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Abstract

Based on the data of 601 rice farmers in Zhejiang and Jiangsu provinces in China, we analyzed the type 
and intensity of farmers’ demands for productive services and the factors influencing agricultural green 
transformation in this developing country. The results show that rice farmers most urgently demand services 
including plant protection information, seedling supply, and unified prevention and treatment, with lower 
demand for services providing information about materials and soil. Given the consistency of productive 
services at the village level, we used a hierarchical linear model to analyze factors influencing farmer 
demand. The results show that for farmers with low levels of technology adoption, their demands for the 
services are significantly impacted by economic development level, production areas, rice planting labor, 
and technical knowledge, whereas for farmers with high levels of technology adoption, village service levels 
and production areas significantly affect their service demands.
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1. Introduction

As non-point source pollution is a major obstacle to maintaining the sustainability of agriculture (Atreya et 
al., 2012; Mariwah and Drangert, 2011; Rasmussen et al., 2015; Yin et al., 2018), it has become a top priority 
for agricultural restructuring in developing countries to achieve green production, which is the transformation 
from industrial to sustainable agriculture. Green productive technologies refer to production technology that 
can reduce the amount of chemical fertilizer and pesticides used, and ensure agricultural product quality and 
safety using harmless and pollution-free production inputs. However, the promotion of green productive 
technologies, such as fertilizer-reducing and straw return to the field technologies, has been largely curbed 
among planting farmers. Green technology extension is hindered by the following two factors according to 
the literature. Firstly, most green productive technologies are highly technical, which means the learning 
costs are high (Kabir and Rainis, 2015; Reimer et al., 2012; Teshome et al., 2016; Zhou et al., 2012). For 
example, farmers who have adopted fertilizer-reducing technology worry about the grain yield. Secondly, 
some green productive technologies are costly. The increase in production costs, especially in labor costs, 
may exceed the revenue from increased production, so farmers need to pay higher costs and accept a higher 
risk to adopt green productive technologies (Affholder et al., 2010; Anne and Olsson, 2014; Cai, 2013; Zhu 
and Tian, 2012). Since the problem of excessive chemical fertilizer and pesticide use is important for many 
farmers, the green transformation in China is facing barriers.

Dissemination of new technologies is a serious challenge for farmers in developing countries, especially for 
Chinese farmers who are generally older, poorly educated, and risk-averse (Liu, 2013; Mills et al., 2017; 
Yang et al., 2012). As such, studies have indicated the positive role of agricultural productive services in 
reducing the cost of green production, alleviating concerns about the uncertainty of new technology in 
developing countries (Emmanuel et al., 2016; Mugonola et al., 2013; Raju et al., 2015; Ye, 2015). Li et al. 
(2018) showed that material services significantly positively impact rice farmer adoption of labor-intensive 
and high-skilled technologies, whereas information services have a certain positive impact on the adoption 
of capital- and labor-intensive technologies. However, farmer demands for agricultural productive services 
vary dramatically across China. Wang et al. (2015) found farmers prefer unified provision of agricultural 
inputs, but Li (2015) reported that the need for provision of seeds is the highest. Some researchers stated 
that farmers urgently need technical guidance and agricultural machinery services (Luo et al., 2016; Xia 
and Jiang, 2016), whereas others insisted that financial and sales services are the highest priorities (Zhu 
et al., 2015). To address the imbalance and structural mismatch in service supply and demand, accurately 
identifying the demands of farmers is essential. However, previous studies ignored special needs during the 
agriculture green transformation in China.

Within the context of this agriculture green transformation, we identify which productive services are urgently 
needed by rice farmers and what factors drive the demand for productive services, taking Chinese rice farmers 
as an example to promote the green and sustainable development of agriculture and accelerate the construction 
of agricultural productive services industry in developing countries. China is the largest rice producer and 
consumer in the world. The average annual rice production and consumption account for nearly 30% of the 
world’s total. More than 60% of the country’s residents consume rice as their rations (Yang, 2017). So, the 
problem with excessive chemical fertilizer and pesticide application in rice production in China has become 
more prominent since 2000, reflected in the trend of increasing chemical fertilizer input and pesticide fees. 
Thus, the green transformation of the grain industry in China from the producer perspective requires further 
study. This study is innovative in that, firstly, the services needed by farmers were screened based on green 
productive technologies; secondly, the Kano model was used to accurately identify the farmers’ attitudes 
and categories for various services; and finally, by using a hierarchical linear model (HLM), the regional 
economy and service supply were included in the factors that impact the demands of farmers.
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2. Identification of productive services

First, we sorted the productive services related to rice farmers in China considering the characteristics of and 
gaps between production and demand in accordance with previous studies (Li, 2015; Pang, 2006; Zhang and 
Ying, 2007; Zhuang et al., 2011). Secondly, we conducted a Delphi investigation with technical extension 
staff from Zhejiang Academy of Agricultural Sciences and in-depth interviews with local experienced farmers, 
and eight services suitable for the local production environment were selected including information services, 
material services, technical guidance services, and production process assistance (Table 1).

Table 1. Available productive services for chemical fertilizer and pesticide reduction technologies.
Service items Service contents and modes Service meaning

Supplying seedlings Major rice farmers and grain cooperatives 
sign contracts with farmers to adopt unified 
pest- and disease-resistant varieties and 
unified seedlings for farmers in accordance 
with standardized technical requirements. 
Government subsidies are provided to the 
farmers receiving and providing services.

Promote pesticide reduction varieties, 
reduce the costs of raising seedlings and 
improve the quality of seedlings.

Technical training and 
guidance

Governments hold training courses on 
chemical fertilizer and pesticide reduction, 
and provide on-site learning; agricultural 
technicians provide field and in-house 
technical guidance.

Change farmers’ concepts of fertilizer 
and pesticide application, provide farmers 
with the channels to know, learn, and 
master the technologies for chemical 
fertilizer and pesticide reduction.

Plant protection 
information

Government-owned crop pest testing and 
reporting agencies monitor, forecast, and 
provide information about rice pests and 
diseases.

Standardize farmer pesticide application 
practices, reduce application times and 
improve the effectiveness of pesticide 
reduction technologies.

Soil testing 
information

Government staff in agro-technology 
extension collect and analyze the soil nutrients 
in the region, develop soil testing formulas, 
and distribute a card suggesting the formula 
and fertilization to farmers.

Help adjust farmer fertilization structure, 
reduce unnecessary input of fertilizers, 
and improve fertilizer application 
efficiency.

Market information 
about agricultural 
methods of production

Government departments provide farmers 
with market information about purchasing 
channels, marketing prices, quality varieties, 
pesticides, and fertilizers.

Promote high quality chemical fertilizers 
and pesticides, reduce the costs of farmers 
in searching.

Subsidized farm inputs Governments purchase high-quality 
pesticides, chemical fertilizers, and organic 
fertilizers through unified bidding to subsidize 
in price for farmers. 

Secure preferential prices, block fake and 
poor quality agricultural commodities 
from entering the market at source to 
ensure the quality of agricultural products.

Free farm inputs Governments provide free to farmers: vetiver, 
sunflowers, sesame seeds, etc.

Reduce the costs of farmers when 
adopting technologies.

Unified prevention and 
control 

Major farmers, grain cooperatives, or 
professional plant protection organizations 
sign contracts with farmers to set up 
prevention teams to provide contract services 
integrating green prevention and control 
technologies. Government subsidies provided 
to farmers receiving and providing services.

Reduce the costs of plant protection for 
farmers, improve the quality of plant 
protection, and increase the use of green 
control technologies.
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These eight productive services provide the fundamental and inclusive services for agricultural information 
and technical training upon which green productive technologies depend, enabling farmers to take action. The 
services improve the production quality and efficiency of rice seedling growth and plant protection, allowing 
farmers to achieve quality production, which is conducive for farmers to learn, absorb, and practice green 
productive technologies. Given the strong positive externality, the productive services need to be provided 
by the governments or quasi-government departments, which can exercise their power to directly provide 
public welfare services and to purchase productive services from professional service companies, farmer 
cooperatives, professional service teams, and other business service organizations through government 
orders and direct commissions.

3. Analysis of the demands for productive services based on Kano model

3.1 Study area and data sources

The data in this study were obtained from an investigation of rice farmers in Zhejiang and Jiangsu provinces 
in China from July to September 2017. We selected these two provinces because incorporated the concept of 
green development earlier and positively promoted the construction of productive services industry, which 
means the household survey data from Zhejiang and Jiangsu would more accurately summarize farmer 
demand for productive services in the context of green agricultural transformation.

Households were randomly selected based on multi-stage cluster sampling. In the first stage, we chose six 
counties in Zhejiang and two counties in Jiangsu that were the first promote green productive technologies. 
In every county, 6-9 villages were randomly selected, for a total of 51 villages. Then, 10-13 households 
were randomly selected in each of the villages. The survey was conducted one-to-one for with a total of 638 
questionnaires, of which 601 were valid, with a response rate of 94.20%.

3.2 Research methods

In previous studies, descriptive analysis is the most common method used to measure farmer demand 
for productive services, ranking the demand intensity of farmers for services using preferred or weighted 
frequency (Li, 2015; Wang et al., 2007; Zhuang et al., 2011). However, the ranking results of the descriptive 
analysis are not always robust and may not reflect the characteristics of farmer demand for different services.

The Kano model, originally proposed on the basis of Hertzberg’s two-factor theory, has been widely applied 
as an effective tool for identifying individual preferences by simultaneously revealing customer preferences, 
requirement prioritization, and requirement classification (Xu et al., 2009). Studies have reported an upward 
trend in adopting the Kano model to improve product quality to meet individual demand (Chen and Chuang, 
2008; Luor et al., 2015; Mikulić and Prebežac, 2011; Tontini, 2007; Zhao and Roy, 2009). Liu (2015) and 
Zhang et al. (2017) effectively applied the Kano model to analyze farmer demand for productive services, 
and drew several applicable conclusions. They reported that compared to traditional classification methods, 
the Kano model identifies the main factors affecting customer satisfaction through mining the potential 
demands of users (Pan et al., 2016), so the model could effectively identify farmers’ attitudes towards specific 
productive services and prioritize their service demands (Liu, 2015; Zhang et al., 2017).

Therefore, we used the Kano model to examine farmers’ attitudes toward services by providing their own 
approach to classifying productive services using a structured questionnaire consisting of pairs of questions 
for each given service and each answer pair was aligned with a special Kano evaluation table, allowing us 
to classify the attitudes of each respondent and the demand of rice farmers for material services (Kano et 
al., 1984). According to the Kano evaluation table, the rice farmers’ demands for productive services can 
be classified into five groups (Table 2). The frequencies of single-respondent categorizations are used to 
produce the final classification of services (Mikulić and Prebežac, 2011).
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After identifying the categories of demands for each service, the satisfaction of each service was then evaluated 
according to the Better-Worse coefficient proposed by Berger (1993). The better coefficient (CBetter) refers 
to the enhanced satisfaction of farmers when receiving a service, usually positive. The closer the coefficient 
to 1, the more satisfied the farmers. The worse coefficient (CWorse) refers to the dissatisfaction of farmers’ 
when failing to receive a certain service, which is usually negative. The closer the coefficient to –1, the more 
dissatisfied the farmers. The better-worse coefficient is the difference between the two.

 𝐶𝐶Better = [𝑃𝑃𝐸𝐸+𝑃𝑃𝑃𝑃]
[𝑃𝑃𝐸𝐸+𝑃𝑃𝑃𝑃+𝑃𝑃𝐼𝐼+𝑃𝑃𝐵𝐵] 	 (1)

𝐶𝐶Worse = − [𝑃𝑃𝑃𝑃+𝑃𝑃𝐵𝐵]
[𝑃𝑃𝐸𝐸+𝑃𝑃𝑃𝑃+𝑃𝑃𝐼𝐼+𝑃𝑃𝐵𝐵]

	 (2)

CB–W = CBetter – CWorse	 (3)

where PE, PP, PI and PB refer to the number of times a certain type of demand appears in all farmers for 
excitement, performance, indifferent, and basic services, respectively.

3.3 Model results and analysis

In the Kano model, single-respondent frequencies are usually used as the classification standard (Mikulic 
and Prebežac, 2011). Table 3 lists the classification of the productive services. A unified supply of seedlings, 
unified prevention and control, and free farm inputs are classified as excitement quality services, indicating 
that farmers are expecting these services, and but it is also acceptable if such services are not provided. Under 
the traditional self-sufficient production mode, seedling and prevention have always been key aspects of farm 
production operations. However, with the aging of family labor forces and the maturing of the agricultural 
productive service market, farmers are gradually becoming aware of the significant value of the supply of 
seedlings as well as unified prevention and treatment services, which explains why farmers are excited about 
these two types of services (Chen et al., 2018; Li et al., 2018). Agro-technology training and guidance and 
plant protection information are classified as performance quality services. Access to these services will 
increase the satisfaction of farmers, and the absence of these services will cause dissatisfaction. The agro-
technology training and guidance service is ranked first in farmers’ demands in related studies, proving that 
farmers’ expectations for the service are high to a certain extent (Kong and Zen, 2010; Xiong, 2010). Plant 
protection information is a typical public service that is classified as an expectation service. Information 
about soil testing, market information about agricultural methods of production, and subsidized farm inputs 
are services of indifferent quality. Farmers will not indicate obvious satisfaction or dissatisfaction with or 
without access to services. Small farmers in China are still accustomed to buying agricultural products in 
a market and relying on the advice of agricultural retailers rather than receiving help from social services 
(Sun and Huang, 2009; Zhang and Li, 2014), so services about agricultural production methods are not very 
attractive to farmers. In some services, little difference exists between the number of people who chose the 
first and second best service, so it would be inaccurate to define a service as a specific classification. To 
solve this problem, the better-worse coefficient was used to more accurately prioritize farmer demands for 
productive services.

Table 2. Explanation of the five classifications of the Kano model.
Classifications Explanation 

Basic quality Farmers are indignant if governments do not provide this service.
Performance quality The more governments provide this service, the more satisfied the farmers.
Excitement quality Farmers are happy when the service is provided but will not complain if it is not provided.
Indifferent quality Farmers do not care about this service.
Reverse quality Farmers will be resentful if governments provide this service.
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The order of better-worse coefficients for productive services is provided in Table 4. The first three services 
that rice farmers demand are plant protection information, supply of seedlings, and unified prevention and 
control, all with better-worse coefficients exceeding 1.100. As plant protection is technical, the difficulty 
in understanding the timing of prevention and control methods result in poor prevention and control effects 
and high labor cost; therefore, farmers rely on the information about pest and disease outbreaks provided by 
the government to adjust the timing and applications of pesticides and the prevention and control services to 
reduce plant protection inputs and improve the quality of plant protection. The same are applied to raising 
seedlings as the cost of a complete process of raising seedlings can be as high as RMB 100 yuan/mu1 or 
more, and poor mastery of seedling time and technology will result in rice seedlings freezing or burning. 
Farmers expect to improve the quality of their seedlings and the seedling survival rate with professional 
services. Compared with plant protection and seedling raising services, farmer demand for technical training 
is low as many farmers take the technical training provided by the government for granted.

The demand of rice farmers for material services, including free farm inputs and subsidized farm inputs, is 
lower than their demand for plant protection, seedling raising, and technical training services, mainly because 
farmers have access to various channels with the growing market for agricultural methods of production. 
In addition to unified purchasing, farmers can easily access materials through factory outlets and chain 
stores. Rice farmers did respond positively to the services providing information about agricultural methods 

1  1 mu = 0.067 ha.

Table 3. Results of the classification of productive service demands.
Service items Basic 

quality
Excitement 
quality

Performance 
quality

Indifferent 
quality

Reverse 
quality

Final quality 
results

Supplying seedlings 54 233 187 126 1 excitement 
Technical training and 
guidance

125 157 182 134 3 performance 

Plant protection information 83 180 209 129 0 performance 
Soil testing information 52 166 99 281 3 indifferent 
Market information about 
agricultural methods of 
production

47 172 108 270 4 indifferent 

Subsidized farm inputs 54 205 113 228 1 indifferent 
Unified prevention and 
control 

41 238 197 125 0 excitement 

Free farm inputs 61 223 152 165 0 excitement 

Table 4. Better-worse coefficients and their ranking for different supporting services.
Service items Better 

coefficients
Worse 
coefficients

Better-
worse

Rank

Plant protection information 0.647 –0.486 1.133 1
Unified prevention and control 0.724 –0.396 1.120 2
Seedlings supply 0.700 –0.402 1.102 3
Technical training and guidance 0.567 –0.513 1.080 4
Free farm inputs 0.624 –0.354 0.978 5
Subsidized farm inputs 0.530 –0.278 0.808 6
Market information about agricultural methods of production 0.469 –0.260 0.729 7
Soil testing information 0.443 –0.253 0.696 8
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of production and soil testing. In particular, their response to the information services of soil testing was 
the lowest because farmers do not have a clear idea about the benefits of adjusting fertilization structure; 
secondly, soil testing and fertilization formulating technologies incur high soil testing costs and highlight the 
poor performance of the formula fertilizers. Compared with previous studies, the classification and ranking 
results of the Kano model revealed that the farmer demand for material services emphasized in previous 
studies (Zhang and Jiang, 2015; Zhuang et al., 2011) is not very strong, and they prefer services that help 
with the production process, which indicates that simplifying the production process is the most beneficial 
to rice farmers in China due to the increase in labor costs.

4. Analysis of factors impacting demands for productive services based on 
hierarchical linear model

Based on the analysis of farmers’ demands for productive service using the Kano model, we used the HLM 
to analyze the factors affecting farmers’ demand attitudes with farmers’ demands as the dependent variables.

4.1 Research methods and model building

Data with structural hierarchy and nesting characteristics are common in the empirical analysis of social 
sciences. The household data used in this study had certain nesting characteristics and hierarchical structure, 
which were nested in the village, just like a student is nested in classes. Firstly, data were randomly selected 
based on a multi-stage cluster sampling. Secondly, productive service needs of farmers were subject to the 
situation in their own villages in addition to individual factors. Farmers of the same village have the same 
production environment, background, and policy characteristics, which cause a group effect or background 
effect. However, using the general linear regression model without considering factors at the village level 
results in the omission of a shared group effect or background effect and violates the basic assumption that 
the residual of the linear regression model is independent. The HLM, also known as multilevel modeling, 
proposed by Lindley and Smith in 1972, was specifically designed to analyze data with structural hierarchy 
and nesting characteristics by decomposing the traditional linear model random variation into intra-group 
variation and inter-group variation which effectively distinguishes the influence between individual or group 
factors.

The HLM has been used in the fields of education, psychology, and others as an effective tool to manage 
individual-level data that are collected within groups, solving the problem that had puzzled the statistical 
community for a long time (Ciarleglio and Makuch, 2007; Gelman, 2006; Kim and Kim, 2006; Rachael, 
2012; Rocconi, 2013; Soukup, 2006; Walters and Hoffman, 2017).

The application of the HLM in the field of agricultural economy has been gradually increased. Since 
agricultural survey data usually have a hierarchical structure, using a multi-level method is more suitable 
for analyzing the behavior of farmers participating in training, production, and other activities (Gao et al., 
2017; Liu et al., 2014; Yueh et al., 2013). However, few studies on the demand for productive services 
have considered this method. Researchers used the ordinary least square model or a logistic model, which 
require the independence assumption to explain the factors affecting the service demand of farmers from 
individual factors (Ghiasi et al., 2017; Wang et al., 2015; Xu and Ying, 2015), thus ignoring the common 
background of villages and reducing the power of the statistical analysis (Teo, 2011). As such, we used the 
HLM to explore the factors impacting farmer demands for productive services from two levels: villages 
and farming households.

The HLM consists of two parts: the null model and the complete model. In each part, the intercept and slope of 
the first level are taken as the dependent variables of the second level regression, and the independent variables 
of the second level are analyzed by regression. In the null model, no explanatory variables are added to the 
model and the total variance of individuals is decomposed into intra-group variation from the same group, 
and inter-group variation from different groups to determine whether each level has a significant effect on 
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the dependent variables. The complete model, including all the impact factors at the first and second levels, 
checks the impacts of the independent variables at the two levels and the cross-level interaction. Equations 
4-12 outline the specific models. The basic null model includes two levels. The first-level model is:

Yij = β0j + rij	 (4)

Var(ri) = σ2	 (5)

The second-level model:

β0j = γ00 + u0j	 (6)

Var(u0j) = τ00	 (7)

The two levels of models of the basic complete model are, for the first level:

Yij = β0j + β1jX1ij + rij	 (8)

and, for the second-level model:

β0j = γ00 + γ01W1j + u0j	 (9)

β1j = γ10 + γ11W1j + u1j	 (10)

Var(u0j) = τ00	 (11)

Var(u1j) = τ10	 (12)

Where Yij represents the dependent variable, β0j is the first-level intercept term, β1j is the first-level slope term, 
rij is the first-level residual term., γ00 is the second-level intercept term of Equation 9, γ01 is the second-level 
slope term of Equation 9, u0j is the second-level residual term of Equation 9, γ10 is the second-level intercept 
term of Equation 10, γ11 is the second-level slope term of Equation 10, u1j is the second-level residual term of 
Equation 10, X1ij are the first-level dependent variables, and W1j are the second-level independent variables.

4.2. Variable selection and descriptive analysis

With reference to Zhang et al. (2017), we used the total numbers of basic and performance services from 
Section 3.3 to represent the intensity of service demands of farmers. Based on previous reports (Kallas et al., 
2010; Kibwika et al., 2009; Li and Jiang, 2015; Li and Zhang, 2011; Tan et al., 2017), the household-level 
variables included production areas, household labor, production experience, multiple family businesses, 
the cost of rice production, and farmers’ understanding of technical difficulties. The village-level variables 
included the level of economic development and the availability of productive services, represented by 
average employment prices and the number of services provided locally, respectively. Table 4 lists the 
specific variables. The comprehensive model of empirical analysis is expressed as:

Nec = �γ0 + γ01Pri + γ02Avai + γ10Year + γ20Area + γ30Cost + γ40Lab + γ50Bus +  
γ60Reg + γ61Avai × Reg + u0 + r	 (13)

The source of the data used by the HLM model was the same as in Section 3.1. From the results of the 
descriptive analysis (Table 5), we found the average demand intensity of sampling farmers was 2.93, with 
an average of three types of basic or performance services out of the eight types of services. The overall 
demand for services was not high, partly because the farmers do not have many expectations about productive 
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services and partly because they are accustomed to a long-term self-sufficient mode of production. Farmers 
have rich production experience and large production areas, and paddy rice is no longer the only source of 
income for most farmers. The average cost of planting rice is close to 1000 yuan/mu with an average labor 
cost of 122 yuan/mu. Only 23% of the farmers think it difficult to master green productive technologies, 
indicating technical difficulty is not preventing the majority of farmers from achieving green production.

4.3 Model results and analysis

The samples were divided into high-level and low-level green productive technology adoption groups to 
analyze the heterogeneity of farmer demands for services. The grouping criteria were the adoption scores 
of the sample farmers for green productive technologies in rice. A sample farmers’ adoption score is the 
sum of scores of 11 popular green productive technologies in rice with technical complexity as weight. 
Farmers above the average score were grouped into the high-level technology adoption group; those below 
the average were grouped into the low-level technology adoption group. HLM was evaluated using HLM 
7.0 software (Scientific Software International (SSI)). According to the idea introduced by Hofmann (1997), 
the null model is first applied to analyze the impacts of service demands on farming household and village 
levels, and then the complete model is applied to analyze the impacts of each independent variable on service 
demands. To further clarify the impact of village service availability, the service availability variable was 
placed on the slope of the second-level technical understanding for estimation.

	■ Null model estimation results

The null model estimation results are provided in Table 6. Firstly, the correlation coefficient ρ (intraclass 
correlation coefficient) was calculated for the variance variation at the village and the farming household 
levels, and the P-values for the low-level and the high-level technology adoption groups were 0.38 and 0.61, 
respectively, indicating that 38 and 61% of the total service demand variations of rice farmers were from the 
village level, respectively, which is highly relevant (Cohen, 1988)2. So, village-level differences cannot be 

2 According to Cohen’s classification, 0.01≤P<0.059 is a weak relationship; 0.059≤P<0.138 is a moderate relationship, and P≥0.138 is a strong 
relationship.

Table 5. Variable description and descriptive analysis.
Variable Description Unit Average Variance

Demand intensity (Nec) Total numbers of basic and 
performance services

number 2.93 1.78

Farming household level
Production experience (Year) Years of rice planting of 

family decision-makers
year 25.50 16.13

Production area (Area) Rice planting areas mu 64.18 112.25
Production cost (Cost) Rice production costs yuan/mu·season 990.06 461.54
Rice planting labor (Lab) Rice planting labor person 2.96 1.37
Multiple family business (Bus) Proportion of non-farming 

income in total family income
% 37.90 32.16

Technical cognition (Reg) Whether green productive 
technologies are difficult

0 = no;
1 = yes

0.23 0.42

Village level
Economic development level (Pri) Average employment prices 

in the region
yuan/working day 122.04 56.87

Availability of services (Avai) No. of productive services 
provided locally

items 3.36 1.50
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ignored. P-values were all 0.000, ands if the original hypothesis is rejected, the village-level variables have 
a significant impact on service demands. In summary, the data, with a hierarchical structure, were suitable 
for estimation using HLM.

	■ Complete model estimation results

The complete model estimation results are shown in Table 7. According to the estimation results of the low-
level technology adoption group, from the village level, economic development level had a positive impact 
on the service demand at 1% significant, indicating that the higher the economic development, the stronger 
the demands for services. Because land and labor costs tend to be high in the areas with a stronger economy, 
rice planting depends more on services and subsidies. The impact of service availability was positive but 
not significant, probably because the farmers in the low-level technology adoption group are less concerned 
about service-related policies or regulations. From a household level, compared with the farmers who think 
that green productive technologies are easy to learn, the demands for services that farmers find technically 
difficult are even stronger at the 5% significance. If farmers think they are less able to acquire the relevant 
technologies, they tend to rely on productive services to help themselves. Both production costs and production 
areas had positive impacts at the 1% level as farmers rely more on productive services due to the increased 
difficulty of applying green productive technologies. Likewise, the farming workforce, i.e. the difficulties 
due to workforce shortages, also had a positive impact at the 1% level. The positive correlation coefficient 
between technical cognition and service availability indicates that in the areas with high service availability, 
farmers tend to seek help from services if they think the technologies are harder to learn. However, farmers 
tend to solve the problems on their own in areas with low service availability.

Table 6. Null model estimation results.1

Variable hierarchy Low-level technology adoption group High-level technology adoption group

Variance SD P-value Variance SD P-value

Village level (τ00) 0.9760 0.9879 0.000*** 1.9577 1.3992 0.000***

Farming household level (σ2) 1.6566 1.2871 1.2837 1.1330
1 *** indicates significance at 1% level; SD = standard deviation.

Table 7. Complete model estimation results.
Variable Low-level technology adoption group High-level technology adoption group

Coefficient SD P-value Coefficient SD P-value

Intercept 0.8465 0.6308 0.194 1.4803** 0.7015 0.048
Village level
Economic development level 0.0102*** 0.0036 0.010 0.0098* 0.0053 0.080
Service availability 0.0851 0.1078 0.439 0.3695** 0.1748 0.048
Farming household level
Green technical cognition 1.2050** 0.4996 0.017 2.3374* 1.3083 0.075
Multiple family business -0.0034 0.0027 0.204 -0.0024 0.0024 0.315
Production experience 0.0019 0.0040 0.641 -0.0008 0.0049 0.875
Production cost 0.0007*** 0.0002 0.003 0.0001 0.0002 0.796
Rice planting labor -0.1524** 0.0750 0.043 -0.0295 0.0504 0.558
Production areas 0.0048*** 0.0008 0.000 -0.0014*** 0.0004 0.002
Technical cognition and 
service availability

0.0427 0.1607 0.791 0.0551 0.2801 0.844

Sample numbers 353 248
1 *, **, *** indicate significance at 10, 5 and 1% levels, respectively; SD = standard deviation.
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According to the estimation results for the high-level technology adoption group, from the village level, 
the significant impact of economic development level on service demands decreased to 10%, whereas 
the impact of service availability was significantly positive at 5%. Farmers pay more attention to the 
government’s service policies and methods if they adopt more green productive technologies. The satisfaction 
with services also increases once the service availability is relatively high. From a household level, green 
productive technological understanding is only significant at the 10% level, indicating the service demands 
of some farmers do not significantly decrease although they think the technologies are easy. The impact of 
production inputs on service demands was weak, probably because the farmers with high-level technology 
adoption are more likely to consider service demands based on technologies rather than on their production 
endowment. The impact of production areas on service demands was significantly negative at the 1% level. 
Among the farmers in the high-level technology adoption group, the larger the production areas, the stronger 
their green production abilities, which means they have more suitable supporting facilities and more access 
to channels of information. Therefore, they have low demands for external services, which partly explains 
why the impacts of production costs and labor force were insignificant. For the farmers in the low-level 
technology adoption group, the larger the production areas, the greater their demand for external services 
due to imperfect supporting facilities. The interaction coefficient of technology understanding and service 
availability was also positive. When the service availability is high and the technologies are difficult, the 
farmers tend to apply the technologies with the services provided.

Compared with previous studies, the HLM results revealed that group factors, especially service availability 
and economic development level, impact farmers’ productive service needs, indicating that only analyzing 
the demand of farmers for services from the individual level is insufficient. The results showed that farmers 
with different technology adoption levels have different service demands, which deserve the attention of 
policymakers.

5. Conclusions and implications

Providing farmers with the productive services they need for green agriculture transformation is crucial for 
the expansion of the use of green production technologies and the achievement of agriculture sustainability. 
Therefore, based on the data of 601 rice farmers in Zhejiang and Jiangsu provinces, we analyzed the type 
and intensity of farmer demands for productive services in the context of agriculture green transformation 
based on the Kano model, and analyzed the factors that impact the service demands using the HLM. The 
main conclusions are as follows: First, among the productive services, the farmers most need plant protection 
information, unified prevention and control, and seedling supply services, whereas their demands are lowest 
for information about agricultural methods of production and soil testing services. Second, labor costs at 
the village level, production area, laborer numbers, and difficulty in understanding green technology at a 
household level significantly affected farmers’ demand in the group with a low level of green productive 
technology adoption. Service availability at the village level and production area at the household level had 
significant effects on farmer demand in the high-level green productive technology adoption group.

Additional in-depth discussions provided conclusions to gain further insight for policy makers and managers 
of agricultural productive service industries. Firstly, compared with material services and information 
services, farmers prefer productive services that can save labor input, which conforms to the labor shortages 
caused by the outflow of agricultural labor in China. Therefore, the government should prioritize providing 
unified prevention and control and seedling supply services to farmers, and improve the coverage and 
service capacity of these two services. Secondly, village level factors impact the service demand of farmers, 
which was ignored in previous studies. Therefore, we recommend establishing village service teams and 
formulating targeted incentive policies separately for farmers with different levels of technology adoption. 
These measurements will not only ensure that the service can be provided according to the situation in each 
village, but also expand the scale of plant protection of cooperatives and firms. Finally, considering the 
externalities of green production, a specialized division of productive services should be created between 
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the government and commercial service organizations to balance meeting farmers’ various demands and 
achieving economies of scale.

The findings highlight the differences between the demands for various services; however, the interdependence 
of different services was not incorporated into the analytical framework, so subsequent studies can further 
analyze the alternative or complementary relationships between services. Based on a clear understanding of 
service demands, future studies should integrate the supply and demand for productive services, and outline 
the content in different services, supply methods, and price combinations to farmers to determine their 
selection through the choice experiments (CE) and other methods to help develop the productive services 
industry in China.
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