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Abstract. High customer turnover has been a significant challenge in China's 
community-supported agriculture (CSA) industry. Establishing a customer churn 
prediction and intervention management mechanism based on consumption data 
analysis is of great significance for the sustainable and healthy operation of many 
Chinese CSA family farms. In this paper, we utilize RFM models (Recency, Fre-
quency, and Monetary) and algorithms to rank and classify the consumption abil-
ity of CSA customers on a regular basis. This is done by analyzing their recent 
purchase time, number of times of consumption, and consumption data. In order 
to determine the reasons behind CSA customer loss and intervene early, it is im-
portant to continuously enhance the knowledge and level of intelligent manage-
ment in the CSA industry. This will effectively support the healthy and stable 
development of the community-supported agriculture industry. 
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1 Introduction 

In 2008, Dr. Shi Yan introduced the Community Supported Agriculture (CSA) model 
to China. In 2008, Dr. Shi Yan introduced the Community Supported Agriculture 
(CSA) model to China. The following year, she founded the first CSA farm in Beijing, 
known as the Little Donkey Farm. This approach, which emphasizes the direct connec-
tion between agricultural producers and consumers in order to produce healthy agricul-
tural products, has garnered widespread attention. Currently, CSA farms are located in 
all provinces, autonomous regions, and municipalities in China, with the exception of 
Tibet[1]. However, CSA producers are facing problems such as low willingness to con-
tinue cooperation and a high turnover rate to varying degrees. Currently, CSA farms in 
China are mostly family-run, with a short time in business, small scale, and a lack of 
management experience. This makes it difficult to retain customers for an extended 
period. This situation makes the production and marketing activities of CSA farms 
more uncertain[2]. Due to capacity constraints, smallholder CSA family farms face dif-
ficulties in accessing the supermarket chain channel. The main source of new customers 
primarily relies on word-of-mouth from existing customers and the promotion through  
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the farm's self-media channels, which in turn generates small-scale private traffic. The 
cost of acquiring new customers is much higher than retaining existing ones. Establish-
ing a mechanism to predict and intervene in customer loss management, based on his-
torical consumption data, is of great significance for the sustainable and healthy devel-
opment of many CSA family farms in China. This mechanism can help reduce operat-
ing costs. 

2 RFM model 

The RFM model, proposed by Arthur Hughes of the Database Marketing Institute in 
the United States, is a widely used tool for measuring customer value based on custom-
ers' historical consumption behavior. The RFM model is based on the customer's his-
torical consumption behavior. In this model, R (recency) represents the interval be-
tween the customer's most recent purchase and the time of analysis. It reflects the cus-
tomer's recent consumption activity. F (frequency) represents the number of times the 
customer has made purchases within a specific period of time. M (monetary) refers to 
the total amount of the customer's consumption within that same period[3]. Purchases 
tend to reflect customers' purchasing power and satisfaction with the product and its 
services[4]. It is important to note that quantity or weight data may also be used when 
M-values are applied. The reason for this is that there may be significant price varia-
tions based on the type and quality of the produce. In other words, the selection may 
differ, but the daily nutritional requirements are still fulfilled to the same extent. There-
fore, in order to avoid statistical errors caused by pricing factors, the M-value can be 
used when analyzing purchase weight or purchase quantity data. The RFM model is 
highly practical in enterprise customer relationship management due to its clear think-
ing and simplicity of use[5]. Additionally, it has significant predictive ability in deter-
mining customers' consumption behavior[6]. The feasibility of RFM metrics has been 
proven in numerous experiments involving customer segmentation and precision mar-
keting[7]. 

3 RFM model analysis process and principles 

In this paper, the recent purchase behavior, consumption times, and purchase volume 
of CSA customers are used as the basis for segmentation and screening. The shorter the 
R-value from the analysis time, the higher the level of recent customer engagement 
with CSA products. The F-value represents the number of times CSA products have 
been purchased within a specific measurement period. It is important to exclude trans-
actions that have been refunded or returned from the statistics. Agricultural products 
differ from general consumer products. Customers' preferences for CSA farm products, 
as well as price and other factors, may lead to bias in evaluating the M-value. Therefore, 
in this paper, the M-value is defined as the volume of CSA products purchased. There-
fore, the M-value in this paper is defined as the purchase volume of CSA products. The 
specific value extraction method of the model is shown in Table 1. Additionally, users 
have the option to assign weights to RFM based on the actual operations of the farm. 
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In addition, according to the R-value calculation rule, the longer the time between the 
most recent purchase date and the measurement deadline, the higher the likelihood of 
customer churn. Therefore, the R-value calculation should be expressed as R* (-1) in 
order to preserve its objectivity. In summary, this paper presents the CSA customer 
RFM scoring model as follows: score = α R*(-1) + β F + γ M. 

Table 1. Meaning of RFM model features 

model RFM 

Recent purchases (R) Date of last purchase - Measurement cut-off date 
Number of purchases (F) Number of purchases - number of returns during the measurement period 

Purchases (M) Sum of the number of all transactions during the measurement period 

In the specific quantization process, the system needs to address the magnitude gap 
problem before performing operations because the three values of R, F, and M have 
different magnitudes and units of magnitude. Here, we can utilize min-max standardi-
zation processing to linearly transform and scale the original data of R, F, and M. This 
transformation ensures that the original values are scaled proportionally and converge 
to the interval from 0 to 1[8]. The conversion function can be represented by the follow-
ing equation: 

 x*=  (x− xmin)

(xmax − xmin)
 (1) 

In Equation (1), xmin and xmax represent the minimum and maximum values in the 
R, F, and M arrays, respectively, and x* represents the converted value. This method 
may result in changes to xmin and xmax when new data is added, requiring recalcula-
tion. It is more appropriate for applications where the values of R, F, and M are more 
concentrated. Therefore, the Z-score standardization method can also be used to convert 
data by standardizing the mean and standard deviation of the original data, as depicted 
in Equation (2). The data processed using this method follows a Gaussian distribution, 
with a mean of 0 and a standard deviation of 1. The Z-score standardized conversion 
function is shown in Equation (3): 

 σ = √
1

𝑁
∑ (𝑥𝑖 −𝑁

𝑖=1 μ)2 (2) 

 x*= (x−μ) 

σ 
 (3) 

In Equation (3), μ represents the mean value of each group of sample data from the 
R, F, and M arrays, while σ represents the standard deviation of each group of samples. 
Taking R and M data as an example, the gradient descent process before and after the 
standardization process is shown in Figures 1 and 2, respectively. 
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Fig. 1. Data gradient descent process before standardized processing 

 
Fig. 2. Gradient descent process of data after standardized processing 

In the case of the same machine learning rate, the number of iterations required for 
non-normalized data is significantly higher than the number required after normaliza-
tion. Therefore, the R, F, and M values are all mapped within the interval from 0 to 1. 
This is done to ensure comparability between the data and to expedite data analysis. 

After calculating the final score of CSA customers' RFM values, the system then 
arranges the final customer RFM data from smallest to largest (which can be divided 
into quartiles or deciles as needed). We will use the quartile as an example. CSA cus-
tomers in the lower quartile (i.e., 0-25% range) are classified as churn warning customer 
groups[9]. The system sends out commands to remind CSA farm operators and assist in 
identifying reasons for low customer RFM values that need to be addressed promptly. 
The RFM score levels and intervention decisions are presented in Table 2. 
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Table 2. CSA Customer Churn Early Warning Rating Scale 

RFM Score Level 0~25% 26%~50% 51%~75% 76%~100% 

Customer Churn 
Intervention 

Strong intervention Weak intervention Non-intervention Non-intervention 

The key difference between interventions on customer churn lies in the number of 
communications and the design of preferences. It is worth noting that fruits and vege-
tables are frequently purchased items. To provide early warning reminders, it is im-
portant to set independent thresholds for recent purchase dates and number of pur-
chases. The specific settings of the R, F, and M thresholds are determined by the prod-
uct variety and pricing of the CSA farm store. For example, if a customer has not made 
any purchases for more than two months, it will be considered a strong indication of 
churn. In such cases, the system will prompt the CSA farm to promptly attend to the 
customer, identify the reasons for their potential churn, and take corrective measures to 
prevent it. In addition to the above, the RFM scores of CSA customers may always be 
lower than the average level of other customers due to their family preferences and 
demographics. Therefore, when deciding whether to set up a churn warning, it is also 
imperative to consider the customer's own transaction history for the same period of 
time, either monthly or quarterly, for CSA products. If the transaction data is signifi-
cantly lower than the average value for the same period, then a warning will be issued. 

4 The overall architecture of the CSA customer churn 
early warning system based on the RFM model 

CSA customer churn early warning system includes modules such as data collection, 
data cleaning, data standardization, RFM calculation, early warning decision-making, 
customer care, and data connectivity. Customers' historical consumption data can be 
obtained through the farm's online store integration or manual entry. After performing 
data cleansing and standardization, the RFM score calculation and classification of cus-
tomer information, as well as targeted customer care to enhance customer RFM value 
for customer retention, the new consumption data will be reintroduced into the data 
collection module to initiate a new cycle, as depicted in Figure 3. 

 
Fig. 3. Schematic diagram of CSA customer churn early warning analysis based on RFM mod-

eling 
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The functions of the modules of the CSA Customer Churn Early Warning System 
are as follows: 

1. Data Collection Module: The historical consumption records of CSA customers will 
be collected through the API interface of each e-commerce platform or through man-
ual entry. The collected information will include customer ID, purchase time, num-
ber of transactions, types of agricultural products purchased, amount and quantity 
purchased, as well as returns and exchanges. 

2. Data Cleaning Module: De-weighting, null value checking, and outlier correction 
are performed on the collected original consumption records. Here, it is also neces-
sary to pay attention to merging consumption records from different e-commerce 
platforms within the same family, as well as different IDs within the same family, 
and so on. 

3. Data Standardization Module: This module standardizes data such as purchase time, 
number of transactions, types of agricultural products purchased, and the amount 
and quantity of purchases. Eliminating the disparity in magnitude ensures the accu-
racy and objectivity of data comparisons across different magnitudes and units. 

4. RFM Calculation Module: The RFM score is calculated using the formula score = α 
R * (-1) + β F + γ M. Since the value of R can be negative, the total RFM score may 
also be negative. If needed, the RFM score can be adjusted by adding a constant 
greater than 1 to ensure that the final score is positive. For example: score = αR*(-
1) + βF + γM + 10. 

5. Early Warning Decision Module: The module arranges CSA customer RFM scores 
in descending order and sets thresholds. It provides early warning for customer in-
formation that exceeds these thresholds, indicating potential churn. 

6. Customer Care Module: The customer care approach of CSA products needs to be 
more targeted. Through analyzing historical transaction data and online communi-
cation, among other methods, we can determine whether customers have been lost 
due to factors such as changes in demand, competition, or product or service faults 
(excluding factors such as customer death or bankruptcy). Based on this analysis, we 
can then implement targeted strategies to correct and optimize products, services, or 
business processes, as well as engage in timely communication, in order to effec-
tively win back customers. 

7. Data Connection Module: This module connects the consumption data from cus-
tomer care to the data collection module for a new round of data processing cycles. 

5 Conclusion and discussion 

Unlike standardized industrial products that can withstand storage, agricultural prod-
ucts have unique characteristics and are not resistant to storage. Therefore, a sustainable 
and stable customer base is crucial for the survival and growth of CSA farms. In China, 
the CSA industry is primarily operated by small farmers, and challenges such as a short 
history of development and inadequate management persist, hindering the industry's 
progress. A significant number of CSA family farms assess customer attrition based on 
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whether or not they have disengaged from the community. This form of post-loss con-
cern often results in a situation where it is difficult to regain customers. The absence of 
data-driven prognostic thinking by farm operators results in customer attrition, higher 
operating expenses, and increased management risks. 

Early detection of customer churn and targeted customer care through digital chan-
nels, along with continuous improvement of knowledge-based and intelligent operation 
and management in the CSA industry, will effectively contribute to the healthy and 
stable development of the community-supported agriculture industry. 
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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