Vol. 4, No. 1 World Journal of Mathematics and Statistics June, 2025
Iy et 2025 46 A

Automatic Pricing and Replenishment

Decisions for Vegetable Commodities
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Abstract: The various categories of vegetables show different sales trends with the changes of specific times and
seasons. Reasonable arrangements and the formulation of pricing strategies, as well as the timely and effective
replenishment of individual items, can increase the profits of supermarkets. Firstly, this article uses the 3¢ principle to
preprocess and visualize the sales data of six major vegetable categories, including eggplant, cauliflower, pepper, aquatic
rhizome, and leafy and floral vegetables, and their corresponding individual vegetable items. The AMRIA time series
model is established by using the statistical analysis software SPSS 26.0 to analyze the distribution of the sales volume
of vegetable categories and individual items over time. It is found that the overall sales volume of individual items
fluctuates over a long period of time, and leafy and floral vegetables, cauliflower, and aquatic rhizome vegetables show
seasonal trends. Determine the correlation between various categories and individual products. through the Pearson
correlation coefficient. A neural network prediction model is established and solved by using MATLAB software to
predict the daily sales volume of each category in the next week. Subsequently, an optimization model is established to
determine the total daily replenishment quantity and pricing strategy for vegetable categories in the next week, and a
judgment matrix is constructed to determine the relevant data in different aspects required for supermarkets to formulate
replenishment and pricing strategies.
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1 Introduction

In fresh food supermarkets, the shelf life of general
vegetable products is relatively short, and their appear-
ance tends to deteriorate as the sales time increases. Most
varieties cannot be sold the next day if they are not sold
on the same day. Therefore, supermarkets usually replen-
ish their stock every day based on the historical sales and
demand of each product. [1]

Since there are numerous vegetable varieties sold in
supermarkets and their places of origin vary, and the
purchase and trading time of vegetables is usually be-
tween 3:00 and 4:00 in the early morning, merchants have
to make replenishment decisions for each vegetable cate-
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gory on the same day without knowing exactly the spe-
cific individual items and purchase prices. Vegetables are
generally priced using the "cost-plus pricing" method, and
supermarkets usually offer discounts on goods with
transportation damage or deteriorated appearance. [2]
Reliable market demand analysis is particularly im-
portant for replenishment decisions and pricing decisions.
This article uses the ARIMA model to find out the distri-
bution law of the sales volume of categories and individ-
ual items over time, and uses the Pearson correlation co-
efficient to identify the correlations among various cate-
gories and individual items [3]. A neural network predic-
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tion model is established to predict the sales data for the
next week, and the total daily replenishment quantity and
pricing strategy for each vegetable category in the next
week are provided to maximize the profits of supermar-
kets. Moreover, a jJudgment matrix model is established to
solve the problem of what relevant data supermarkets still
need to collect in order to better formulate replenishment
and pricing decisions for vegetable products and how
these data can help solve the above-mentioned problems.

2 Preprocessing of Commodity
Sales Data

(1) Judging outliers based on the 3o principle

There are some extreme values for the unit sales price
in the table. In order to determine these outliers more
quickly and accurately, we use the 3¢ principle to judge
the outliers. It can be seen from the figure that when the

data obeys the normal distribution, 99.7% of the data falls
within three standard deviations. Therefore, only 0.3% of
the data falls outside it. So the data falling outside three
standard deviations is in the minority and can be regarded
as a low-probability event, and the data within this range
can be regarded as outliers.
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Figure 1 Judging outliers based on the 3¢ principle

Figure 2 Normal distribution graph

We can use an Excel spreadsheet to calculate the mean
and standard deviation of the unit sales price [4]. The ob-
tained mean is 8.9 and the standard deviation is 6.3.

Secondly, we can calculate the probability density cor-
responding to each unit sales price. Taking the unit sales
price as the abscissa and the probability density as the
ordinate, we can draw a normal distribution graph as
shown in the figure. It can be seen from the figure that
prices above 27.8 are outliers.

We also make a scatter plot of single product code -
unit sales price, as shown in the figure. There is a sharp
upward trend in the red circles, so we can determine that

there are outliers.

(2) Outlier processing

After we conduct outlier determination on the data set,
we screen out the outliers and perform elimination pro-
cessing after outlier determination on the collected sam-
ples. Eventually, we can determine the outliers through
logical analysis and the 36 principle. We can use an Excel
spreadsheet to label the obtained outliers. We assume that
the outliers are labeled as "a", and search for data "a" by
means of screening. For the data where the outliers are
located, we conduct elimination processing. Therefore, it
is determined that among the 1,095 pieces of data, there
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are a total of 123 out-of-range data and 25 data with a
value of 0, totaling 158 outliers. After all of them are re-
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moved, there are 937 days' worth of normal daily sales
data left in total.
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Figure 3 A scatter plot of single product code

3 Establishment and Solution of the
ARIMA Model and the
Correlation Coefficient Model

(1) Use the ARIMA model to find out the distribution
law of the sales volume of categories and single
products over time.

For the distribution law of the sales volume of vegeta-

ble categories and single products over time, use the
ARIMA model for time series analysis. The basic idea of
the ARIMA model is to use the historical information of
the data itself to predict the future. It mainly consists of
three parts, namely the autoregressive model (AR), the
differencing process (I), and the moving average model
(MA) [5].

The original graph of the distribution of single products
over time in the recent three years is shown in Figure 4.
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Figure 4 Original Graph of the Distribution of Single Products over the Past Three Years
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It can be seen that there are certain seasonal fluctuations. Conduct the ADF test on it and determine that the order of
differencing is 2. The obtained stationary data is shown in Figure 5.
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Figure 5 Stationary Data Graph Obtained with the Differencing Order of 2
Use SPSS to determine that the parameters p and ¢ are 1 and 1 respectively.
The distribution of the sales volume of single product data over time is shown in Figure 6.
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Figure 6 Time Series of Single Product Sales

There are peaks and troughs in the sales volume of single products in the figure, and it can be seen that the sales vol-
ume of single products presents a certain seasonal distribution.
In the same way, the time distribution diagram of the sales volume of each vegetable category is shown in Figure 7.
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Figure 7 Time Distribution Diagram of the Sales VVolume of Each Vegetable Category

It can be seen that vegetable categories also exhibit
certain seasonal fluctuations. Meanwhile, it can also be
found that the monthly sales volume proportions of cauli-
flower, leafy and aquatic rhizome categories from July
2022 to June 2021 are very similar, and the sales volumes
of all categories declined between October 2022 and De-
cember 2022, and the decline range was greater than that
in other years.

(2) Use the Pearson correlation coefficient to find the
correlations among various categories and single
products.

The Pearson correlation coefficient is used to measure
the degree of correlation between two variables. It can
rank the correlations between variables and analyze the
correlations between two continuous variables [6]. Since

http://www.wjoms.com

the sales volumes of various vegetable categories are con-
tinuous variables, the Pearson correlation coefficient is
adopted in this modeling to analyze the correlation rela-
tionships of the sales volumes of various vegetable cate-
gories [7]. As shown below.

Yo Xi=D)(¥i-7)

O S DR

p(x,y) =JZ

Among them, X;and Y;respectively represent the sam-
ple sequence values of the monthly sales volumes of two
vegetable categories, and X,Y represent the sample
means of the sample sequences.

Use Matlab to draw the heat map of the correlation co-
efficients of each category as shown in Figure 9.
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Pearson correlation

cauliflower 0. 0006749 | 0.2934 0.322 | 0.02017 0.9
0.8
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Figure 8 The heat map of the correlation coefficients of each category

We use the Spearman correlation coefficient (define X and Y as two sets of data, where di is the rank difference be-
tween Xi and Yi) to obtain the correlation coefficients among various single products.
The heat map is drawn as follows:

&

;'" 102900005115168 102900005115199 102900005115250 102900005115625 102900005115748 102900005115762 102900005115779 10
@B

=

B

1 56.624 0.000 202.540 0.000 19.904 17.538 807.989
2 5.001 3692 740,681 0.000 160.665 71.991 868.321
3 100.751 169.838 461.956 0.000 503.454 474.566 1011.025
4 0.000 147.801 436653 0.000 0.000 1077.352 913.197
5 344.027 5978 396.292 0.000 0.000 1008.428 1130.132
6 62.346 0.000 310012 0.000 0.000 888.322 1350.552
7 0.000 0.000 0273 0.000 0.000 635.247 2985.501
8 0.000 0.000 0.000 0.000 0.000 519.714 2144.176
9 0.000 0.000 98.709 3.381 0.000 302.203 1779.850
10 13.678 0.000 0.576 70.370 0.000 101.798 1576.135
1 13.126 6.176 164.058 44.004 22.950 5.499 758.014
12 295.284 0.000 1.965 3.265 11.703 0.000 590.530

12 rows x 246 columns

Figure 9 The correlation coefficients among various single products

Draw a heat map as follows
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Figure 10 A heat map

Table 1 Sales data

Item No. 1 Item No. 2 correlation coefficient
102900011033562 102900011033531 1.0
102900011033586 102900011033562 1.0
102900011033586 102900011033531 1.0

From the table in the figure above and the data in the
attachments provided in the question, it can be known
that these three groups of single products have the same
purchase time for customers. We can learn from it that
these single products have a collocation relationship.
Through this collocation relationship, the correlation be-
tween pairs of single products can be better strengthened,
making the sales volume of single products more stable.

4 Establishment and Solution of the
BP Neural Network Model

Based on the historical data in the given attachments, we
use neural network prediction to forecast the daily sales quan-
tity of each category within the next week. The BP neural
network is a kind of artificial neural network, and its main
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World Journal of Mathematics and Statistics 2025, 4(1): 16-27

function is to conduct distributed information processing [8].

Training samples

23

Its core steps are as follows:

—» Compute—p Get the output _p Compare with —  p Get satisfactory

the desired output results
weight Get unsatisfactory results i
‘ Test
Adjust apply
(multiple iterations)
Figure 11 Core steps
af(x) o

Step length =n

dx

According to this formula, the value of the next point is
obtained as follows:x **D=x* — %

Before derivation for:

1 *
Loss = 31,3 — ¥7)

This is the error term.
The main content of its backpropagation is as follows:

Figure 12 Backpropagation

By the operation of the neural network prediction step,
we can derive information about

y(®)=f(y(t-n), y(t-n+1),..., y(t-1))

BP Comparison of the predicted and actual values of
the neural network training set [9].
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Figure 13 BP Comparison of the predicted and actual values of the
neural network training
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Figure 14 Neural network training

Through the operation of the neural network prediction
steps, it is possible to summarize the data based on the
previous question and then predict the daily sales quantity
of each category in the future.

The above figure clearly shows the relationship be-
tween the predicted values and the actual values, which
can help to better determine the pricing strategy and the
total replenishment quantity.

5 Establishment and Solution of the
Model for Question Three

The objective function is determined as maximizing |
(predicted sales volume x (sales price - wholesale price))
% (1 - loss rate). The following table shows the single
products, unit prices and sales volumes for one week in
the latter half of June.
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Table 2 The single products, unit prices and sales volumes for one week in the latter half of June

The name of the item Sales volume (kg) Classification name Sales unit price (RMB/Kg)
0 Colorful Pepper (2) 7.302 Chili peppers 23.6
8 Colorful Pepper (2) 7.302 Chili peppers 33.6
12 Colorful Pepper (2) 7.302 Chili peppers 21.6
13 Colorful Pepper (2) 7.302 Chili peppers 13.0
14 Colorful Pepper (2) 7.302 Chili peppers 18.0

Based on this table, select representative single prod-
ucts with high profits to conduct predictions and formu-
late pricing strategies and replenishment quantities.

Table 3 Pricing strategies and replenishment quantities

The name of the item Expectedprice Availability
Tremella (flowers) 17.0 25
oyster mushroom 31.0 25
Chinese cabbage 27.0 25
Pure Lotus Root (1) 23.0 25
water caltrop 29.7 2.5

6 Establishment and Solution of the
Judgment Matrix Model

1. Index data such as special demands during holidays
and seasonal demands can be added. In this way, the
number of decision variables and constraint condi-
tions for Question Two and Question Three can be
increased. Then, by comparing with the pricing
strategies given in Question Two and Question
Three, we can observe the changes in profits, so as
to judge whether the previously formulated pricing
strategies are good or bad. This is conducive to fur-
ther modifications and optimizations, and further
strengthens the rigor and feasibility of the strategies.

2. Relevant data of the supply chain and marketers can
be added. Use these data to build an evaluation
model to evaluate the replenishment policies and
pricing strategies given in Question Two and Ques-
tion Three. A deep understanding of the supply
chain and marketers helps to understand the cost of
corresponding commaodities, thereby increasing the
rationality of commodity pricing and maximizing
profits. Having a better grasp of the replenishment
channels, transportation methods and replenishment
time, optimizing the supply chain and reducing
waste will be of great help in formulating more rea-
sonable, efficient and safe replenishment policies,
ensuring the quality of commaodities and their timely

supply.

http://www.wjoms.com

3. Data on competitors' prices and customer feedback
results can be added. A full understanding of com-
petitors' price data enables supermarkets and hy-
permarkets to better understand the market and ad-
just and optimize their own pricing in a timely
manner, which is helpful for better benign market
competition. In addition, a full grasp of customer
feedback results can help identify shortcomings and
deficiencies, which has a positive impact on the
further optimization of product sales and the im-
provement of customer satisfaction [10].

(1) Construct the judgment matrix

The hierarchical structure reflects the relationships
among factors, but the proportions of each criterion in the
criterion layer in the target measurement are not neces-
sarily the same [11]. In the minds of decision-makers,
they each account for a certain proportion [12].

Suppose that we now want to compare the influence
magnitudes of m variables X ={x;,..., x,,} on a certain
factor T. According to the suggestions of Saaty and others,
we adopt the method of pairwise comparison of variables
to establish a pairwise comparison matrix to provide reli-
able data. That is, each time we take two variables x;
and x;, and use a;; to represent the ratio of the influence
magnitudes of x; and x;on T. All the comparison results
are represented by the matrix A = (a;;)n, and A is called
the pairwise comparison judgment matrix (referred to as
the judgment matrix for short) between T - X. It is easy to
see that if the ratio of the influence of x;and x;jon T is
a;j, [13] then the ratio of the influence of x; and x; on

T should be aji:%. [14]
ij
Definition 1: If the matrix A = (a;;)n, satisfies
i. al-j>0,
" 1,.. .
"'aﬁ:a_i,-(L’ j=12A m)
Then it is called a positive reciprocal matrix (it is easy
to see that a;=1, i=1,..., m).
Regarding how to determine the value of a;;, Saaty
and others suggest citing the numbers 1 to 9 and their
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reciprocals as the scale.

Table 4 The meaning of the scale

scale meaning

1 Indicates that the two factors are of equal importance

3 It means that the former is slightly more important than the latter compared to the two factors

5 It means that the former is significantly more important than the latter compared to the two factors
It means that the former is more strongly important than the latter compared to the two factors

7 It means that the former is more important than the latter compared to the two factors

9 Represents the median value of the above adjacent judgments

2,4,6,8 If the ratio of the importance of factor i to factor j is aij, then factor j

reciprocal The ratio to the importance of factor i is: aji =1/ aij

The meaning of the scale in Table 4.

From a psychological perspective, having too many
gradations will exceed people's judgment ability. It not
only increases the difficulty of making judgments but also
tends to lead to the provision of false data. Saaty and oth-
ers also used experimental methods to compare the accu-
racy of people's judgment results under various different
scales. The experimental results also show that it is most
appropriate to adopt the 1-9 scale.

Judgment matrices of the criterion layer in the table:
B1: Supply chain data

B2: Competitors' pricing data

B3: Inventory data

B4: Vegetable purchasing power in the market

B5: Customer feedback results

B6: Purchase intention of the target objects

Table 5 Judgment matrices of the criterion layer in the table

A Bl B2 B3 B4 B5 B6

B1 1 3 1 2 1 1/5

B2 1/3 1 1/3 1/5 1/4 1/3

B3 1 3 1 1 1/2 1/2

B4 12 5 1 1 3 3

B5 1 4 2 1/3 1 1

B6 5 3 2 1/3 1 1

Table 6 The meaning of the scale
criterion Supply chain Competitor Inventory Inventory Customer Target Object of
data pricing data data data feedback knots  willingness to buy

Normative hierarchy value 0.18 0.15 0.16 0.17 0.17 0.18

. .. Xii—Minixqi,..Xni
Positive indicator: x;; = ymminn -y}

max{xy j,...xnj}—min{xyj,...xn;}

max{xlj,...,xnj}—xij

Reverse indicator: x;; =
everse indicato Xij max{xy j,...xnj}—min{xyj,...xn;}

Calculate the proportion of the i-th sample value under
xij

y
T Xij

the j-th indicator to this indicator [15]: p;; =
i=1,...,n,j=1,...n,j=1,....m
4. Calculate the entropy value of the j-th indicator:
e; = —k X 1 pijIn(p;)), j=1,...,m

Among them, k =1/1n(n) > 0. Satisfy e; > 0;

5. Calculate the redundancy degree (difference) of in-
formation entropy:

dj =1- ej, jzl,..., m
Calculate the weights of various indicators:

m [}
z:j=1 dj

j=1,...,m

Calculate the comprehensive scores of each sample:
—\"m —
Sj_ZjZI Win]', 1—1,. ., N

Among them,x;; is the standardized data. The ranking
of the weights of the criterion layer [16]: supply chain
data = the purchase intention of the target object > the
purchasing power of market vegetables = customer feed-
back > inventory data > competitors' pricing data.

http://www.wjoms.com
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7 Conclusions

This study systematically explores the dynamic sales
patterns of vegetable categories and individual items in
response to temporal and seasonal variations, proposing a
data-driven framework to optimize replenishment and
pricing strategies for supermarket profitability. Key find-
ings reveal that leafy and floral vegetables, cauliflower,
and aquatic rhizome vegetables exhibit pronounced sea-
sonal trends, while sales of individual items demonstrate
long-term fluctuations. The integration of the AMIRA
time series model and neural network prediction effec-
tively captures these temporal dependencies, enabling
accurate short-term sales forecasting. Furthermore, the
identification of inter-category and inter-item correlations
through Pearson analysis highlights the interconnected
nature of consumer purchasing behavior, offering action-
able insights for coordinated inventory management.

The optimization model developed in this study pro-
vides a practical tool for supermarkets to balance replen-
ishment quantities and pricing adjustments, ensuring re-
source allocation aligns with predicted demand. By inte-
grating statistical analysis, machine learning, and opera-
tional optimization, this approach transcends convention-
al heuristic strategies, offering a replicable methodology
for perishable goods management. The findings under-
score the importance of leveraging temporal data analyt-
ics and cross-category correlations in retail deci-
sion-making, with implications for reducing waste, max-
imizing revenue, and enhancing supply chain respon-
siveness.

This research contributes to the operational manage-
ment literature by bridging predictive analytics and re-
al-world retail logistics, particularly in perishable goods
sectors. Future studies could extend this framework to
incorporate external variables such as weather patterns or
promotional campaigns, further refining its predictive
accuracy and strategic value.
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