPE). This is a
variant of MAPE introduced by Armstrong, Collopy, and Makridakis
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1993), and it measures the deviation level of the forecasting model

ed on the relative error. This metric has an error limit, hence, it is

better able to deal with outliers compared to other metrics. The SMAPE

r limit used in this study is 0-100% (Maiseli, 2019). It has an

antage over MAPE because it can solve the “infinite issue’ due to

in the denominator (Jierula, Wang, OH, & Wang, 2021). The

APE formula is shown in Eq. (4). Assuming that the actual value of

nnumber of data for the t-th is R; and the forecast value is F. Table 3
presents the error rate and accuracy of the metric.

SR -F,
SMAPE = Z?:H:R.- oy (4)

4. Results and discussion

Three experts who are responsible for the retail sales determine the
rliﬁcant criteria that affect the process. They create and select the
criteria that most influence the process. Initially, 20 criteria were ob-

ed, but only 10 were selected and assessed for their priority level.

begins from the priority level for the best criterion against all others

0) and is followed by the priority for all other against the worst

'W). The assessment results from these experts were determined
using Eq. (1).

The average weight of each criterion and the resulting optimal value
of £* are presented in Table 4. This shows the criteria 'Frequency’,

ntity’ and ‘Monetary’ are the three that most significantly affect SF
because they have the highest weights.

The value of £* generated by BWM in Table 4 is close to zero. This
shows the consistency ratio (CR,) of the criteria comparison vector is

h, hence, the assessment results from the experts is reliable and
accepted. Subsequently, the weights of these FQM criteria will be a
mufiiplier factor in determining the final score for the SF process.

The three significant criteria which were the results of the extraction
were correlated (relevant) with the fields from the company’s actual
database and all the data were imported into a new dataset. Meanwhile,
the column containing the number of sales transactions for each product
was correlated with the frequency criterion (F). The number of sales was
correlated with the quantity criterion (Q), and the value (total money
paid by consumers) was correlated with monetary (M). The new partial
dataset is presented in Table 5.

The value interval for criterion F obtained from the data set in
Table 5is 1 - 1.726. This means the greater the value of F, the more often
the product is sold. Also, the value interval for the Q criteria is 1 -
20,419, which means the greater Q, the higher the number of sales. The
value interval for the M criteria is Rp. 1,250 - Rp. 220,588,445, which
showed the greater the M value, the higher the total money from selling
the product from January 1 to December 31, 2015.

The next step was data preprocessing which started by importing and
integrating three tables, namely the product, trans-sales, and sales de-
tails into a new dataset. Meanwhile, unrelated fields, such as no receipt,
category, and others were reduced. A column (month) was created by
separating the data from the TransRec field into a date, month, and year.
The data types of the various fields were converted before being used in
the model. Furthermore, the dataset was cleaned of 53 products con-

ing of 34 incomplete data, 4 that was not sold, 3 incorrect data, and
12 outliers, leaving 2,024 products to be clustered using the k-Means
method. Table 6 presents a visualization of data based on the number of

Table 3

The error rate and accuracy of the metric.
Error rate Accuracy
< 10% High
10-20 % Good
20-50% Reasonable
= 50% Incorrect
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n:le4

Imeighl of each criterion from the experts.

Criteria Expert 1 Expert 2 Expert 3 Average
-n Monetary 0.154645 0.114239 0.262750 0.177211
Ca* Lead time 0.077323 0.114239 0.066013 0.08B5858
Cq* Quantity 0.103097 0.274174 0.165033 0.180768
- Season 0.154645 0085679 0.110022 0.116782
Service 0.061858 0.057120 0.066013 0.061664
I Check stock 0.051548 0.068543 0.047152 0.055748
Frequency 0.252316 0.171359 0.165033 0.196236
Cg* Discount 0.044184 0.048960 0.041258 0.044801
Cq* Management 0.078679 0.042840 0.055011 0.058843
Cuw* Speculation 0.021705 0.022848 0.021715 0.022089
E* 0.056975 0.068543 0.067316 0.064278
n:le 5
Inqew partial dataset from 1 Jan - 31 Dec 2015.
Month Product ID Frequency Quantity Monetary
1 AL-0024 5 47 14,545
1 AL-0025 16 292 118,166
4 AL-0024 16 245 63,000
B Al-0539 77 20 13,455,685
12 R-5154 202 5,014 19,340,000
12 R-5226 1 30 463,650
Table 6
Visualization of a partial dataset based on the number of sales.
Product ID Plot data
Al-0024
A II"I
i
/ I'\'I VS
—
Al-0025
/ —
N  —
AN T
—
Al-0027
."I
~
.'Jlr
J'l’\\/,\f’
R-4494
| A
| P
| { 4
| /
Al
R-4495

sales, and it shows a trending and random patterns.

The lasﬁep of data-preprocessing was transformation using a log-
arithmic scale (log base 10) (Zumel & Mount, 2019). Fig. 2a shows all
the FQM data, and 2b shows those transformed to lognormal, hence,
they were normally distributed.
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Fig. 2. Visualization of FQM data distribution before and after transformation with log base 10.

Fig. 3b shows that the product with a high FQM value was red and at
the top of the cube. In contrast, those with low values were dark blue and
at the bottom. Before the new data set was clustered using the k-Means
method, the best number of k clusters were determined in advance. In
this study, the six validity indices determined the best number of k
clusters with R programming software version 3.5.3. The best from the
dataset were measured with the Silhouette, Ratkowsky, Dunn,
Krzanowski-Lai, Calinski-Harabasz, and Davies-Bouldin indices (Gus-
triansyah, Suhandi, et al., 2020). The clusters measured start fromk = 1,
2,3, ..., 10, and the results are as demonstrated in Fig. 3.

The k-value result from Fig. 3 showed the best number of k clusters
for the k-Mean method was k = 2. Furthermore, the dataset was clus-
tered using k-Means with k = 2, and it utilizes RStudio software. Table 7
presents the FQM clustering and its value intervals.

Based on Table 7, the scores for each cluster were justified by a
logical value scale for each criterion. The frequency score will be higher
when the sales are larger. Furthermore, the quantity criteria score will
be higher when the number of product sales is bigger. The score of the
monetary criteria will also be higher when the total money spent is
larger. Table 8 presents a score scale for each FQM criterion based on the
scoring justification.

Silhoustte Index

Optimal o, of clussers Optimeal . of ehestirs
'™ i

Ratkawsky Index

Table 7
FOM criteria and their value intervals for each cluster.

Criteria Cluster 1 Cluster 2
Frequency 0-243 F =243
Quantity 0 - 2,059 Q = 2,059
Meonetary 0 - 11,067,439 M = 11,067,439
Table 8
Scales and scores for each FQM Criterion.
Score Frequency Quantity Monetary
1 0243 0 - 2,059 0 - 11,067,439
2 F > 243 Q = 2,059 M = 11,067,439

The data scoring aimed to convert the value of each product into a
number, hence, it can be utilized in calculations. The conversion score
for each product was based on Table 8. Meanwhile, the final score was
determined using Eq. (3), where the weights of the F, Q, M criteria were
0.196236, 0.180768, and 0.177211 respectively obtained from Table 4.

Dunn Index
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was found that most of the error rates were obtained from over sales, not
under sales. This means these deviations do not significantly affect the
level of service to consumers.

The limitation of this study include, first, the scope of retail sales is
limited to a particular platform. Therefore, the generalizability of the
findings is limited even though they contextually represent retail sales.
Further studies could examine the approach on different platforms to
increase the generalizability. Secondly, SF criteria used are limited, and
in situations where the criteria are complex, the approach may not be
appropriate. Deep learning methods can also be explored to adopt
complex criteria and compare them with existing benchmarks. Thirdly,
the dataset used is quite large, and when it is much larger, this approach
may require adjustments to improve the forecasting performance.
Therefore, the performance of the models that involve different dataset
sizes can be compared.
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Table 9

The monthly partial data set of FQM scoring and final score for each product.
Month Product ID Frequency Quantity Monetary Score Final score

F Q M

1 AlD024 5 47 14,545 1 1 1 0.5542
1 AlD025 16 292 118,166 1 1 1 0.5542
1‘1 1:\-|-0024 i6 é45 éB,ODO .'l .'l .'l {-1.5542
é 1:\|-0539 T}' 501 i3,455,635 .'l .'l 2 {-1.7314
12 R-5154 202 5,014 19,340,000 1 2 2 0.9122
12 R-5226 1 30 463,650 1 1 1 0.5542

(1]

Table 9 presents the FQM scoring results and the final score. In addition, n

the final score is a multiplier factor for forecasting the number of sales of [RIER :

The monthly partial dataset of actual and forecast sales.

each product.

SF for the following month (period t + 1) is obtained by multiplying Row Month Product ID Actual sales Forecasting
the number of sales in the current month (period t) by the final score of 1 2 AlD024 202 26
each product (Table 9). Table 10 presents the monthly partial fore- 2 2 ALDOZ5 301 161
casting results for each product. : : : : :

The error rate of the SF model was evaluated using the SMAPE ?'612 ? '}'0755 22 ?1
metric. Fig. 4 shows the SMAPE value for all the products monthly, élgzl 12 R5145 104 106
which was between 20% and 30%, and the average value for a year was 9,922 12 R-5154 5,014 5,109
27.12%. Therefore, the accuracy of the forecasting model was at a
reasonable level. This result showed that the SalesKBR can be utilized as
a retail SF model, and it has the potential to be further developed. 20
5. Conclusions 70

A novel sales forecasting approach called SalesKBR has been devel- 60
oped in this study. This approach integrates the Best-Worst Method and R T e U S U S O
k-Means into the Recency-Frequency-Monetary concept. The SalesKBR an
is multi-criteria-based and applies the concept of RFM to products. t 40
Furthermore, it presents a new approach to valuing products using the g
RFM model that is typically used for consumer assessment. This study & 30
identified Frequency, Quantity, and Monetary as the most influential J\O‘O—O
criteria in retail SF based on the RFM concept. 20

The results showed the average accuracy level of sales forecasting
was reasonable. This means the SalesKBR is a retail SF model with a high 10
level of product diversity. However, it has a relatively small error rate 1 2 3 4 5 6 7 8 9 1011 12
(27.12%), implying it can potentially be an alternative solution for Month
stakeholders to make scientific and effective management decisions. It

Fig. 4. The average SMAPE value for all the products monthly.
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