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Abstract 

 

Evaluating the effect of farmers’ 

participation in on-farm diversification 

activities on farm employment in 

Korea 

 
Fanny Le Gloux 

Major in Agricultural Economics 

Dept. Of Agricultural Economics & Rural Development 

Seoul National University 

 
The 6th industrialization of agriculture is the strategy of integrating the 1st, 

2nd and 3rd industries in an agricultural sector. In 2013, the Republic of Korea 

implemented the Sixth Industrialization Policy with the aim of revitalizing the rural 

economy, increasing the added-value of the agricultural sector and boosting rural 

and farm employment. At the farm level, the policy supports the development of 

integrated farming businesses operating on-farm diversification activities of the 2nd 

and/or 3rd industries (direct sales, processing, farm restaurant and farm tourism) 

linked to the agricultural primary production. In this paper we intend to reduce the  

literature gap and investigate the effect of the participation of farming households in 

the sixth industrialization on-farm diversification activities on their probability to 
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hire an employee. To do so, we use the Propensity Score Matching (PSM) technique. 

We estimate the average treatment effect on the treated including all types of farming 

business at first and then run the analysis by farming type. Moreover, we measure 

the treatment effects for different employment durations to  investigate the 

participation impact on the length of employment. Our results suggest that 

participation in on-farm diversification activities increases the probability of farm 

employment in the integrated farms despite the fact that the intensity of the increase 

and its significance vary according to the farming type. The impact on specific 

employment durations also varies with the type of farm.  

 

Key words: Sixth Industrialization Policy, hired labour, Propensity Score Matching, 

Average Treatment effect on the Treated 
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1. Introduction 

 

1.1 Study background 

As a result of its economic boom, Korea rapidly shifted from mainly rural 

to mainly urban. The rural population is now facing demographic and societal 

difficulties, such as a growing urban-rural income gap and aging (Korea Rural 

Economic Institute, 2015, p. 94). In 2016, 53.1% of the agricultural population was 

aged more than 60 years old. That share tremendously increased since the 1970s, 

when it was less than 10% (Heo and Kim, 2016). Moreover, while the contribution 

of the agricultural sector in the Gross Domestic Product decreased from almost 50% 

in 1964, to a bit less than 30% in 1970, to 2% in 2016, the ratio of people working 

in agriculture fell from 49.5% in 1970 to 5% in 2017 (Korea Rural Economic 

Institute, 2015, p. 29; The World Bank, 2016). Since agricultural holdings are 

essential to rural growth, it is relevant to use their key role, particulary in the 

provision of employment, to overcome the challenge of maintaining rural 

communities.  

The devitalization of rural areas and the decrease of the number of 

agricultural workers is an issue that many developed economies have to deal with. 

In the past decades, support for on-farm diversification towards activities that are not 

primary agricultural production appeared in several rural development policies, such 

as in the European Union (The Council of the European Union, 2006) or in the 
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United States (Rupasingha et al., 2018). It is claimed that on-farm diversification can 

contribute to rural revitalization as it expands the possibility of income generation 

for farmers, strenghtens social cohesion and boost farm employment (Augère-

Granier, 2016, p. 3; Bartolini et al., 2014, p. 137). 

Similary and as a mean to induce rural and agricultural revitalization, the 

Korean government implemented in 2013 the “Sixth Industrialisation Policy” (Korea 

Rural Economic Institute, 2015, p. 276). The “Sixth Industry in Agriculture”, also 

called “Rural Convergence Industry”(Jang, 2016), is based on the concept of “high 

value-added agriculture”. The policy aims at encouraging farmers to diversify their 

on-farm income by « utilizing low value-added products from primary industries to 

create higher value-added products through the processing and service activities of 

the secondary and tertiary industries» (Korea Rural Economic Institute, 2015, p. 

275). A “6th Industry farm” is a multi-activity business combining the production of 

agricultural products (primary industry) with one or more on-farm diversification 

activity(ies) such as processing (secondary industry), direct sales, restaurant and 

agri-tourism (tertiary industry) (Forum for Agricultural Policy Research in North 

East Asia, 2014). The concept of the Sixth Industrialisation of Agriculture was first 

presented in 1994 by Naraomi Imamura at the University of Tokyo (Zhu and Jung, 

2017, p. 179). The model was soon exported in other Asian countries, including 

China, Taiwan and South Korea (Forum for Agricultural Policy Research in North 

East Asia, 2014; Matsumoto, 2015).  
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1.2 Study purpose 

The three main objectives of the Sixth Industrialisation Policy are to 

maintain the rural community, to increase the value-added in agriculture and to 

create jobs in rural areas, including in farms (Forum for Agricultural Policy Research 

in North East Asia, 2014, chap. 1).  

This paper try to quantitatively measure the impact of farmers’ participation 

in the sixth industrialisation on-farm diversification activities on farm employment. 

Our research questions are the following ones: 

- Are farms undertaking on-farm diversification activities more likely to have 

employees?  

- If so, do we observe a more specific effect on some employment durations?  

We make the hypothesis that implementing on-farm diversification activities 

requires more labour with various skills (processing, marketing…), and that as a 

result we should observe a higher demand for employees. To tackle our research 

question, we will use the Korean Agriculture Census Data of 2015 to estimate the 

average effect of on-farm diversification activities on the probability of farm 

employment in the integrated farms through Propensity Score Matching. 

This paper is divided into 6 chapters. The first chapter is this present 

introduction. The second chapter focuses on reviewing the literature related to our 

topic. The third and fourth chapters discuss the model and the data set used. Finally, 

the fifth chapter focuses on the results of the analysis and the sixth chapter 

summarizes the research.  
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2. Literature review 

 

2.1 The development of on-farm diversification activities in 

Korean farms 

2.1.1 The sixth industrialization of farms: concept and definitions 

The 6th Industrialization of agriculture is a strategy to increase value-added 

and boost job creation in the agricultural sector. The concept was developed in 1988 

by Professor Imamura, a Japanese agricultural economist at the University of Tokyo 

(Yang, 2016, p. 18; Zhu and Jung, 2017, p. 178). Imamura explains the “6” as the 

outcome of the multiplication of the three industries (1 (primary) x 2 (secondary) x 

3 (tertiary)) and emphasizes that no matter how developed the second and third 

industries are, without the first industry, the result is 0 (0x2x3=0) (Jang, 2016, p. 2). 

The key words that are repeatedly used when referring to this strategy are 

“convergence” and “integration” in relation with the  “primary”, “secondary” and 

“tertiary” industries in the agricultural sector (Forum for Agricultural Policy 

Research in North East Asia, 2014; Heo and Kim, 2016; Jang, 2016; Yang, 2016; 

Zhu and Jung, 2017).  

The 6th industry of agriculture is also called the “Rural convergence 

industry” and has been defined in details in the Korean “Act on Fostering and 

Supporting Rural Convergence Industry” as the “industry in which a farmer or a 

person who resides in a rural community combines tangible or intangible resources 
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of rural areas, including agricultural products, nature, culture, etc. of rural areas, with 

the manufacturing industry such as food processing, etc., the service industry such 

as distribution, tourism, etc., or goods and services related to such industries in order 

to create or increase added value of products or services, which can be categorized 

into:  

(i) The industry of producing food or processed products by using 

agricultural products produced by farmers independently or under a contract as main 

ingredients in an area within the jurisdiction of a local government where principal 

places of business are located;  

(ii) The industry of selling directly to consumers the agricultural 

products produced in the relevant area or food or processed products produced by 

the industry referred to in (i) above;  

(iii) The industry of providing services for practical experiences, 

tourism, dining-out by utilizing tangible and intangible resources in a rural area;  

(iv) The industry in which at least two industries among those referred 

to in (i) through (iii) above are combined” (Jang, 2016, p. 1; Korea Legislation 

Research Institute, 2017). 

At the farm level, the sixth industrialization of agriculture takes place 

through the creation of on-farm diversification activities. From the previous 

definition, we can categorize the on-farm diversification activities associated to a 

“sixth industry” or “integrated” farm: processing, direct selling, agro-tourism and 

dining out (farm restaurant). The rural convergence industry is said to be a 

particularly good strategy for Korea and its agricultural sector dominated by micro-
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farms as it allows small-scale farmers to “take the initiative in attempting to conduct 

activities for increasing their income and promote sustainability of rural 

communities and agriculture by combining various forms of industries” (Jang, 2016, 

p. 3).   

The sixth industrialization does not occur only at the farm level. It can be 

applied to different types of actors of the agricultural sector and at different scales 

(from the farm unit to the industry). In a report, the Forum for Agricultural Policy 

Research in North East Asia (FANEA) explains that the 6th industrialization is 

directed in 3 different directions (Forum for Agricultural Policy Research in North 

East Asia, 2014, chap. 1):  

- horizontal diversification: various primary agricultural production 

leading to a large range of processed food products 

- vertical diversification: expansion of the agricultural businesses through 

the integration of the second and third industries with the primary 

industry to realize “economies of scope” 

- connection between different types of industries: realizing “economies 

of linkage” through the cooperation of farmers with product developers, 

providers of services, retailers… 

In addition, that same report distinguishes between three main types of actors that 

can have a sixth industrialization strategy: 

- The community type (also called local community type): includes 

operators of the agricultural sector running an integrated business 
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(including small-scale farmers undertaking on-farm diversification 

activities)  

- The franchise type (also called contracted transaction type): includes 

groups of leading farmers with a high level of technology and developed 

selling network working together with smaller farmers through 

contracted transactions to assist them in production (technology, 

inputs…) and sales. 

- The network type: going beyond just the agricultural sector, includes 

manufacturing and service businesses from different sectors wishing to 

create a new value chain. 

 

To sum up, this section reviewed the main notions associated to the sixth 

industrialization of agriculture. In our analysis, we focus on its application at the 

farm level. We are therefore interested in the sixth industrialization of Korean farms, 

corresponding to a vertical diversification and the implementation of the following 

on-farm diversification activities: processing, direct sales, tourism and restaurant.  

 

2.1.2 The Sixth Industrialization Policy and the support for on-farm 

diversification activities  

Japan has been implementing the 6th Industrialization Policy since the end 

of the 1990s and has been supporting all-in-one businesses where production, 

processing and sales are undertaken at the same place (Yang, 2016, p. 25). Since 
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then, the concept has spread in Asia and both China and Korea developed their own 

policy.  Moreover, a federation of six nations (Japan, South Korea, China, Taiwan, 

Russia and Germany) was launched in 2015 to support joint research and 

programmes on the topic (Matsumoto, 2015). 

The “Act on Fostering and Supporting Rural Convergence Industry” (also 

called “Rural Convergence Industry Development and Support Act”) was elaborated 

in 2014 by the Korean Ministry of agriculture, following the decision of the 

government to implement the 6th Industrialization Policy in 2013 through a 

“Comprehensive Plan for the 6th Industrialization”  (Forum for Agricultural Policy 

Research in North East Asia, 2014, chap. 2; Korea Rural Economic Institute, 2015, 

p. 276).  

The framework of the policy is complex. It involves various actors from 

various industries and at various spatial scales. On its website, the Korea Rural 

Economic Institute (KREI) refers to it as an ecosystem (Korea Rural Economic 

Institute, 2018).  

In the Comprehensive plan of the government in 2013 were presented the 

first measures of the policy. Among them we can find elements targeting the farm 

unit we are interested in: 

- Launching the 6th industry operator certification system to provide 

accreditation for farmers wishing to develop an integrated “sixth industry” 

business with on-farm diversification activities 

- Providing financial support for the star-ups engaging in the sixth industry 
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Furthermore, each Korean Province installed 6th industry vitalization support centers 

to provide consulting and funds for business operators, develop new products and 

brands, conduct research and analyse the market (Korea Rural Economic Institute, 

2015, pp. 276–279). 

The Korean Ministry of agriculture, food and rural affairs and related 

administrations provides financial support to farmers. Corporations, such as the 

Korea Agro-fisheries and Food Trade Corporation and the Korea Technology 

Finance Corporation are also involved and offer consulting on management, 

technology and export, as well as financial support to farming households (Yang, 

2016, p. 21).  

The first Act on Fostering and Supporting Rural Convergence Industry was 

amended in 2016 to improve the legal framework. The new “Rural convergence 

facility system” was presented during the 9th Trade and Investment Promotion 

conference of the Korea Trade and Investment Promotion Agency (KOTRA). In 

order to be more supportive for the business operators who want to engage in the 

sixth industry, the administrative processes for the different on-farm facilities were 

integrated. Moreover, a special exception to site location was implemented for the 

convergence businesses to allow the installation of facilities in places where 

conventional farms are not allowed to. To have access to those advantages, the farm 

operator needs to provide a business plan and receive certification as a “business 

operator of a rural convergence facility” (Jang, 2016).  

Many hope the policy will boost farmers’ income and rural growth (Korea 

Rural Economic Institute, 2015, p. 276; Zhu and Jung, 2017, p. 191). For small scale 
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farmers to gain in competitiveness, both at the national (Won et al., 2017, p. 356) 

and international level (Korea Rural Economic Institute, 2015, p. 276), a strong 

capacity to innovate and high value-added agriculture is acknowledged to be a key 

feature. The sixth industrialization of agriculture is presented as the strategy 

answering both the consumers demand for processed food and services and the 

producers needs of income and job stability. Furthermore, a multidimensional 

management based on diversified activities within one farming business is promoted 

as being a good risk management strategy (Heo and Kim, 2016, p. 113). In particular, 

the Food and Agriculture Organisation (FAO) states that on-farm diversification is a 

good strategy to “offset the diseconomies of small scale subsistence farm 

production” (Food and Agriculture Organization of the United Nations, 2004, p. 23). 

Farm employment is also an important issue that the policy tries to tackle. 

At the farm level, scholars argue that the introduction of new agricultural productions 

(horizontal diversification) requiring low-skilled labour, and the expansion of 

businesses towards the provision of processed products and services (vertical 

diversification or the development of on-farm diversification activities) needing 

various additional human skills should boost farm employment (Heo and Kim, 2016, 

p. 115; Yang, 2016, p. 17). The idea is that on-farm diversification activities can 

create incentives for potential successors of aged farmers to keep the business and 

answer the growing demand of returners to rural areas to develop farming businesses. 

Moreover, a diversified farm can provide more stable jobs than one only focusing on 

the primary industry which often relies on seasonal hired labour (Forum for 
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Agricultural Policy Research in North East Asia, 2014, p. 6; Heo and Kim, 2016, p. 

114). 

 

2.2  The state of research on the on-farm diversification 

activities and farm employment in Korea 

 Since its implementation in 2013, the 6th Industrialization Policy in Korea 

has been a popular topic of research. However, the literature is still scarce given the 

lack of insight. In particular, there is very few content with a focus on farm 

employment in relation to on-farm diversification, at least in English. In figure 1, we 

summarize the literature developed in the following paragraphs. 

 

2.2.1 The sixth industrialization of agriculture and farm employment 

 Some papers discuss how the Sixth Industrialization Policy in general can 

boost farm and more generally rural employment. Marketing support regarding new 

brands development, store openings, export and product markets expansion was 

identified as the main mean of the policy to create job opportunities (Heo and Kim, 

2016).  

When investigating the success factors of the sixth industrialization, Zhu and Jung 

(2017) included “job creation” in their measurement of business performance. They 

studied the effect of (i) technology (processing technology and new distribution 

technologies for sales) (ii) strong manpower (leadership and management skills of  
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the operator) (iii) market expansion (various commercialisation channels and 

products)  (iv) linkages between industries (intensity of the sixth industrialization 

process) and (v) adequate support from the government (institutional improvement, 

deregulation, funding, …) on performance. The sixth industry businesses surveyed 

were refered to as “management entities” and include more than farm businesses. It 

was found that the five factors defined above have a positive impact on the 

performance, the most important one being market expansion (Zhu and Jung, 2017). 

For farms, direct selling, tourism and restaurant correspond to a market expansion 

and processing to both a market expansion and a development of technology. 

Therefore, on-farm diversification activities contribute to some of the success factors 

mentioned in this study. Despite the fact that the measure of business performance 

contains many dimensions other than job creation (such as market share, 

profitability, amount of sales), this paper suggests that on-farm diversification boost 

farm employment.  

 

2.2.2 The determinants of on-farm diversification  

Among the studies in Korean, one is focusing on the determinants of on-

farm diversification at the farm level. Lee et al. (2017) found out that migration from 

an urban to a rural area, as well as the number of visitors at local festivals tended to 

boost the decision of undertaking any of the 6th Industry activities (processing, direct 

sales, farm restaurant or tourism). In addition, the gender of the household head and 

the main production of the farm were identified as having a different impact 

depending on the activity. The length of farming experience, the regional rate of 
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sixth industrialization and the access to information were positively correlated with 

the choice of undertaking direct sales and implementing a farm restaurant (Lee et al., 

2017).  

 

To overcome our difficulty to find literature in English we had to look into 

the research conducted in other countries. In particular, we focused on the studies 

conducted in the European Union (EU) relative to its current Common Agricultural 

Policy (CAP) supporting on-farm diversification, and its impact on farm 

employment. The EU clearly refers to on-farm diversification activities as 

integrating the three industries and highlights their importance for rural employment 

as the second and third industries employ a lot of people in the union (Augère-

Granier, 2016, p. 3). European farmers undertake various on-farm diversification 

activities. Agri-tourism, processing, direct sales and restaurant are cited among them 

(Nihous, 2008, p. 7; Van Huylenbroeck et al., 2007, p. 16).  The types of 

diversification activities in the integrated Korean farms are therefore similar. 

Nevertheless, it remains important to keep in mind that Korea has a “mini-farm 

structure” (Sakamoto et al., 2007, p. 27) and that many of the observations of the EU 

cannot be easily generalized to the case of South Korea.  
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2.3 On-farm diversification and farm employment 

2.3.1 The determinants of on-farm diversification 

 This paragraph aims at reviewing what has been identified in the literature 

as impacting the choice of undertaking on-farm diversification activities. A summary 

of the main literature presented in the following paragraphs is provided in figure 2. 

 To find out the determinants of on-farm diversification, scholars very often 

apply logit (Jongeneel et al., 2008; Meraner et al., 2015; Vik and McElwee, 2011) 

or probit models (Corsi et al., 2018; Lee et al., 2017; McNamara and Weiss, 2005) 

to estimate the probability of farms’ diversification. Some scholars consider the 

decision process of on-farm diversification as more complex than just one binary 

choice (implementing on-farm diversification activities or not) and adopt a two-step 

estimation model to represent better the behaviour of farmers. The first step is 

typically a binary choice model of diversification (probit or logit), and the second 

step a model investigating the intensity of diversification (Bartolini et al., 2014; 

Boncinelli et al., 2018, 2017).  

 

It is pointed out that the factors explaining the choice of a farmer to 

implement on-farm diversification activities are the characteristics of the farm and 

of the farming household head (Van Huylenbroeck et al., 2007, p. 16). 
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First, the farmers who took the decision to diversify tend to be younger and 

more educated than those who didn’t (Bartolini et al., 2014; Jongeneel et al., 2008; 

Lerbourg, 2013; Meraner et al., 2015; Tudisca et al., 2015). Although Nihous (2008) 

and Boncinelli et al. (2018) paradoxically advocate that on-farm diversification is 

more present among older farmers, they also state that diversified farmers tend to 

have attended school longer. The gender of the household head doesn’t seem to 

impact the choice of diversification (Boncinelli et al., 2018; Lerbourg, 2013; Vik and 

McElwee, 2011).  

The diversified farm business in itself also have specific characteristics. The 

bigger the size of the farm (in hectare), the more likely it will have on-farm 

diversification activities (Augère-Granier, 2016; Bartolini et al., 2014; Boncinelli et 

al., 2018; Clark, 2009; Lerbourg, 2013; McNamara and Weiss, 2005; Meraner et al., 

2015). In France, Lerbourg (2013, p.2) explains that on-farm diversification is often 

associated with quality labels (such as organic farming or Protected Appellation of 

Origin). Indeed, it was found that organic farming is positively correlated with on-

farm diversification (Boncinelli et al., 2018). Furthermore, the location and the type 

of farming is important (Bartolini et al., 2014; Boncinelli et al., 2018, 2017; 

Jongeneel et al., 2008; Lange et al., 2013; McNamara and Weiss, 2005; Meraner et 

al., 2015). For instance, livestock farms are more likely to diversify than field crop 

farms and the proximity to cities, coastal areas or mountains increases the incentive 

to undertake on-farm diversification activities (Augère-Granier, 2016, p. 5). The 

number of household farm workers, farm employees and household members have 

been found to be positively correlated with the probability to diversify (Boncinelli et 
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al., 2018; McNamara and Weiss, 2005; Meraner et al., 2015). However Bartolini et 

al. (2014) identified that the presence of paid labour decreases the probability to 

diversify. The impact of public subsidies is also sometimes significant (Bartolini et 

al., 2014), receiving rural development funds (including support for on-farm 

diversification) of the CAP being positively correlated with on-farm diversification.  

 

When it comes to the choice among on-farm diversification activities, the 

age and education of the household head and the number of household members 

working on the farm are determining factors but their impact and significance vary 

according to the on-farm activity. A study suggest that farmers undertaking direct 

sales are younger and more educated (Corsi et al., 2018). Meraner et al. (2015) 

identified that age is negatively correlated with the involvement in tourism while it 

is not a significant factor for processing. However, working on the United States, 

Joo et al. (2013) found that the age of the household head is positively correlated 

with the choice of tourism as activity. Also for tourism, a high educational level of 

the household head is a determinant factor of participation (Augère-Granier, 2016; 

Joo et al., 2013). Moreover, the gender of the household head seems to impact the 

decision, as we observe more parity among farms diversified in tourism than among 

farms undertaking other activities (Joo et al., 2013; Lerbourg, 2013). We can recall 

from earlier in this chapter that in Korea, Lee et al. (2017) identified gender as a 

determining factor when it comes to choose the sixth industrialization on-farm 

diversification activity. Finally, in the case of choosing a processing activity, 
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Meraner et al. (2015) found a negative correlation with the number of household 

farm workers. 

The location seem important in the choice of activity since it impacts the 

access to potential markets. Lee et al. (2017) found out that the type of farming were 

determining factors when it comes to choose the sixth industrialization on-farm 

diversification activity in Korea. In  

the rest of the literature authors also particularly emphasize that importance of the 

type of production as well as the economic size of the farm in the decision making 

process and find relevant to undertake analyses of on-farm diversification choices 

by type of farming and/or by economic size (Bertin et al., 2016; Corsi et al., 2018; 

Joo et al., 2013). Tourism is particularly closely associated with certain types of 

production and locations (Jongeneel et al., 2008; Joo et al., 2013; Lerbourg, 2013). 

Tourism is also negatively correlated with the economic size of the farm (Joo et al., 

2013; Meraner et al., 2015). However, Joo et al. (2013) also found that the 

probability to choose tourism increases with the size of the farm (in hectare). 

Regarding the choice of direct selling, the location and the combination with other 

types of on-farm diversification activities are determinant (Corsi et al., 2018; 

Jongeneel et al., 2008).  

Furthermore, it was demonstrated that social motives such as the need for 

additional income and the wish to keep staying on farm, create employment or meet 

people were as important in the decision making process of engaging in tourism 

activities than the usual socio-economic variables included in the econometric 

models (Vik and McElwee, 2011). Jongeneel et al. (2008) also emphasize the impact 
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of farmers’ values and attitudes on the choice of undertaking on-farm diversification 

activities, particulary for direct sales and tourism.  

 

2.3.2 The determinants of farm employment 

 The literature on farm labour contains articles focusing on the modelisation 

of labour decision. What we are the most interested in is the choice of hiring 

employees. However, most of the research is done on off-farm or on-farm labour and 

few scholars have worked on modelling hired labour decision (Benjamin et al., 1996; 

Benjamin and Kimhi, 2006; Blanc et al., 2008).  

 In the existent studies, the modelisation of farm employment decision is 

included in a larger analysis of choice of labour regime (on-farm work, off-farm 

work and hired workers) by farming households.  An overview of those studies is 

presented in figure 3. 

 Benjamin et al. (1996) investigated the determinants of the choice among 

the 8 possible combinations of binary labour decisions: participating or not 

participating in off-farm work for both the household head and the spouse and hiring 

or not hiring an employee. They used a multinomial logit model for their estimation, 

each equation corresponding to one possible labour regime. One decade later, 

Benjamin and Kimhi (2006) reproduced the same study with a more recent data set. 

But this time, they also included the decision of working on-farm for both the 

operator and the spouse in the estimation model. The main findings of those two 

papers regarding farm employment is that  the probability of hiring an employee  
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increases with the educational and training level and the farming experience of both 

the operator and the spouse. Moreover, the propensity to employ rises with the 

structural improvement and the size of the farm, and if on-farm diversification 

activities are undertaken. On the other hand, farm employment is negatively 

correlated with the number of adults in the household as they are substitutes. It was 

also found that the involvement of a female spouse in farm work, as well as the 

farming type (more or less labour intensive), influence the choice of labour regime. 

In fact, it seems that the spouse’s on-farm labour is a substitute for hired labour, 

while it is a  complement for the operator (Benjamin et al., 1996; Benjamin and 

Kimhi, 2006). This operator-hired labour complementarity is also advocated by other 

scholars (Huffman and El-Osta, 1997).  

Blanc et al. (2008) focused on the analysis of permanent hired labour and 

used the same model than Benjamin et al. (1996). It was shown that the education 

and the age of the household head, as well as the economic size of the farm and the 

presence of on-farm diversification activities have a positive impact on permanent 

hired labour. However, the higher the number of adults in the household the lower 

the probability of investing in a long term employee (Blanc et al., 2008).  

It is noticeable that no one investigated the impact of the degree of farm 

mechanisation on the choice of hiring employees.  

 

2.3.3 The impact of on-farm diversification activities on farm employment 

In the previous paragraph, we already saw that Benjamin and Kimhi (2006) 

and Blanc et al. (2008) found out that on-farm diversification activities increase the 
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probability to hire an employee. And indeed, on-farm diversification is usually 

claimed as being good for farm employment. In figure 4 we provide an overview of 

some of the papers mentioned in the following paragraphs.  

In a report for the French ministry of agriculture, it was stated that 

diversified farms create more jobs than non-diversified ones (Nihous, 2008, p. 9). 

This is also what is advocated by the Food and Agriculture Organization (FAO) of 

the United Nations (Food and Agriculture Organization of the United Nations, 2004, 

p. 5). However, in the same report, the FAO explains that in practice most of the 

additional demand for labour is carried out by the family members and not by 

employees. This is also supported by Augère-Granier (2016, p. 5). According to her, 

on-farm diversification contributes to maintain agricultural jobs before it can create 

new ones and if need be, the extra work is undertaken by family members. 

 In fact, it seems to depend on several factors, including the type of on-farm 

diversification activity. A report from a French agricultural union (FNSEA) focusing 

on the linkages between on-farm diversification and employment explains that the 

diversification activity can lead to a change in the quantity of farm employment only 

if it is considered economically viable and favourable. If the activity is successful, 

the farmer will most likely need some extra help to answer the demand, secure and 

maybe expand the business. However, some diversification activities are less labour 

intensive so the operator can rely on family members only (Fédération nationale des 

syndicats d’exploitants agricoles [French National Federation of Farmers’ Unions], 

2010). Moreover, it was observed that the farming households involved in on-farm  
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diversification who tend to create jobs are usually younger, more educated and have 

more access to public transport. The location of the diversified farm also seem to be 

a determining factor with the wealthy rural areas offering more farm employment 

opportunities (Chaplin et al., 2004).  

A case study of English diversified farms observed that they tend to employ 

fewer full-time employees for their diversified businesses than for the agricultural 

production side (Clark, 2009). This is also what the report from the FNSEA claims 

(Fédération nationale des syndicats d’exploitants agricoles [French National 

Federation of Farmers’ Unions], 2010). It is explained that full-time employees will 

only be hired following the implementation of on-farm diversification activities 

when the farming household feels safe about the survival of the new extra business. 

In many cases they will prefer to rely on part-time employees for occasional needs 

(Fédération nationale des syndicats d’exploitants agricoles [French National 

Federation of Farmers’ Unions], 2010). Lerbourg (2013, p. 4) studied on-farm 

diversification in France and showed that only 10% of diversified farms call for an 

additional full time employee as most of them rely on the family members when it 

comes to managing the activities. However, this share highly depends on the type of 

activity. It rises to 30% for farms offering leisure activities, suggesting that this 

strategy generates more long term jobs opportunities (Lerbourg, 2013, p. 6). 

Very few papers have worked on a precise quantification of the impact of 

on-farm diversification activities on farm employment. In France, Bertin et al. (2016) 

estimated the effect of the involvement of farms in agri-tourism, commercialisation 

through short supply chains (including direct sales) and organic agriculture on the 
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average volume of farm employment through Propensity Score Matching (PSM). 

The analysis was undertaken by type of farming and farm economic size. It was 

found that the commercialisation through short supply chains led to an increase of 

+0.4 to +0.9 full time equivalent on average except for vegetables cultivation and 

horticulture for which the effect was not significant. The increase due to participation 

in tourism was significant for all types of farming but horticulture, with on average 

from +0.2 to +0.5 full time equivalent. The study validated the hypothesis that the 

practices of high-value added agriculture require more labour force (Bertin et al., 

2016).  

Matching methods seem to be a relevant choice when it comes to isolate the 

impact of a specific policy or practice on desired outcomes. This technique has also 

been used very recently to evaluate the effectiveness of the United States’ Value-

Added Producer Grant (VAPG) programme regarding farm businesses survival and 

employment growth. This grant was designed to support farmers in the development 

of value-added activities such as processing (second industry) and marketing (third 

industry), but also the production of renewable energy, organic farming practices... 

(Rupasingha et al., 2018). Regarding the effect of the grant on farm employment, it 

was found that it increased by 5 to 6 (+40%) the number of farm employees on 

average in the treated (funded) businesses five years after receiving the grant 

compared to the non-recipient (non diversified counterfactuals). To estimate the 

counterfactuals, they used the exact matching technique, and formed pairs of farms 

with similar background characteristics (employment size, business type, 
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location…) prior to receiving the grant so that the effect cannot be attributed to other 

external (historical or industrial) or internal (firm) patterns.   

 

2.3.4 About the evaluation of policies’ impacts on farm employment  

 Some papers have investigated the overall impact of the Common 

Agricultural Policy (CAP) of the EU on hired farm labour.  

Some scholars worked on the effect of the CAP by estimating a dynamic 

labour demand equation using panel data from East Germany at the regional level. 

Their results suggest that the different agricultural policy measures have a low 

impact on farm employment at the regional level and that the adjustment of the use 

of hired labour to external changes is very slow (Petrick and Zier, 2012). However, 

due to the nature of the data used, no conclusion on farm employment at the farm 

level was possible. Also at the regional level, Mantino (2017) investigated the impact 

of the second pillar of the CAP focusing on Rural Development and including 

support for on-farm diversification activities on farm employment. He found out that 

the policy has a significant positive impact but the intensity of this impact depends 

on the region because the cost of creating jobs can differ (Mantino, 2017).  

Another paper distinguished the two pillars of the CAP and worked at the 

farm level. Using a simultaneous equation system modelling the quantity of on-farm 

labour, contract labour and hired labour, the researchers showed that the subsidies 

from the first pillar of the CAP (market support policies) had a negative impact on 

hired labour demand from 1990 to 2007 in France whereas those of the second pillar 

including support for on-farm diversification activities had a positive impact (Dupraz 
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and Latruffe, 2015). However, the study was limited to field crop farms. Back in 

2010, a similar study was conducted, this time including the data of crop farms from 

Switzerland and the impact of the rural development subsidies was found non 

significant on the Swiss farms demand for hired labour (Dupraz et al., 2010). 

Propensity Score Matching (PSM) has also been used to evaluate the impact 

of the CAP (Bartolini et al., 2010; Pufahl and Weiss, 2008). For instance, Pufahl and 

Weiss (2008) investigated the impact of farms’ participation in specific programmes 

of the CAP on a large range of outcomes, including on-farm labour with this method 

(Pufahl and Weiss, 2008). Bartolini et al. (2010) used PSM to evaluate the impact of 

receiving decoupled payments from the CAP on farm employment-related outcomes 

in Italy. The two studies used logit models to estimate the propensity scores of 

participating in the programmes.  

  

From this literature review, it comes out that there are few studies dealing 

with on-farm diversification and farm employment in South Korea. Moreover, 

researchers are encouraged to further investigate the effects of Korean agricultural 

and rural policies using evaluation methodologies as those types of studies are scarce 

(Hwang and Lee, 2015).  

Therefore, our paper aims at contributing to the Korean literature in two 

ways. First, by investigating a research question regarding the impact of on-farm 

diversification on farm employment in Korea. Second, by answering the demand for 

mores studies evaluating the effect of the implementation of Korean policies (in our 

case the implementation of on-farm diversification activities supported by the Sixth 
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Industrialization Policy) using a matching technique: Propensity Score Matching. As 

we saw in the literature from the European Union and the United States, matching 

methods have been used to investigate research questions similar to ours. They stand 

out from regular parametric regressions as they isolate the effect of a pratice by 

comparing what is happening since its implementation to what would have happened 

without it. Our review of the determinants of on-farm diversification and farm 

employment will help us design our model.   
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3. Model 

 

3.1 Policy impact evaluation and treatment effect estimation 

Researchers often try to make causal inferences between being under the 

framework of a policy or taking part in a programme, defined as the “cause” and 

some outcomes of interest. In this paper, our interest is to investigate whether the 

development of 6th industrialization on-farm diversification activities impacts 

employment in the involved farms. If we define participation in a 6th industrialization 

on-farm diversification activity as the “treatment” and the participating farms as the 

“treated” group, we can summarize our objective as estimating a “treatment effect”, 

and more specifically, estimating an average treatment effect on a treated group. In 

many fields such as economics and social sciences, those who want to undertake 

impact evaluation can only rely on observational (non-experimental) data such as 

survey or census data (Guo and Fraser, 2009, chap. 1). This is also our case. It 

represents a major issue when it comes to draw causal inferences since one cannot 

control for the conditions of treatment assignment and isolate the effect of the 

treatment. There is a process of self-selection. Some individuals are typically more 

likely to be treated than others and it leads to a biased treatment effect estimator. 

Therefore, “it is necessary to control for naturally occurring systematic differences 

in background characteristics between the treatment group and the control group” 

(Rubin, 1997, p. 757). In other words, to identify the specific effect of the treatment 
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on the outcome we wish to measure, we need to balance the treated and control group 

regarding some pre-treatment covariates.  

Let D be the dummy variable taking the value 1 for the treated group and 0 

for the non treated group. Let X be a set of observed pre-treatment covariates 

(background characteristics). Finally, let Y1 be the outcome of interest for the treated 

group under treatment and Y0 the potential outcome of interest for the treated group 

if it hasn’t been treated (the counterfactual). The average treatment effect on the 

treated can be formulized in the following way: 

                                 𝐴𝑇𝑇 = 𝐸( Y1 - Y0 | 𝑋 , 𝐷 = 1 )                          (1) 

At this point, one can easily notice that the counterfactual Y0 ǀ X of the 

treated population is not observed. Indeed, once a farm is treated, it becomes 

impossible to observe the outcome if that same farm had not been treated. This issue 

is known as the Fundamental Problem of Causal Inference, first introduced by 

Holland in 1986 (Guo and Fraser, 2009, chap. 2; Holland, 1986, p. 947), also called 

“evaluation problem” (Heckman et al., 1998, p. 264; Pufahl and Weiss, 2008, p. 4). 

Our work in the following sections is to explain how we plan to solve it, using 

propensity score matching (PSM). Scholars claim that matching methods have the 

advantage of being non-parametric. Therefore, they don’t require as much 

assumptions as the standard regression methods regarding the behaviour of 

individuals and the functional form of the outcome (Bartolini et al., 2010, p. 3; Pufahl 

and Weiss, 2008, p. 3). 
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3.2 The Counterfactual framework 

 The Neyman-Rubin counterfactual framework holds that to overcome the 

Fundamental Problem of Causal Inference with observational data, we can estimate 

the average outcome of interest of the unobserved counterfactuals with the average 

outcome of interest of the non-treated group (also called control group). In other 

words, 𝐸( Y0 ǀ 𝑋, 𝐷 =  0 )  is used as a proxy for 𝐸( Y0 ǀ 𝑋, 𝐷 =  1 )  (Guo and 

Fraser, 2009, chap. 2). However, the framework can only be implemented under a 

set of assumptions.   

 

3.2.1 Assumptions 

- (A1) The ignorable treatment assignment assumption (also known as un-

confoundedness, selection on observables, conditional independence, 

exogeneity):  

Conditional on the set of covariates X (background characteristics), the 

assignment of the individuals (farms) to the treated or non-treated group is 

independent from the outcomes of non-treatment and treatment (Guo and Fraser, 

2009, chap. 2). Let ⏊ be the symbol corresponding to the independence between 

variables. Mathematically we have: 

                                             (Y0, Y1)⏊ 𝐷 ǀ 𝑋                                      (2) 

The idea is that, after controlling for X, the treatment assignment is random and any 

difference in the outcomes between treated and non-treated is due to participation. 
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- (A2) The stable unit treatment value assumption: 

The value of the outcome Y for unit i (farm i) when exposed to its treatment state 

di (di =1 if individual i is treated, 0 otherwise) does not depend on the mechanism 

used to assign it and does not depend on the treatment state of the other units (Guo 

and Fraser, 2009, chap. 2) 

In practice, especially in observational studies, those assumptions are often 

violated (Guo and Fraser, 2009, chap. 2). In the case of (A2), individual i is generally 

influenced by the behaviour of individual j ≠ i for instance. Nevertheless, we will 

maintain this assumption is our study while keeping in mind it is a limitation of PSM. 

(A1) is also usually violated since the treatment assignment is typically not random, 

some individuals having more chances to participate in the treatment than others. 

The treated group differ significantly from the non-treated group for a certain 

number of characteristics. There is a selection bias and the two groups are 

unbalanced. As a result, factors others than the treatment status might impact the 

outcome and one cannot identify the effect only due to the participation. The PSM 

technique allows us to deal with the violation of (A1) by rebalancing the data and 

controlling for selection bias. The task of estimating a counterfactual for each treated 

unit is called “matching”. Each treated unit is assigned to a control unit from the 

control group with the same background characteristics. 
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3.2.2 The propensity score 

In 1983, Rosenbaum and Rubin suggest to use balancing scores in order to be 

able to directly compare treated units to non-treated units. They define a balancing 

score as a function b(X) such that the conditional distribution of X given that 

balancing score is the same for the treated and control units (Rosenbaum and Rubin, 

1983, p. 42). Mathematically, it means that:  

                                                    𝑋 ⏊ 𝐷 ǀ  𝑏(𝑋)                                      (3) 

They introduced the propensity score as balancing score. The propensity score 

is defined as the “conditional probability of assignment to a particular treatment 

given a vector of observed covariates” (Guo and Fraser, 2009, chap. 5). Let di be the 

treatment status for indidivual i, taking the value 1 if the individual is treated and 0 

otherwise. Let xi be his set of covariates. The propensity score of an individual i is: 

                                                 𝑃i = 𝑃𝑟 (𝑑i = 1 ǀ 𝑥i )                                        (4) 

The main advantage of the propensity score is that it summarizes the large 

dimension of X in a one-dimensional measure (Guo and Fraser, 2009, chap. 5). It 

makes the matching easier. Indeed, it is very difficult to match individuals on many 

covariates as the highest the number of variables the more difficult it is to find 

individuals with a similar value for each of them. Through the matching on one 

variable, the propensity score, we avoid many cases of infeasible matching.  

 Using the propensity score to match implies an additional condition, known 

as the overlap assumption, guarantying that every individual can participate in the 

treatment and each treated individual can potentially find a match (Essama-Nssah, 
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2006, p. 7; Rosenbaum and Rubin, 1983, p. 43). That is, the distribution of the 

propensity scores for the treated and control groups must overlap and for all i: 

                                                0 <  𝑃𝑟( 𝑑i =  1 ǀ 𝑥i ) < 1                                      (5) 

Once the matching has been done, it is important to check the overlap 

assumption on the matched data: the distribution of the propensity scores of the 

treated individuals must have a region of common support with the distribution of 

the scores of the non-treated individuals. 

Under this condition and knowing the fact that two people with the same 

propensity score have the same distribution of covariates, the treatment assignment 

is considered random in the matched data. It suggests that, conditioned on the 

propensity score, (A1) holds.  

There exist other matching methods that are not based on a balancing score. 

It is the case of exact matching which forms groups of individuals with the same 

values of covariates. It has the advantage of reaching exact balance and is better than 

PSM to reduce selection bias. However, its drawback is that very few matches are 

feasible when the number of covariates is high. Moreover, it is particularly difficult 

to implement exact matching with continuous variables (Blackwell et al., 2010). In 

our study we identied a large number of covariates (including one continuous 

variable) for which it seems relevant to balance our treated and control groups. 

Therefore we chose to implement PSM. 
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3.3 Estimating the propensity score 

The binary choice model regarding the treatment decision of individual i can 

be expressed as follows: 

                                                𝑑i = {
1 𝑖𝑓 𝑖 𝑖𝑠 𝑡𝑟𝑒𝑎𝑡𝑒𝑑

0 𝑖𝑓 𝑖 𝑖𝑠 𝑛𝑜𝑛 𝑡𝑟𝑒𝑎𝑡𝑒𝑑                (6a) 

Or : 

                                  𝑑i = {
1 𝑖𝑓 𝑑i

∗ > 0
0 𝑖𝑓 𝑑i

∗ ≤ 0
   with  𝑑i

∗ = 𝑥i𝛽 +  휀i              (6.b) 

εi corresponding to the error term i assumed to follow a logistic distribution with 

mean 0 and variance σ2, and xi being the set of values of the covariates for individual 

i. The independent variables of the model need to be carefully selected, although 

there is no clear consensus about what should be considered when choosing them. 

di
* is a latent variable determining the dependent dummy variable di.  

 In order to estimate the propensity score, a probit or logit model can be 

implemented. The logistic specification is the most commonly used (Guo and Fraser, 

2009, chap. 5). Estimating the propensity score is estimating the probability to 

receive the treatment (D=1), conditional on X  𝑃𝑟( 𝐷 = 1 ǀ  𝑋 ), also equal to the 

conditional expected value of the binary variable D, 𝐸(𝐷ǀ𝑋). Since we choose the 

logistic regression we have: 

                              𝑃i =  𝑃( 𝑑i = 1 ǀ 𝑥i ) = 𝐸(𝑑i ǀ 𝑥i ) =
1

1+𝑒−𝛽𝑥i
   , for all i            (7) 

To obtain the logistic regression model we move from the propensity score of 

receiving the treatment to the odds of receiving the treatment.  

                                                               𝑜𝑑𝑑𝑠 =
𝑃i

1−𝑃i
                                      (8) 
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Taking the logarithm we obtain the logit regression equation:  

                                                   𝑙𝑜𝑔𝑖𝑡 (𝑜𝑑𝑑𝑠) = log(
𝑃i

1−𝑃i
) =  𝛽𝑥i                                       (9) 

The likelihood function of the observed sample {d1, …, dN} of N individuals can be 

defined: 

       𝑙 =    ∏ Pr (𝐷 = 𝑑i
𝑁
𝑖=1  ǀ 𝑋 = 𝑥i ) =  ∏ (

1

1+𝑒−𝛽𝑥i
)𝑑i𝑁

𝑖=1 (1 −  
1

1+𝑒−𝛽𝑥i
)1−𝑑i       (10) 

Using the log-likelihood function we have: 

                                 𝑙𝑛(𝑙) = ∑ 𝑑i
𝑁
𝑖=1 𝑙𝑛 (

1

1+𝑒−𝛽𝑥i
) + (1 − 𝑑i) 𝑙𝑛 (1 −

1

1+𝑒−𝛽𝑥i
)            (11) 

The maximization of this expression allows us to find the maximum likelihood 

estimator of β and derive the estimation of the propensity score for each individual.  

 

3.4 Matching algorithm 

Once the propensity scores of the individuals have been estimated, we can 

match them and create a new “balanced” sample. In order to do that, we need to 

choose a matching algorithm. One of the most common matching algorithm is the 

nearest neighbour matching (Guo and Fraser, 2009, chap. 5).  

Let Pi be the notation of the propensity score for treated individuals 

belonging to the set I1, and Pj for the control individuals, belonging to the set I0. We 

say that a neighbourhood C(Pi) contains a matched-control individual j belonging to 

I0 for the treated individual i belonging to I1 if the “absolute difference of propensity 

scores is the smallest among all possible pairs of propensity scores between i and j” 

(Guo and Fraser, 2009, chap. 5). Meaning, 
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                              𝐶(𝑃i) = 𝑚𝑖𝑛
𝑗

 ‖𝑃i − 𝑃j‖ , 𝑗 𝜖 𝐼0                       (12) 

We decided to match each treated individual i with only one control 

individual j. It is a 1-to-1 nearest neighbour matching. We could have chosen to 

match a treated individual with several controls (1-to-n nearest neighbour matching) 

but since our data set is very large and we have many ATT to estimate, it would be 

too long to run a 1-to-n matching each time. However, we must acknowledge that 

we are losing some information on variability by doing so. We also chose the no-

replacement option, meaning that once a control individual has been selected as a 

match with a treated individual, it cannot be matched again with another treated 

individual. To increase the quality of the matching, a caliper can be included. The 

caliper imposes a maximum distance between the propensity scores of two 

individuals and avoid the matching of two nearest neighbours that are in fact too 

different to be paired.  

 

3.5 Sensitivity analysis 

 After matching, it is essential to assess the sensitivity of the findings to 

hidden selection bias (Guo and Fraser, 2009, chap. 11). Indeed, through PSM, we try 

to control for selection bias. However, it is very likely that we omitted some sources 

(hidden bias) while designing our model. Therefore, we should check afterwards 

how careful we should be regarding the generalization of our findings to the 

population. Whenever selection bias is present, the validity of (A1) can be 

questioned (Guo and Fraser, 2009, chap. 11). 
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 Hidden bias is “unobserved selection” (Guo and Fraser, 2009, chap. 11). The 

first possible source of hidden bias in our model is linked to the selection of our 

covariates for the propensity scores estimation. We might have omitted variables 

which could have significantly impacted the probability of participation. Moreover, 

the determining factors are not always measurable and we cannot include all of them 

in the logit model. In addition, the survey procedure might have generated missing 

values and measurement errors. They are many sources of selection bias.  Hidden 

bias can also arise from the matching procedure, as sample selection always involves 

the possibility of bias, no matter how careful we are. This hidden bias is likely to 

affect both the propensity score and the outcome (Guo and Fraser, 2009, chap. 11). 

 To undertake the sensitivity analysis, we decided to implement the bounding 

approach first introduced by Rosenbaum in 2002 (Guo and Fraser, 2009, chap. 11) 

and well explained by Becker and Caliendo (2007). The question to be answered is: 

“how strongly an unmeasured variable must influence the selection process in order 

to undermine the implications of the matching analysis?” (Becker and Caliendo, 

2007, p. 2). It is very important to keep in mind that this sensitivity analysis is not a 

test for the validity of (A1) since it is in practice uncheckable. We can just try to see 

what will happen if there are deviations from (A1).  

 By keeping the same notation than before, we can define Pi for individual i 

as a function of xi and ui, where xi is the set of values for the observable variables 

and ui is the value of an unobservable variable:  𝑃i =  𝐹( 𝛽𝑥i +  𝛿𝑢i ). The odds that 

an individual i is treated are given by 
𝑃i

1− 𝑃i
 (Becker and Caliendo, 2007, p. 3). The 

difference in odds of receiving the treatment for a treated and control individual is 
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illustrated by:  

𝑃i

1− 𝑃i

𝑃j

1− 𝑃j

. In the case of a logit specification of the propensity score, we 

can expand to: 

                                                         

𝑃i

1− 𝑃i

𝑃j

1− 𝑃j

=  
𝑒(𝛽𝑥i + 𝛿𝑢i)

𝑒(𝛽𝑥j + 𝛿𝑢j)
                                     (13) 

 If the two individuals are matched, we consider that: 

                                                           
𝑃i

1− 𝑃i

𝑃j

1− 𝑃j

= 𝑒𝛿 ( 𝑢i − 𝑢j )                                     (14) 

 We can see that if ui = uj or δ=0 (no hidden bias), the ratio of odds is equal to 1. The 

sensitivity analysis evaluates the alteration of the significance of our treatment effect 

result if the values of δ or (ui - uj) are changed. By considering U is a binary 

unobserved variable taking the value ui=0 or ui=1 for individual i, the odds ratio is 

bounded: 

                                                      
1

𝑒𝛿 ≤  𝑒𝛿 ( 𝑢i − 𝑢j ) ≤  𝑒𝛿                                     (15) 

Therefore, eδ is a “measure of the degree of departure from a study that is free of 

hidden bias” (when δ pulls away from 0) (Becker and Caliendo, 2007, p. 4).  

 In our study, the outcome of interest is a probability of employment. At the 

farm level, it corresponds to a binary variable (participating or not participating in 

employment). For binary outcomes, it is suggested to use the test statistic of Mantel 

and Haenszel (Becker and Caliendo, 2007, p. 4). The null hypothesis H0 is that there 

is no treatment effect (ATT=0). The Mantel and Haenszel test statistic, noted QMH 

can be bounded by two known distributions when eδ ≥ 1.  For each level of δ we 

have:     

                                                    QMH
+ ≤ QMH ≤ QMH

-                                    (16) 
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Where QMH
+ is the test statistic under the scenario that we overestimated the 

treatment effect, and QMH
- if we underestimated it. This test procedure therefore 

allows us to check the significance of our results at different level of δ. Let’s assume 

we found a significant average treatment effect on the treated after our PSM. We 

decide to test the sensitivity of our results to hidden bias. Since we found a significant 

treatment effect, a logical way to question our result is: “are we overestimating the 

treatment effect?”. Therefore, when undertaking the sensitivity analysis, we will look 

at the lower bound QMH
+. Suppose we see that for a small change of δ away from 0, 

the p-value associated to the test statistic QMH
+ suggests a non significant treatment 

effect. We can conclude that if there is an unobservable variable making the treated 

individuals more likely to be treated than the control individuals (hidden selection 

bias in the matched sample), the estimated treatment effect is overestimating the true 

treatment effect and the true treatment effect is in fact not significant. On the other 

hand, if the p-value suggests a switch to a non-significant result only for a large δ, 

we can be confident that hidden bias is unlikely to affect our results. 

  

To summarize, our estimation of average treatment effects on the treated is made 

of several steps: 

1- Identify the covariates for which the groups of treated (diversified) farms 

and non treated farms are imbalanced  

2- Estimate the propensity scores to diversify for all farms with a logit model 

including the relevant covariates 
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3- Match the farms through the propensity score using nearest neighbour 

matching (1:1) 

4- Estimate the average treatment effect on the treated by comparing the 

average outcome of the group of treated farms with the average outcome of 

the group of matched control farms. The outcome being a binary variable 

representing the participation in employment  

5- Check the quality of the matching as well as the region of common support 

It is important to remember that the PSM is reducing but not eliminating the chances 

of having selection bias and therefore biased results. Therefore, one shouldn’t forget 

the last step: 

6- Undertake a sensitivity analysis to check how sensitive the result is to hidden 

bias 
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4. Data 

 

4.1 Data source  

Statistics on the 6th Industrialization Policy remain scarce in Korea. This 

study uses secondary data from the 2015 Korean Census of Agriculture, Forestry and 

Fisheries available on the Korean Statistical Information Service (KOSIS) website 

(Statistics Korea, 2015a). The census is undertaken every 5 years and target all farm, 

forestry and fishery households of South Korea. In 2015, the survey was carried out 

through internet (Statistics Korea, 2015b). 

 

4.2 Defining the treatment variable 

 In order to implement our PSM, we must identify the ‘treated group’ and the 

‘control group’. The ‘treated group’ corresponds to the farming households involved 

in an on-farm diversification activity. The ‘control group’ is made of the farming 

households only undertaking primary agricultural production. Using the literature 

(see chapter 2), we identified the on-farm diversification activities corresponding to 

a sixth industrialization process. Those activities are: 

- Direct sales 

- Processing 

- Farm restaurant 

- Farm tourism 
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In the census data, the participation in each of this activity is represented by 

a dummy variable, taking the value 1 if the farm implemented it, and the value 0 

otherwise. Using those four dummy variables, we construct our binary treatment 

variable called SixthIndustry taking the value 1 if the farm is undertaking at least one 

of the four on-farm diversification activities, and the value 0 otherwise. 

 Our full sample contains 1,088,361 observations of farming households. 

Among them, 28,122 (2.6%) are treated households (SixthIndustry=1) and 1,060,239 

(97.4%) are non-treated households (SixthIndustry=0).  

 

4.3 Choosing the outcome variables 

 We wish to find out the impact of the participation in 6th industrialization 

on-farm diversification activities on farm employment. Due to data restrictions, we 

cannot have access to the number of employees who worked less than 3 months on 

the farm for the surveyed period. Therefore, we cannot use the number of employees 

as outcome variable. However, we have the binary information relative to the 

presence of employees within different working duration categories for the surveyed 

period. Indeed, the census provides the dummy variables illustrating the: 

- Presence of employees 

- Presence of employees working less than 1 month on the farm 

- Presence of employees working from 1 to 3 months on the farm 

- Presence of employees working from 3 to 6 months on the farm 

- Presence of employees working more than 6 months on the farm 
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Those variables are taking the value 1 if the farm is taking part in this type of 

employment, and 0 otherwise. 

 Therefore, our binary outcome variables will allow us to study the change in 

the probability of the treated farms to have employees in each type of employment 

category related to their participation in on-farm diversification activities.  

Figure 5 gives us a first impression of the distributions of the outcome 

variables for the unmatched data. Since we are working on dummy variables, we can 

interpret their values in term of percentage. For instance, if we have a look at the 

average of the dummy variable corresponding to the participation in employment 

(Employment) for the full sample (control + treated farms), we can see it takes the 

value 0.23. It means that 23% of all the surveyed farming households have at least 1 

employee.  

 
Figure 5 Descriptive statistics of the outcomes variables for the un-matched data 

 

** indicates if the mean difference between the treated and non-treated group is statistically different (t-test) at the 

95% confidence level. 

 

 

Outcome Variable Sample 

Name Definition All Control 

(97.4%) 

Treated  

(2.6%) 

Employment 
= 1 if employee(s) 

=0 otherwise 
0.23 0.23** 0.34** 

Empless1m 
= 1 if employee(s) working less than 1 month 

=0 otherwise 
0.16 0.16** 0.20** 

Emp1to3m 
= 1 if employee(s) working 1 to 3 months 

=0 otherwise 
0.05 0.05** 0.08** 

Emp3to6m 
= 1 if employee(s) working 3 to 6 months 

=0 otherwise 
0.01 0.01** 0.02** 

Empmore6m 
= 1 if employee(s) working more than 6 months 

=0 otherwise 
0.01 0.01** 0.04** 
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Still looking at the average values for the entire sample, we can notice that 

the probability of having employees is the highest for the shortest working period 

(16% of farms employ at least one employee working for less than 1 month). The 

share decreases when the working period increases. For instance, only 1% of the 

farms have employees working from 3 to 6 months and for more than 6 months.  

 Now if we examine the non-treated group, we see that the rounded up 

average values are the same with the entire sample. It makes sense since the non-

treated group is made of more than 97% of the sample observations.  

 

 What is particularly interesting for the purpose of our research is to compare 

the averages of the non-treated and treated group. For all employment categories, the 

share of participating farms is significantly higher for treated farms. 34% of the 

farms participating in the sixth industry have at least one employee. It is eleven 

percentage points above the non-treated groups. The percentage also decreases when 

the working period increases but it is still significantly greater than for the non-

treated group. We can also notice that the share of diversified farms having 

employees working for more than 6 months is higher than the share for employees 

working from 3 to 6 months. This phenomenon is not observed for the non-treated 

group. 

 We cannot conclude anything about the impact of the participation in on-

farm diversification activities on employment with those preliminary observations 

as many factors that are not the participation impact the outcome variables. We need 

to control for those other factors through a rigorous analysis (PSM) before being able 

to draw any causal inferences. Nevertheless, this first look tells us that there might 
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have something to investigate and justifies the relevance of the research. Moreover, 

it allows us to construct a few hypotheses. We can expect that the participation in 

on-farm diversification activities increases the probability of having employees, and 

this for all employment duration categories. 

 

4.4 Explanatory variables for propensity score estimation 

4.4.1 Choosing the explanatory variables  

 In the literature, scholars are divided when it comes to the right approach to 

adopt when choosing the explanatory variables for propensity score estimation (Guo 

and Fraser, 2009, chap. 5). Some pledge to include covariates that would influence 

both the treatment assignment and the outcome (Bartolini et al., 2010, p. 10; 

Rosenbaum and Rubin, 1983, p. 43). Others only mention about covariates impacting 

the treatment choice (Baum, 2014, p. 13; Joo et al., 2013, p. 477). It has also been 

suggested to add variables that might not affect the participation decision, as long as 

they can impact the outcome because it will increase the precision of the average 

treatment effect on the treated estimate (Brookhart et al., 2006, p. 1). Nevertheless, 

choosing the right variables is recognized as crucial (Guo and Fraser, 2009, chap. 5). 

In this study, we take the decision to include variables we think might affect both the 

decision of engaging in on-farm diversification activities and hire employees. We 

assume those explanatory variables are pre-determined and not affected by the 

treatment or by the outcome variables. In practice it might not be the case so we must 

be cautious when concluding on causal effects. 
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We picked the following groups of explanatory variables: 

 Farming household characteristics 

 Structural variables of the farm 

Although we didn’t find any paper including variables on farm mechanisation in 

their model, we decided to include some in our study as machinery is known to be a 

substitute for human labour and we believe it might affect the probability that 

farming households hire employees.  

We present the explanatory variables chosen in figure 6 and 7. We differentiated 

the different types of farming machines in the following way: 

- Type 1: tractor or ploughing machine (the most frequent machines owned 

by farmers) 

- Type 2: machines that are specific to rice farming 

- Type 3: all the farming machines that are not included in the definition of 

type 1 or type 2 

We decided not to include the ownership of machines of type 2 in our analysis as it 

is too correlated with undertaking rice farming, an information that is captured 

through the factor variable Type. 
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Name Explanation Type of variable/definition 

Household characteristics 

HHsize Number of people in the farming 

household in 2015 

Integer 

Gender Gender of the household head Dummy 

Gender = 1 female 

Gender = 0 male 

Age Age of the household head in 2015 in 

years  

Integer 

Education Years of general education of the 

household head in 2015 in years 

Integer 

Education = 0 no education 

Education = 6 elementary school 

Education = 9 middle school 

Education = 12 high school 

Education = 14 2 years’ higher 

education 

Education = 16 university  

Returner Whether the household head is a 

returner to rural areas 

Dummy 

Returner = 1 if was not farming and 

was living in another province 5 years 

ago 

Returner = 0 otherwise 

Organisation Whether the farming household is 

taking part in a farming organisation 

(farming association, cooperative …) 

Dummy 

Organisation = 1 if participation 

Organisation = 0 otherwise 

Figure 6 Definition of explanatory variables (household characteristics) for PSM 
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Name Explanation Type of variable/definition 
Farm characteristics 

Area Size of the cultivated area on the farm 

in hectares 

Continuous 

MachI Whether the farm owns a ploughing 

machine or a tractor 

Dummy 

MachI = 1 if ownership 

MachI = 0 otherwise 

MachIII Whether the farm owns a farming 

machine that is not a ploughing 

machine or a tractor and that is not a 

machine specific for rice farming  

Dummy 

MachIII = 1 if ownership 

MachIII = 0 otherwise 

Type Management type of the farm Factor 

Type = 1 rice 

Type = 2 food crops (wheat…) 

Type = 3 vegetables 

Type = 4 special crops 

(mushrooms…) 

Type = 5 fruit trees 

Type = 6 medicinal crops 

Type = 7 ornamental crops 

Type = 8 other crops 

Type = 9 livestock 

Province Province where the farm is located Factor 

Province = 11 Seoul-si 

Province = 21 Busan-si 

Province = 22 Daegu-si 

Province = 23 Incheon-si 

Province = 24 Gyeongju-si 

Province = 25 Daejon-si 

Province = 26 Ulsan-si 

Province = 29 Sejong-si 

Province = 31 Gyeonggi-do 

Province = 32 Gangwon-do 

Province = 33 Chungcheongbuk-do 

Province = 34 Chungcheongnam-do 

Province = 35 Jeollabuk-do 

Province = 36 Jeollanam-do 

Province = 37 Gyeongsangbuk-do 

Province = 38 Gyeongsangnam-do 

Province = 39 Jeju-do 

Figure 7 Definition of explanatory variables (farm characteristics) for PSM 
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4.4.2 Descriptive statistics of the covariates 

 In this section we present the descriptive statistics of the covariates for the 

entire sample, the control group and the treated group (see figures 8, 9 and 10). 

We can see that the treated and control groups are imbalanced. Indeed, the 

means of the different numerical covariates are always significantly different 

between the two groups. The average household size is bigger for the diversified 

farms. The level of education is also higher. The household heads of diversified 

farms are on average younger than the non-diversified ones. Moreover, the share of 

female household heads is bigger in the control group, whereas the participation rate 

in farming organisations and the share of returners is greater for diversified farms. 

Regarding the farms’ characteristics, the average farm size is bigger in diversified 

farms as well as the share of farms owning machines. When it comes to the factor 

variables, the graphical representations of the distributions suggest differences. The 

share of farms cultivating rice is bigger for the control group for instance. On the 

other hand, for fruit trees and livestock, it is the opposite. We can also notice 

differences for the distribution among the provinces. Gyeongsangbuk-do, Gyeonggi-

do and Gyeongsangnam-do are the 3 provinces the more represented among 

diversified farms, while for the control group it is again Gyeongsangbuk-do but then 

Jeollanam-do and Chungcheongnam-do. Chi-square tests confirmed that there are 

indeed significant differences in the distributions of the variables Province and Type 

between the treated and control groups. This imbalance confirms the need for a 

matching procedure that will allow us to reduce the selection bias and better compare 

our groups. 
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 All Control Treatment 

Household characteristics 

HHsize 2.36(1.16) 2.35(1.16)** 2.74(1.29)** 

Gender 0.18 0.18** 0.11** 

Age 65.06(11.09) 65.2(11.09)** 59.88(9.84)** 

Education 8.64(4.32) 8.59(4.32)** 10.43(3.68)** 

Returner 0.016 0.016** 0.022** 

Organisation 0.23 0.23** 0.40** 

Farm characteristics 

Area 1.2(2.98) 1.19(2.93)** 1.61(4.23)** 

MachI 0.53 0.53** 0.55** 

MachIII 0.46 0.46** 0.58** 

Figure 8 Descriptive statistics of the numerical covariates: mean(standard-deviation) 

** indicates if the mean difference between the treated and non-treated group is statistically different (t-test) at the 
95% confidence level. 

 

 

 

 
Figure 9 Distribution of farming types for the different groups (%) 
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Figure 10 Distribution of provinces for the different groups (%) 

 

  Moreover, the observed imbalance among farming types suggests the 

relevance of applying the PSM technique to all farms but also by type of farming. 

The differentiation by type of farming is also supported in the literature (see chapter 

2).  The type of farming is an important determinant of on-farm diversification and 

of the probability of hiring employees. It is very likely that the average treatment 

effect on the treated varies among the types of farms.  
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5. Results 
 

5.1 Propensity Score Estimations 

 The results of the 10 logistic regressions1 estimating the propensity scores 

to receive the treatment “on-farm diversification” are shown in figures 11 and 12. 

The model including all types of farms is referred to as model 1, while the model for 

the farming type i is noted model 1.i. The p-values of the likelihood-ratio tests 

associated with each model suggested they are all significant at the 99% confidence 

level. The coefficients reported are the odds ratios associated to each covariate. For 

a numerical variable, a significant coefficient above (below) 1 suggests that an 

increase in the value of this covariate increases (decreases) the chances to receive 

the treatment. For the factor variables, a significant coefficient above (below) 1 

means an increase (decrease) in the chances to receive the treatment in comparison 

with the factor base (the level of reference). We chose the most frequent level values 

as the bases for the variables Province (included in all the models) and Type 

(included in model 1). Therefore, the coefficients need to be interpreted relatively to 

a farm cultivating rice in Gyeongsangbuk-do province. It is specified “empty” when 

a variable predicted failure perfectly:  there was no common support between the 

treated and control group. In the sample of rice farms located in Jeju-do for instance, 

none were undertaking sixth industrialization on-farm diversification activities. 

                                            
1 The command psmatch2 in STATA was used to estimate the propensity scores, match the indidviduals 

and estimate of the average treatment effects on the treated (Leuven and Sianesi, 2003). We used the 

most recent version, updated by its authors in 2016. 



 

55 
 

Therefore, the rice farms located in Jeju-do have a probability of zero to be treated 

and cannot be used for the matching since the common support condition doesn’t 

hold (see chapter 3). 

Let’s first have a look at the impact of the characteristics of the household 

head on the odds-ratio of receiving the treatment. His or her educational level is a 

significant factor of diversification at the 99% confidence level for all the regression 

models. As advocated in the literature, an important educational level increases the 

odds-ratio of undertaking on-farm diversification. We can suppose that a high 

educational level allows farmers to acquire various skills useful to create a new on-

farm business. Age was also found significant at the 99% confidence level with the 

exception of model 1.9 for which it was significant at the 90% confidence level and 

for model 1.6 and 1.7 for which it was not a significant factor. When significant, Age 

was negatively correlated with on-farm diversification, supporting the hypothesis of 

several scholars that younger farmers are more likely to diversify. We can suppose 

they are less risk averse and more incline to innovate. Gender is significant at the 

99% confidence level in model 1 but is only significant for model 1.2 (95% 

confidence level) and model 1.7 (90% confidence level) when zooming by farm type. 

When significant, the intensity of the diminution of the odds ratio of receiving the 

treatment for female household heads varies. It is the most important in model 1.7 

with an odds ratio of 0.720 while for model 1.2 and model 1 it is of 0.887 and 0.934 

respectively. Despite the differences in significance and intensity between models, 

model 1 allows us to think that male household heads are more likely to diversify in 

general. 
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 Model 1 Model 1.1 Model 1.2 Model 1.3 Model 1.4 Model 1.5 

 All farms Rice Food crops Vegetables 
Special 

crops 
Fruit trees 

HHsize 1.094*** 1.107*** 1.105*** 1.105*** 1.075*** 1.065*** 

Gender 0.934*** 0.933 0.887** 0.934 0.925 0.977 

Age 0.978*** 0.974*** 0.970*** 0.975*** 0.970*** 0.983*** 

Education 1.050*** 1.054*** 1.050*** 1.067*** 1.062*** 1.017*** 

Returner 0.936 1.070 1.037 0.833** 0.925 1.161* 

Organisation 1.689*** 1.808*** 1.821*** 1.341*** 2.356*** 1.940*** 

Area 1.009*** 1.006*** 1.007* 1.009*** 1.013** 1.008** 

MachI 0.793*** 0.856*** 1.001 0.687*** 0.894 0.791*** 

MachIII 1.510*** 1.501*** 1.678*** 1.363*** 1.454*** 1.740*** 

Type 

rice 

food crops 

vegetables 

special crops 

fruit trees 

medicinal crops 

ornamental crops 

other crops 

livestock 

 

base 

1.472*** 

1.698*** 

1.626*** 

2.098*** 

3.164*** 

1.494*** 

1.997*** 

2.472*** 

 

 

 

 

  

Province 

Seoul-si 

Busan-si 

Daegu-si 

Incheon-si 

Gyeongju-si 

Daejon-si 

Ulsan-si 

Sejong-si 

Gyeonggi-do 

Gangwon-do 

Chungcheongbuk-do 

Chungcheongnam-do 

Jeollabuk-do 

Jeollanam-do 

Gyeongsangbuk-do 

Gyeongsangnam-do 

Jeju-do 

 

0.739** 

1.395*** 

1.920*** 

2.005*** 

0.862** 

0.998 

1.275*** 

0.934 

1.607*** 

1.997*** 

1.345*** 

1.087*** 

1.168*** 

1.229*** 

base 

1.378*** 

0.700*** 

 

0.318*** 

1.004 

1.886*** 

1.431*** 

0.839 

0.759* 

0.726** 

0.810 

0.913** 

1.450*** 

1.076 

0.832*** 

0.869*** 

0.977*** 

base 

0.880** 

empty 

 

0.211*** 

1.528** 

0.982 

1.934*** 

0.563** 

0.850 

0.646* 

1.109 

1.272*** 

1.741*** 

1.421*** 

0.933 

1.199** 

0.992 

base 

1.133 

0.679*** 

 

0.974 

1.681*** 

3.257*** 

2.533*** 

0.868 

2.033*** 

2.084*** 

1.570* 

2.420*** 

2.623*** 

2.140*** 

1.235*** 

1.418*** 

1.315*** 

base 

1.142** 

0.831* 

 

1.342 

empty 

1.611* 

2.802*** 

1.071 

0.818 

2.252 

0.779 

1.521*** 

1.304** 

1.239 

0.735** 

1.332* 

2.147*** 

base 

1.824*** 

1.631 

 

1.716*** 

1.717*** 

1.644*** 

2.366*** 

0.965 

0.748* 

1.640*** 

0.880 

2.925*** 

2.556*** 

1.133** 

1.439*** 

1.275*** 

1.192*** 

base 

2.483*** 

0.835*** 

Number of 

observations 
1,088,361 453,855 138,002 198,115 38,509 171,806 

Log likelihood -122,767.3 -34,358.4 -14,747.8 -24,889.9 -4,441.8 -26,587.5 

p-value 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 

Pseudo R2 0.0597 0.0443 0.0566 0.0585 0.0760 0.0509 

Figure 11 Coefficients of the logistic regressions: odds-ratios of receiving the treatment by type of farming 

(model 1 - model 1.5) 

* statistically significant at the 90% confidence level. 
** statistically significant at the 95% confidence level. 

*** statistically significant at the 99% confidence level. 
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 Model 1.6 Model 1.7 Model 1.8 Model 1.9 

 
Ornamental 

crops 
Other crops 

Medicinal 

crops 
Livestock 

HHsize 1.087** 1.100** 1.109*** 1.101*** 

Gender 1.280 0.720* 0.985 1.089 

Age 0.992 0.991 0.985*** 0.995* 

Education 1.079*** 1.112*** 1.065*** 1.058*** 

Returner 0.993 0.574 0.667** 0.686** 

Organisation 1.917*** 1.724*** 2.417*** 1.404*** 

Area 1.006 1.041*** 1.032*** 1.010* 

MachI 0.837 0.703*** 0.815** 0.735*** 

MachIII 1.555*** 1.612*** 1.688*** 1.158*** 

Type 

rice 

food crops 

vegetables 

special crops 

fruit trees 

medicinal crops 

ornamental crops 

other crops 

livestock 

 

 

 

 
  

Province 

Seoul-si 

Busan-si 

Daegu-si 

Incheon-si 

Gyeongju-si 

Daejon-si 

Ulsan-si 

Sejong-si 

Gyeonggi-do 

Gangwon-do 

Chungcheongbuk-do 

Chungcheongnam-do 

Jeollabuk-do 

Jeollanam-do 

Gyeongsangbuk-do 

Gyeongsangnam-do 

Jeju-do 

 

0.662 

1.120 

0.679   

0.982  

0.405** 

1.004 

0.495 

1.419 

1.027 

1.463  

1.583* 

0.799 

0.539** 

0.884 

base 

0.879 

1.310 

 

1.075 

0.687 

2.646*** 

1.681 

0.237 

0.571 

1.194 

0.414 

1.339 

1.701** 

1.520* 

1.193 

1.316 

2.064*** 

base 

0.926 

0.505** 

 

0.290 

1.374 

1.454 

1.170 

1.746 

0.745 

1.295 

0.819 

1.794*** 

2.038*** 

1.215 

1.539** 

1.049 

2.422*** 

base 

1.979*** 

1.010 

 

0.744 

1.396 

2.474*** 

1.062 

0.858 

0.863 

1.235 

0.592** 

1.029 

1.594*** 

1.036 

0.956 

0.941 

1.139* 

base 

1.217*** 

1.342* 

Number of observations 14,249 10,010 10,450 53,298 

Log likelihood -1,977.7 -1,474.0 -2,292.9 -10,847.8 

p-value 0.000*** 0.000*** 0.000*** 0.000*** 

Pseudo R2 0.0686 0.0410 0.0671 0.0201 

Figure 12 Coefficients of the logistic regressions: odds-ratios of receiving the treatment by type of farming 

(model 1.6-model 1.9) 

* statistically significant at the 90% confidence level. 
** statistically significant at the 95% confidence level. 

*** statistically significant at the 99% confidence level. 
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Since most of the household heads are males (82% of the full sample of farms), we 

can suppose that having a female as household head is likely to be the sign of an 

absence of spouse. A single household head might be less incline to engage in 

additional time consuming activities. In the literature however, most of the scholars 

found that gender doesn’t significantly impact the decision making process of 

diversifying although it can impact the choice of diversification activity. The fact 

that the household head might be a returner to farming is not significant when 

looking at model 1. However, it becomes significant in model 1.3, 1.8 and 1.9 for 

which it decreases the odds of receiving the treatment (95% confidence level) and in 

model 1.5 for which it increases the odds (90% confidence level).  It is difficult to 

interpret this result since the direction of the impact (increasing or decreasing the 

odds ratio) and its significance differ among the models. It would require having 

more background information (reason of returning, former occupation…) to 

understand the decision making behaviours of returners, likely to differ from regular 

farmers.  

Regarding the farms’ characteristics, our findings suggest that the bigger the 

size of the household the more likely to undertake on-farm diversification activities. 

Moreover, the variable Area was significant for all the models at different confidence 

levels with the exception of model 1.6. It was found that the bigger the size of the 

farm, the more chances to diversify. Once again, our results are similar to those 

presented in the literature. We can suppose that the bigger the size of the household 

and the farm, the more assets to carry out diversification activities. A farm involved 

in farmer associations is more likely to be treated at the 99% confidence level for all 
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the models. Farmers associations are usually a great source of information and 

training for the farmers and can boost their willingness to innovate and adopt new 

management strategies. Concerning the location of the farm, the results relative to 

the reference level of Gyeongsangbuk-do are very different according to the model, 

both in terms of significance and direction. It seems there is no clear difference 

between the impacts of the –si (metropolitan cities) and the -do (non metropolitan 

provinces). But some provinces might have developed more support to the sixth 

industrialization of farms. Indeed, among the provinces with the higher odds-ratio to 

diversify in model 1, some (Chungcheongnam-do, Gangwon-do, Gyeongsangnam-

do and Chungcheongbuk-do) have dedicated more financial support to their 6th 

Industrialization Promotion Support Centers in 2014 relatively to other provinces 

(Lee and Yang, 2015, p. 19). In model 1, we can see that all the types of farming 

tend to increase the odds-ratio of diversifying compared to rice farming (the 

reference). The type of farming increasing the most the likelihood to diversify is the 

growing of medicinal crops, followed by livestock breeding. We can suppose that 

certain types of farming have more opportunities in terms of on-farm diversification 

activities (more or less possibilities to process primary products or to raise the 

interest of the public for tourism activities). For instance, medicinal crops are very 

interesting for the development of educational activities or processed products for 

therapeutic use. Having livestock also offer many opportunities for processing 

activities and direct sales of dairy and meat products. The significance of the type of 

farming and the location were also advocated in the literature (see chapter 2). The 

two types of machinery show opposite results. Owning a ploughing machine or a 
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tractor decreases the odds ratio of diversifying, with the exception of model 1.2, 1.4 

and 1.6 for which it was not a significant factor, while owning machinery we 

classified as type 3 increases it. A hypothesis could be that farms with a value of 

MachI of 1 are more likely to focus on intensifying their primary production instead 

of doing vertical diversification, while MachIII=1 could suggest a non-willingness 

or a lack of assets fort the expansion of the primary industry and therefore increases 

the tendency to opt for on-farm diversification.  

The estimates of the odds-ratio of the logit models are used to calculate the 

propensity scores of each farms. Following this step, farms are matched through 

nearest neighbour matching (1:1) and the ATT can be estimated. 

 

5.2 Region of common support 

 After a PSM, it is necessary to check for a possible violation of the 

assumptions that were made. One of the conditions is the overlap assumption. We 

need to make sure that the distributions of the propensity scores for the treated and 

control group overlap before matching so that each treated farm can have a 

counterfactual. We can verify this condition visually2 (see figure 13) and see that 

indeed, there is a region of common support for each model.  

 

                                            
2 We used the command psgraph of the programme psmatch2 
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5.3 Quality of the matches 

 As presented in chapter 3, one of the main assumption in a PSM is the 

ignorable treatment assignment assumption (A1). It implies that the two groups 

(treated and control) in the matched sample are balanced in their covariates. If the 

two groups are balanced, it means that the matching procedure was successful in 

reducing some of the selection bias.   

Some of the matching procedures failed to balance all the covariates3. It is the case 

for the matching corresponding to model 1. The output of the command pstest 

showed an imbalance at the 99% confidence level for the variables Area and Gender. 

We tried adding a caliper to improve the quality of the match. After trying several 

values of caliper, we realized the only way to remove all the imbalance was to impose 

a very small caliper (1.10-9) and thus putting too many treated observations off the 

common support region. 

                                            
3 The balance was tested using the command pstest of the programme psmatch2. pstest compares the 

mean of the covariates of the treated and control samples before and after matching using t-tests. 
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Figure 13 Propensity scores distributions before matching 
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It would mean keeping only 14% of the treated population in our matched sample 

and we wouldn’t have a representative treated population anymore. We also 

considered imposing a bigger caliper to try at least reducing the gap. However, since 

we cannot control for which variable to reduce the imbalance in priority, adding a 

caliper improved the balance for variables already balanced enough while increasing 

even more the gap for the most imbalanced ones. Therefore, not imposing a caliper 

ended up to be the best solution as we reached the best balance for Area and Gender. 

The mean of the variable Area for the control group was 1.19ha and 1.43ha before 

and after matching respectively. For the treated group it was 1.61ha before and after 

matching. Regarding the dummy variable Gender, the average was 0.18 before 

matching for the control group and became 0.10 after matching. The mean of the 

treated group was 0.11 before and after matching. Therefore, despite the fact that the 

imbalance remains significant, we can see that the matching procedure still reduced 

a lot the gap between the two groups. The matching was also not satisfying for model 

1.5 regarding the variable Area significantly imbalanced at the 99% confidence level. 

Similarly, we tried imposing calipers to improve the balance but, once again, 

improving just a bit the balance was made at the expense of giving up a large share 

of the treated population and we decided not to change the model. The mean of Area 

for the treated group was 1.52ha before and after matching whereas for the control 

group we had 1.10ha before matching and 1.28ha after reducing the imbalance. 

 For the other models, the matching without caliper balanced the treated and 

control groups in a satisfactory way.  
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5.4 Treatment effect estimates 

 The average treatment effects’ estimates for the 10 models and for the 

different working periods are reported in figures 14 and 15. The confidence intervals 

were determined by bootstrapping4 (50 iterations).  

 For the full sample of farms, the participation in the sixth industrialization 

on-farm activities significantly increased by 4.8% the probability of having at least 

one employee for the treated farms. This positive impact is present for all working 

period categories but the ATTs are a bit higher for the shortest working periods. They 

lie between +1% and +2% for the working periods below 3 months and around or 

below 1% for the working periods above 3 months.   

When looking at the treatment effects by type of farming, we can notice 

some heterogeneities. In terms of employment in general, the ATT is significant for 

all the models with the exception of model 1.3 (vegetables) and 1.7 (other crops). 

The impact of the sixth industrialization on farm employment is the strongest in 

model 1.6 (ornamental crops) and 1.5 (fruit trees) for which we observe an increase 

by 9% and 8.6% respectively. Then we obtained +8.2% in model 1.8 (medicinal 

crops), +7.0% in model 1.4 (special crops), +6.8% in model 1.2 (food crops), +6.1% 

in model 1.1 (rice) and +4.9% in model 1.9 (livestock). 

In models 1.1, 1.2 and 1.5, there is a significant positive ATT for all the 

working period categories but the effect is higher for the shortest ones, especially 

below 1 month for which the ATT is always above 3% (reaching almost +5% in  

                                            
4 Using the command bootstrapping 
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 Mean Control Mean Treated ATT Confidence interval (95%) Sensitivity 

Model 1 - All farm Number of matches: 28,122 

Employment 0.289 0.337 0.048 [0.040;0.056] 1.25 

Empless1m 0.182 0.201 0.020 [0.013;0.026] 1.1 

Emp1to3m 0.068 0.083 0.014 [0.008;0.020] 1.2 

Emp3to6m 0.018 0.025 0.006 [0.004;0.009] 1.25 

Empmore6m 0.025 0.035 0.010 [0.007;0.013] 1.35 

Model 1.1 - Rice Number of matches: 6,952 

Employment 0.191 0.252 0.061 [0.045;0.076] 1.35 

Empless1m 0.146 0.179 0.034 [0.019;0.048] 1.2 

Emp1to3m 0.034 0.047 0.013 [0.007;0.020] 1.25 

Emp3to6m 0.007 0.013 0.006 [0.002;0.010] 1.4 

Empmore6m 0.007 0.016 0. 014 [0.005;0.012] 1.7 

Model 1.2 - Food 

crops 
Number of matches: 3,314 

Employment 0.141 0.209 0.068 [0.045;0.090] 1.45 

Empless1m 0.105 0.135 0.031 [0.013;0.049] 1.2 

Emp1to3m 0.026 0.052 0.026 [0.016;0.037] 1.7 

Emp3to6m 0.006 0.011 0.005 [0.0005;0.010] 1.15 

Empmore6m 0.007 0.013 0.006 [0.001;0.011] 1.2 

Model 1.3 - 

Vegetables 
Number of matches: 5,869 

Employment 0.323 0.315 -0.009 [-0.025;0.008]  

Empless1m 0.173 0.164 -0.009 [-0.024;0.006]  

Emp1to3m 0.080 0.074 -0.006 [-0.016;0.004]  

Emp3to6m 0.034 0.039 0.005 [-0.004;0.014]  

Empmore6m 0.044 0.045 0.002 [-0.007;0.011]  

Model 1.4 - Special 

crops 
Number of matches: 1,047 

Employment 0.296 0.366 0.070 [0.028;0.112] 1.2 

Empless1m 0.172 0.196 0.024 [-0.015;0.063]  

Emp1to3m 0.075 0.097 0.022 [-0.002;0.046]  

Emp3to6m 0.022 0.031 0.009 [-0.005;0.022]  

Empmore6m 0.033 0.048 0.014 [-0.005;0.034]  

Figure 14 Estimates of the average treatment effects on the treated and sensitivity of the results (model 1 – 

model 1.4) 
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 Mean Control Mean Treated ATT Confidence interval (95%) Sensitivity 

Model 1.5 - Fruit 

trees 
Number of matches: 6,609 

Empless1m 0.268 0.312 0.048 [0.033;0.064] 1.2 

Emp1to3m 0.110 0.135 0.024 [0.013;0.035] 1.2 

Emp3to6m 0.018 0.025 0.008 [0.003;0.013] 1.2 

Empmore6m 0.010 0.017 0.006 [0.002;0.010] 1.3 

Model 1.6 - 

Medicinal crops 
Number of matches: 659 

Employment 0.343 0.425 0.082 [0.020;0.144] 1.2 

Empless1m 0.225 0.241 0.017 [-0.036;0.069]  

Emp1to3m 0.096 0.115 0.020 [-0.019;0.059]  

Emp3to6m 0.018 0.030 0.012 [-0.009;0.033]  

Empmore6m 0.012 0.046 0.033 [0.014;0.052] 1.9 

Model 1.7 - 

Ornamental crops 
Number of matches: 469 

Employment 0.337 0.426 0.090 [0.030;0.149] 1.2 

Empless1m 0.154 0.183 0.030 [-0.019;0.078]  

Emp1to3m 0.081 0.107 0.026 [-0.022;0.074]  

Emp3to6m 0.036 0.058 0.021 [-0.011;0.053]  

Empmore6m 0.068 0.100 0.032 [-0.004;0.068]  

Model 1.8 - Other 

crops 
Number of matches: 369 

Employment 0.400 0.428 0.033 [-0.039;0.104]  

Empless1m 0.195 0.160 -0.035 [-0.099;0.028]  

Emp1to3m 0.106 0.152 0.046 [0.004;0.089] 1.05 

Emp3to6m 0.049 0.049 0 [-0.044;0.044]  

Empmore6m 0.054 0.089 0.035 [-0.003;0.073]  

Model 1.9 - 

Livestock 
Number of matches: 2,833 

Employment 0.297 0.346 0.049 [0.028;0.070] 1.15 

Empless1m 0.149 0.152 0.003 [-0.014;0.020]  

Emp1to3m 0.055 0.074 0.020 [0.007;0.032] 1.2 

Emp3to6m 0.015 0.024 0.009 [0.0005;0.018] 1.2 

Empmore6m 0.081 0.104 0.024 [0.007;0.041] 1.2 

Figure 15 Estimates of the average treatment effects on the treated and sensitivity of the results (model 1.5 – 

model 1.9) 
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model 1.5). With the exception of the category “over 6 months” for model 1.1, all 

the ATTs for the working periods higher than 3 months are under 1%.   

In model 1.7, it is the opposite. The ATT is only significant for the 

employment period of more than 6 months (+3.3%). Concerning model 1.9, the ATT 

is also at its highest for the longest employment period (+2.4%) whereas it is not 

significant for the shortest working period of less than 1 month.   

Regarding models 1.6 and 1.4, we can notice that although the ATT for 

employment is significant, it is not significant anymore for any of the specific 

working periods. A possible explanation would be that the treatment effect is spread 

among the different working periods but not strong enough in each specific category 

to be significant. 

Finally, when looking at model 1.7, we can see that although there is no 

significant ATT for employment in general, there is a significant treatment effect of 

+4.6% for the specific working period of 1 to 3 months.   

Our results seem to be in line with the previous literature that suggested a 

positive impact of on-farm diversification on farm employment (see chapter 2). In 

particular, Bertin et al. (2016) also found a positive treatment effect for most of the 

types of farming but a non-significant one for vegetables growing. However, since 

our study does not identify the type of activities that are implemented on the farms, 

it becomes difficult to interpret the differences between the types of farming. We can 

suppose that farms are more likely to develop an on-farm diversifcation activity that 

is a good match to its type of production. As a result, some types of farming would 

be more often associated to specific on-farm activities. If some activities are more 



 

68 
 

labour intensive than others, it could explain the differences of farm employment 

among the different types of farming.  

When doing basic descriptive statistics on our data, we can indeed notice 

that the distribution of the on-farm diversification activities seem to differ among the 

types of farming. Half ot the diversified farms producing ornemantal crops choose 

direct selling. Moreover processing activities or direct sales are the most common 

strategies for integrated fruit trees farming businesses. On the other hand, the choice 

of farm restaurant predominates for rice, vegetables and food crops farming. The 

share of farms with employment is larger for farms with processing (50%) or direct 

sales (40%) than in farms offering restaurant (20%) or touristic activities (30%). 

Therefore, we can notice that the farming types for which the ATT is lower seem to 

implement activities with less employement. However, we cannot draw any 

conclusion since we are just mentioning about descriptive statistics but our 

hypothesis is that the difference of propensity to employ could be explained by the 

type of on-farm activity. When it comes to the differences by working periods, the 

type of on-farm diversification activity is probably one of the explaining factors as 

well. Further research is required to check our hypotheses.  

  

5.5 Sensitivity of the results 

 Finally, the last step of the PSM is the sensibility analysis5. The values of eδ 

for which the ATTs are not significant anymore are indicated in the last columns of 

                                            
5 The sensitivity analysis was undertaken using the programme mhbounds, updated in 2006 (Becker 

and Caliendo, 2006) 
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figures 14 and 15. The assumption we make is that in case of a significant ATT, we 

might be overestimating it due to hidden bias we failed to take into account. 

Therefore, the reported value corresponds to how much an unobserved dummy 

variable should increase the odds ratio of receiving the treatment for the ATT to lose 

its significance. The closest the eδ to 1, the more sensitive the result. The frontier 

between sensitive and non-sensitive is quite subjective. It depends a lot of the study 

and the data. What we can do is to compare the eδ corresponding to the change of 

inference with the odds ratios of the observed covariates in the associated propensity 

score logit model. 

 We can notice that the only significant ATT in model 1.8 is quite sensitive 

to hidden bias since adding a covariate with an odds-ratio coefficient of only 1.05 

would switch the ATT from significant to non-significant for the employment period 

of 1 to 3 months. When looking at the odds ratio of the observed covariates included 

in the corresponding propensity score model, we see that most of the significant 

variables increasing the chances to diversify have an odds ratio larger than 1.05. 

Therefore, even a relatively small hidden bias would change the significance of the 

result.  

For the other models, the sensitivity varies a lot according to the working 

period and the type of farming. The less sensitive result concerns the ATT on the 

probability of employment for the working period above 6 months in model 1.8. The 

value of eδ is 1.9, suggesting that the significance of the result will be affected only 

if we forgot a very influential covariate. For most of the ATTs, the sensitivity appears 

for eδ around 1.2. We can consider it corresponds to a moderate sentivity to hidden 



 

70 
 

bias. Indeed, the unobserved variable would need to be more influential than factors 

such as the household size or the educational level of the household head but not as 

strong as the participation in a farming organisation or the ownership of machinery 

classified as type 3 to affect the causal inference.  

 It is important to remind that having sensitive results doesn’t mean they are 

false. Indeed, the unobserved variable simulated in the sensitivity analysis might not 

exist in practice. Moreover, several unobservable variables might impact the odds-

ratio in different directions and intensities, each of them moderating the effect on the 

outcomes in a way we cannot predict.  However, it suggests there is room to improve 

our model by including new factors or using a different set of covariates to check if 

the new results are still consistent with our first findings. 

 

5.6 Limitations of the study 

There are several limitations to our study. The first ones are data limitations 

related to the information provided in the census. For instance, including variables 

on sixth industrialization policy-related funds received by farmers to develop on-

farm diversification activities could have been relevant. Moreover, we have no 

information regarding the date of creation of the on-farm diversification activities. 

A treated farm diversified for several years is not distinguished from a farm that just 

started a sixth industry business. Furthermore, we didn’t include any covariate 

illustrating the importance of the implementation of the sixth industrialization of 

agriculture (specific projects or infrastructures…) in the neighbourhood of the farms 

although it is highly possible it would affect the decision making process of farmers 



 

71 
 

regarding entering the policy framework. We could argue that the variables 

Organisation and Province capture this information to some extent but some hidden 

bias might still arise from missing data. The fact that we limited ourselves to the 

utilization of the 2015 Korean census data only is mostly due to language barriers 

and the scarcity of sources related to the 6th industrialization. It would have been too 

time consuming to look for more data.  

Moreover, other limitations arise from the methodology chosen and the 

assumptions it implies. Our analysis and its results rely on the ignorable treatment 

assignment assumption (A1) and the stable unit treatment value assumption (A2) to 

solve the problem of causal inference. However, (A1) might be violated in case of 

unobserved selection bias. The sensitivity analysis undertaken earlier captures what 

could happen in case of hidden bias. Also, it is poined out in the literature that in 

many cases the farm will decide to diversify taking into account the labour force they 

already have (Fédération nationale des syndicats d’exploitants agricoles [French 

National Federation of Farmers’ Unions], 2010, p. 6). Therefore, our outcomes 

variables might influence the treatment assignment and it could lead to a violation 

of (A1). Furthermore, (A2) can also be questioned in regards of social interactions 

between farmers. Moreover, as Rubin (1997) points out, covariates affecting both 

the treatment assignment and the outcomes are not distinguished from covariates 

affecting only the treatment assignment or only the outcomes in PSM. It can lead to 

some inefficiency when estimating the counterfactual. However, this issue is 

recognized as marginal in big samples (Rubin, 1997). Nevertheless, the fact of not 

being able to hierarchize the covariates do that we cannot prioritize which covariates 
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should be balanced first in the matching process. In our case we ended up with an 

imbalance relative to the variable Area in 2 of our models whereas it is highly 

probable that this covariate affects both the outcome and the treatment assignment. 

The choice of matching algorithm is also a limitation. We chose nearest neighbour 

matching (1:1) as it is a very commonly used algorithm and therefore has a well-

developed set of commands on STATA to undertake a complete PSM, including a 

rigorous balance checking and sensitivity analysis. It is recognized as a good 

matching algorithm for a large data set (with a lot of control individuals), which was 

our case. However, it would have been interesting to complete our study by running 

the same analysis using different algorithms. Finally, our PSM doesn’t take into 

account the intensity of participation (share of the diversification activity in the farm 

income, amount of production, sales…), what surely impacts the outcomes.  
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6. Conclusion 
 

 In 2013, the Republic of Korea implemented the Sixth Industrialization 

Policy with the aim of revitalizing the rural economy, increasing the added-value of 

the agricultural sector and boosting rural and farm employment. This policy supports 

the development of integrated farms operating on-farm diversification activities of 

the 2nd and/or 3rd industries (direct sales, processing, farm restaurant, farm tourism) 

linked to the agricultural primary production. 

 This paper investigated the impact of the sixth industrialization on-farm 

diversification activities on farm employment. We measured the effect of their 

implementation on the probability of farm employment using Propensity Score 

Matching.  

Our results suggest that the participation of farmers in on-farm 

diversification activities increases by 5% their probability to have an employee. The 

treatment effect varies among the different types of farming. It is the strongest in 

farms growing fruit trees and ornamental crops but is not significant for farms 

focusing on vegetables farming. Moreover, we investigated the treatment effect by 

working period categories and found out that on-farm diversification tends to boost 

all employment durations, especially short term employment (less than 1 month). 

However, results by type of farming suggest heterogeneities. The diversification 

process increases more the probability of employment for the longest period (more 

than 6 months) in farms growing medicinal crops and breeding livestock. We make 

the hypothesis that the differences among types of farming could be linked to the 

type of on-farm diversification activities. Sensitivity analyses suggested that despite 
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the fact that some of our results are very sensitive to hidden bias, our study is in 

general reasonably sensitive to unobserved factors.   

 There are several limitations to this study. We might have not included all 

the relevant covariates in the analysis. Therefore, hidden bias might arise. Moreover, 

2 of our matched samples were not properly balanced, leading to a possible selection 

bias linked to the impact of the size of the farm.  Other limitations are related to the 

choice of methodology. Propensity Score Matching relies on strong assumptions that 

might be violated in practice. Another feature of the propensity score method is that 

it considers participation in the treatment as a binary choice. Therefore it doesn’t 

take into account the intensity of the participation likely to affect the probability of 

having employees.  

 Nevertheless, this study is the first one, at least in English, focusing on 

evaluating the impact of on-farm diversification on farm employment in Korea. 

Since maintaining and creating jobs in rural areas and the agricultural sector in one 

of the main objective of the sixth industrialization policy, it represents a relevant 

contribution to the current literature. Our results suggest that the policy seems 

successful in supporting farm employment for most of the types of farming and can 

sustain both short term and long term jobs. However, the share of farms 

implementing on-farm diversification activities in 2015 was low (2.58%). Therefore, 

the participation effect on farm employment remains marginal at the level of the 

entire farming population and efforts need to be made to spread sixth 

industrialization practices. The lack of promotion of the sixth industrialization of 

agriculture is often denounced in the literature (Korea Rural Economic Institute, 
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2015, p. 280; Yang, 2016, p. 27), suggesting that an improvement in communication 

could increase the share of participating farms. Moreover, the policy has only been 

implemented recently so our results are likely to evolve in the future.  

 Reproducing and improving our analysis for instance with additional data 

sources would be relevant to confront our results and overcome some of our 

limitations. A longitudinal comparison using the 2005 and 2010 census data (before 

and after the policy implementation) and applying different estimation methods 

could also provide another insight regarding the employment trends. Moreover, as 

an extension to our study, it would be interesting to focus on the impact of specific 

on-farm diversification activities on employment to see if some activities are more 

likely to generate employment than others.  More generally, future research 

evaluating the outcomes of the sixth industrialization of agriculture should be 

encouraged. Since the policy is only 5 years old, data on the sixth industrialization 

of agriculture in Korea are still scarce. However, we can hope for more sources and 

information in the future, what could expand the possibilities of research. 

 

 

 
 
 

 

 

 

 

 

 

 

 

 

 

 



 

76 
 

Bibliography 
 

Augère-Granier, M.-L., 2016. Farm diversification in the EU. 

Bartolini, F., Andreoli, M., Brunori, G., 2014. Explaining determinants of the on-

farm diversification: empirical evidence from Tuscany region. Bio-based Appl. 

Econ. doi:10.13128/BAE-12994 

Bartolini, F., Brunori, G., Coli, A., Landi, C., Pacini, B., 2010. Assessing the Causal 

Effect of Decoupled Payments on farm labour in Tuscany Using Propensity 

Score Methods. 

Baum, C.F., 2014. Propensity Score Matching Regression Discontinuity Limited 

Dependent Variables. 

Becker, S.O., Caliendo, M., 2007. mhbounds - Sensitivity Analysis for Average 

Treatment Effects. Berlin. 

Benjamin, C., Corsi, A., Guyomard, H., 1996. Modelling labour decisions of 

French agricultural households. Appl. Econ. 28, 1577–1589. 

doi:10.1080/000368496327552 

Benjamin, C., Kimhi, A., 2006. Farm work, off-farm work, and hired farm labour: 

Estimating a discrete-choice model of French farm couples’ labour decisions. 

Eur. Rev. Agric. Econ. 33, 149–171. doi:10.1093/erae/jbl002 

Bertin, C., Cébron, D., Masero, J., Massis, D., 2016. Démarches de qualité, 

diversification et emploi [Quality practices, diversification and employment] 

(In French). Agreste Les Dossiers 34. 

Blackwell, M., Iacus, S., King, G., Porro, G., 2010. cem: Coarsened Exact Matching 

in Stata. 



 

77 
 

Blanc, M., Cahuzac, E., Elyakime, B., Tahar, G., 2008. Demand for on-farm 

permanent hired labour on family holdings. Eur. Rev. Agric. Econ. 35. 

doi:10.1093/erae/jbn032 

Boncinelli, F., Bartolini, F., Casini, L., 2018. Structural factors of labour allocation 

for farm diversification activities. Land use policy 71, 204–212. 

doi:10.1016/j.landusepol.2017.11.058 

Boncinelli, F., Bartolini, F., Casini, L., Brunori, G., 2017. On farm non-agricultural 

activities: geographical determinants of diversification and intensification 

strategy. Lett. Spat. Resour. Sci. 10, 17–29. doi:10.1007/s12076-016-0168-4 

Brookhart, M.A., Schneeweiss, S., Rothman, K.J., Glynn, R.J., Avorn, J., Stürmer, 

T., 2006. Variable selection for propensity score models. Am. J. Epidemiol. 

Chaplin, H., Davidova, S., Gorton, M., 2004. Agricultural adjustment and the 

diversification of farm households and corporate farms in Central Europe. J. 

Rural Stud. 20, 61–77. doi:10.1016/S0743-0167(03)00043-3 

Clark, J., 2009. Entrepreneurship and diversification on English farms: Identifying 

business enterprise characteristics and change processes. Entrep. Reg. Dev. 21, 

213–236. doi:10.1080/08985620802261559 

Corsi, A., Novelli, S., Pettenati, G., 2018. Producer and farm characteristics, type of 

product, location: Determinants of on-farm and off-farm direct sales by 

farmers. Agribusiness 1–19. doi:10.1002/agr.21548 

Dupraz, P., Latruffe, L., 2015. Trends in family labour, hired labour and contract 

work on French field crop farms: The role of the Common Agricultural Policy. 

Food Policy 51, 104–118. doi:10.1016/j.foodpol.2015.01.003 



 

78 
 

Dupraz, P., Latruffe, L., Mann, S., 2010. Trends in family, hired and contract labour 

use on French and Swiss crop farms: The role of agricultural policies (No. 10–

16), Working Paper SMART-LERECO. 

Essama-Nssah, B., 2006. Propensity score matching and policy impact analysis - A 

demonstration in EViews, Policy Research Working Paper. Washington DC. 

Fédération nationale des syndicats d’exploitants agricoles [French National 

Federation of Farmers’ Unions], 2010. Pluriactivité et diversification, 

incidences sur l’emploi [Pluriactivity and diversification, impacts on 

employment] (in French). 

Food and Agriculture Organization of the United Nations, 2004. Farm 

Commercialisation and Income Diversification on the Road to EU Accession. 

Rome. 

Forum for Agricultural Policy Research in North East Asia, 2014. The 6th 

Industrialization of Agriculture. 

Guo, S., Fraser, M.W., 2009. Propensity Score Analysis: Statistical Methods and 

Applications. 

Heckman, J., Ichimura, H., Smith, J., Todd, P., 1998. Characterizing Selection Bias 

Using Experimental Data. Econometrica 66, 1017. doi:10.2307/2999630 

Heo, J., Kim, Y.-I., 2016. Analysis of Priorities of the 6th Industrialization Policies 

for Agriculture through AHP. J. Korean Soc. Rural Plan. 22. 

Holland, P.W., 1986. Statistics and Causal Inference. J. Am. Stat. Assoc. 81, 945–

960. 

Huffman, W.E., El-Osta, H., 1997. Off-Farm Work Participation, Off-Farm Labor 



 

79 
 

Supply and On-Farm Labor Demand of U.S. Farm Operators (No. 276), 

Economic Staff Paper Series. 

Hwang, J., Lee, S., 2015. The effect of the rural tourism policy on non-farm 

income in South Korea. Tour. Manag. 46, 501–513. 

doi:10.1016/j.tourman.2014.07.018 

Jang, E.-H., 2016. Analyzing Legislation to Introduce Rural Convergence Facility 

System : Industrialization of Agriculture and Its Opportunities. 

Jongeneel, R.A., Polman, N.B.P., Slangen, L.H.G., 2008. Why are Dutch farmers 

going multifunctional? Land use policy 25, 81–94. 

doi:10.1016/j.landusepol.2007.03.001 

Joo, H., Khanal, A.R., Mishra, A.K., 2013. Farmers’ Participation in Agritourism: 

Does It Affect the Bottom Line? Agric. Resour. Econ. Rev. 423, 471–490. 

Korea Legislation Research Institute, 2017. Act on fostering and supporting rural 

convergence industry [WWW Document]. Statut. Repub. Korea. URL 

http://elaw.klri.re.kr/eng_service/lawView.do?hseq=42741&lang=ENG 

(accessed 4.9.18). 

Korea Rural Economic Institute, 2018. Ways to Promote the Regional 6th 

Industrialization [WWW Document]. KREI. URL 

http://www.krei.re.kr/eng/researchReportView.do?key=355&biblioId=51015

3&pageType=010101&searchCnd=all&searchKrwd=&pageIndex=2 

(accessed 5.27.18). 

Korea Rural Economic Institute, 2015. Agriculture in Korea. 

Lange, A., Piorr, A., Siebert, R., Zasada, I., 2013. Spatial differentiation of farm 



 

80 
 

diversification: How rural attractiveness and vicinity to cities determine farm 

households’ response to the CAP. Land use policy 31, 136–144. 

doi:10.1016/j.landusepol.2012.02.010 

Lee, B.O., Yang, J.H., 2015. Strategies and Tasks for the 6th Industrialization of 

Agriculture in Korea. J. Agric. Life Environ. Sci. 27, 14–27. 

Lee, H., Kim, K., An, D., 2017. Factors Affecting the Type of 6th Industrialization 

and Farm Income (in Korean). Korean J. Agric. Econ. 6. 

Lerbourg, J., 2013. 12% Des Exploitations Développent Une Activité Para-Agricole 

[12% of operators develop a paraagricultural activity] (in French). Agreste 

Primeur 302. 

Leuven, E., Sianesi, B., 2003. PSMATCH2: Stata module to perform full 

Mahalanobis and propensity score matching, common support graphing, and 

covariate imbalance testing. This version 4.0.12 30jan2016. 

Mantino, F., 2017. Employment Effects of the CAP in Italian Agriculture: Territorial 

Diversity and Policy Effectiveness. EuroChoices 16, 12–17. doi:10.1111/1746-

692X.12175 

Matsumoto, D., 2015. Agricultural organizations from six nations establish 

federation to promote value-added agriculture. Japan Agri News. 

McNamara, K.T., Weiss, C., 2005. Farm Household Income and On- and Off-Farm 

Diversification. J. Agric. Appl. Econ. 37, 37–48. 

doi:10.1017/S1074070800007082 

Meraner, M., Heijman, W., Kuhlman, T., Finger, R., 2015. Determinants of farm 

diversification in the Netherlands. Land use policy 42, 767–780. 



 

81 
 

doi:10.1016/j.landusepol.2014.10.013 

Nihous, F., 2008. La diversification et la valorisation des activités agricoles au 

travers des services participant au développement rural [The diversification and 

valorisation of agricultural activities through the services contributing to rural 

development] (In French). 

Petrick, M., Zier, P., 2012. Common Agricultural Policy effects on dynamic labour 

use in agriculture. Food Policy 37, 6711–678. 

doi:10.1016/j.foodpol.2012.07.004 

Pufahl, A., Weiss, C.R., 2008. Evaluating the Effects of Farm Programs : Results 

from Propensity Score Matching. 12th Congr. Eur. Assoc. Agric. Econ. 2008 

1–11. doi:10.1093/erae/jbp001 

Rosenbaum, P.R., Rubin, D.B., 1983. The central role of the propensity score in 

observational studies for causal effects. Biometrika 70, 41–55. 

doi:10.1093/biomet/70.1.41 

Rubin, D.B., 1997. Estimating Causal Effects from Large Data Sets Using 

Propensity Scores. Ann. Intern. Med. 127, 757–63. doi:10.7326/0003 

Rupasingha, A., Pender, J., Wiggins, S., 2018. USDA’s Value-Added Producer 

Grant Program and Its Effect on Business Survival and Growth. 

Sakamoto, K., Choi, Y.-J., Burmeister, L.L., 2007. Framing multifunctionality: 

agricultural policy paradigm change in South Korea and Japan? Int. J. Sociol. 

Food Agric. 15. 

Statistics Korea, 2015a. Census of Agriculture, Forestry and Fisheries [WWW 

Document]. URL https://mdis.kostat.go.kr/index.do (accessed 4.1.18). 



 

82 
 

Statistics Korea, 2015b. Census of Agriculture, Forestry and Fisheries [WWW 

Document]. KOSTAT. URL 

http://kostat.go.kr/portal/eng/surveyOutline/1/4/index.static (accessed 5.9.18). 

The Council of the European Union, 2006. Community strategic guidelines for rural 

development (programming period 2007 to 2013). Off. J. Eur. Union 252. 

The World Bank, 2016. Agriculture, value added (% of GDP) [WWW Document]. 

World Bank. URL 

https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS?locations=KR 

(accessed 3.30.18). 

Tudisca, S., Di Trapani, A.M., Sgroi, F., Testa, R., 2015. Socio-economic assessment 

of direct sales in Sicilian farms. Ital. J. Food Sci. 27, 101–108. 

Van Huylenbroeck, G., Vandermeulen, V., Mettepenningen, E., Verspecht, A., 2007. 

Multifunctionality of Agriculture: A Review of Definitions, Evidence and 

Instruments. Living Rev. Landsc. Res. 1. 

Vik, J., McElwee, G., 2011. Diversification and the Entrepreneurial Motivations of 

Farmers in Norway. J. Small Bus. Manag. doi:10.1111/j.1540-

627X.2011.00327.x 

Won, H.K., Jeon, H.S., Han, H., Lee, S.J., Jung, B.H., 2017. Combining timber 

production and wood processing for increasing forestry income : a Combining 

Timber Production and Wood Processing for Increasing Forestry Income : A 

Case Study of 6th Industrialization in Korean Forestry. J. For. Environ. Sci. 33. 

doi:10.7747/JFES.2017.33.4.355 

Yang, H., 2016. The Current Status of the 6th Industrialization and Policy Tasks: 



 

83 
 

Focused on the Development Plan of Integrated SMEs of Agriculture , 

Manufacture , and Commerce. KIET Ind. Econ. Rev. 21, 17–29. 

Zhu, M., Jung, J., 2017. A Study on Success Factors in the 6th Industrialization of 

Agriculture in Korea and China : A Focus on the Moderating Effects of 

Physical Humanistic Resources. J. Int. Trade Commer. 13, 177–196. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

84 
 

국문초록 

 
 

한국 농가의 생산활동 다각화 참여가  

농가 고용에 미치는 영향 
 

 

서울대학교 대학원  

농경제사회학부  

Fanny Le Gloux 

 

 

농업의 6 차 산업화는 농업 부문의 1 차, 2 차, 3 차 산업을 결합시키는 

전략이다. 2013 년 한국은 농촌 경제 활성화, 농업 부문 부가가치 및 고용 

증대를 목적으로 6 차 산업화 정책을 추진하였다. 본 정책은 농업의 

융복합산업화를 목표로 1 차 산업인 농업생산과 2 차 산업 또는 1 차산업과 

3 차 산업, 또는 1 차·2 차·3 차 산업이 연계된 농가 생산활동 다각화(직판, 

가공, 농가 식당, 농촌관광)를 지원하고 있다. 

본 연구에서는 성향점수매칭(Propensity Score Matching)기법을 

이용하여 농가의 생산활동 다각화가 농가 고용에 미치는 영향을 분석한다. 

이를 위해 먼저 농가 경영 전체 유형을 대상으로 평균처치효과(Average 

Treatment effect on the Treated, ATT)를 추정한 뒤 농가 유형별로 

동일한 분석을 시행한다. 나아가 고용 기간에 대한 참여도 

효과(participation impact)를 추정하기 위해 고용 기간에 따른 ATT 를 

측정한다.  

연구 결과, 농가의 생산활동 다각화 참여는 6 차 산업 참여 농가의 고용 

확률을 증가시킨다. 또한 영농형태에 따라 6 차 산업화 참여가 농가 고용에 
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미치는 영향도 차이가 있는 것으로 나타났다. 이러한 영향의 정도는 특히 

고용기간별, 고용형태에 따라 다른 것으로 추정되었다.  

 

주요어 :  6차 산업화 정책, 고용 노동, 성향점수매칭(Propensity Score 

Matching), 평균처치효과(Average Treatment effect on the 

Treated) 
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