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Recently, COVID-19 pandemic, locust plague, drought and conflict have seriously affected the development of agriculture in Africa, which make Africa countries difficultly to achieve the Sustainable Development Goals (SDGs) 1 and 2. As the cornerstone of agricultural development, technological progress has made brilliant contributions to achieving food security and nutrition improvement in African countries. And as the largest economic and trade partner of Africa, analyzing the agricultural technology gap between China and African countries and exploring optimal paths also has great significance for achieving SDGs 8 and 9. Therefore, the paper used the Meta-frontier SBM model to measure the agricultural technology gap between China and African countries from 2003 to 2019, and explores sources of the gap. On this basis, 24 African countries were taken as samples to identify multiple paths for narrowing the technology gap between China and Africa with the help of the configuration analysis method of the fuzzy-set qualitative comparative analysis (fsQCA). The results showed that the overall agricultural technology gap between China and Africa was narrowing, which was mainly caused by the reduction of pure technical inefficiency. However, sources of technology gap in African countries with different economic development levels were different. Configuration analysis found that agricultural technology innovation and institutional environment were the key conditional variables to narrow the agricultural technology gap between China and Africa. Five paths had been formed around two key conditional variables, and further summarized into three driving modes: “technology-environment” driving mode, “technology-organization” driving mode and “organization-environment” driving mode. Furthermore, this paper explored the multiple concurrent causality of narrowing the technology gap, which overcomes the deficiency of using regression methods. The paper highlights the importance of enhancing the integration of technical, organizational, and environmental conditions in African countries to collectively advance agricultural scientific and technological progress
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1. Introduction

In recent years, the COVID-19 pandemic, the Russian Ukrainian war, locust plague, drought, flood and conflict have increased the vulnerability of global food security (FAO, IFAD, UNICEF, WFP, and WHO, 2022; Li and Lin, 2023), especially having a significant impact on the continuous improvement of food security and nutrition in Africa (ECOSOC, 2022). Africa is the main region where food crisis or sudden food insecurity occurs. In 2019, 228 million people in African countries were suffering from hunger, the number of people affected by hunger in Africa increased by 35 million in 2020 and 15 million in 2021, a total increase of 50 million in 2 years (FAO, IFAD, UNICEF, WFP, and WHO, 2022). The achievement of SDGs 1 and 2 in African countries will be even more difficult. The current agricultural production mode in developing countries is characterized by high resource input and high energy consumption, which is unsustainable (Li and Lin, 2022; Li and Lin, 2023). The fundamental way to achieve food security in the future is only technological progress and the adoption of new technologies (Garnett et al., 2013; Gouvea et al., 2022; Tyczewska et al., 2023). At present, investment in agricultural science and technology in Africa is relatively low. There are only more than 400 institutions engaged in agricultural research and development in Africa. Farmers are seriously lack of practical agricultural technology. Therefore, African countries rely more on technology transfer from other countries to achieve agricultural technology progress (Olasehinde et al., 2023). Current studies generally confirm the important role of different types of technology transfer modes on agricultural development and food security in Africa (Kijima et al., 2012; Walker and Hofstetter, 2016; Kirui and Kozicka, 2018). As the largest investor in Africa among developing countries, China has been Africa’s largest trading partner since 2009 (UN COMTRADE 2018). Currently, China has continuously increased technology transfer to Africa, built a number of new joint laboratories, and trained the next generation of scientists for Africa in combination with the major scientific and technological development needs, basic conditions for scientific research and willingness to cooperate of countries along the “belt and road” (Cyranoski, 2018). However, there is evidence that although African countries have been implementing the order of innovation in the north and imitation in the south for nearly two decades, up to now, African countries are still far away from the technological frontier (Gebrerufael, 2021). The large technology gap will also hinder the late development advantage of African countries, which is not conducive to the realization of technological progress and food security goals. With the increasing transfer of agricultural technology from China to Africa, it is crucial to clarify the agricultural technology gap between Africa and China, identify its underlying causes, and explore the paths for African countries to narrow this gap. This will ultimately contribute to achieving food security and improving nutrition in African countries.

Technology is the third factor of production apart from labor and capital. Considering the different development levels of different countries, there will be a gap due to the asymmetry of products or process technology, which may determine their comparative advantages (Jordaan, 2017). Technological gap theory holds that a large part of trade between countries is based on the existence of technology gap. The current academic research on technology gap mainly focuses on its measurement and influencing factors. In terms of technology gap measurement, current studies mainly use the single indicator method, total factor productivity (TFP) method and the metafrontier analysis (MFA) method to measure technology gap. The single indicator method uses capital stock, patents and other indicators as the representation of a subject’s technical level, and the technology gap among subjects is expressed by the difference or ratio of technical level. For example, Guo et al. (2012) used patent differences to measure the technology gap among transnational corporations. Bednarek (2016) used capital differences to measure the technology gap and argued that the high technology gap would increase output in the long term. The total factor productivity method takes the ratio of total factor productivity as the representation of the technology gap among subjects. For example, Ha et al. (2009) used TFP differences as a token of the technology gap between South Korea and Chinese Taipei. Xie and Zhang (2020) used the TFP ratio of China and the United States to measure the technology gap between these two countries. The single indicator method and the total factor productivity method do not take into account the differences in the production frontier of different entities, while the MFA method proposed by Battese et al. (2004) can be used to measure and compare the efficiency of different entities with different technical levels, so it is widely used to measure the technology gap among entities. For example, Kontolaimou et al. (2016) used the MFA method to measure the technology gap among European countries, finding that the technology gap between developing countries and developed countries was large. Chaffai (2020) used the MFA method to measure the technology gap between Islamic banks and traditional banks in the MENA region. In terms of influencing factors of technology gap, according to Verspagen (1991), the technology gap between southern and northern countries could not be automatically narrowed, so how to narrow the gap has always been the focus of academic attention. Current studies have confirmed the positive role of technology innovation, foreign direct investment (FDI), capacity building, organizational learning, human capital and other factors in narrowing the technology gap (Eltis, 1978; Ahmed and Krishnasamy, 2013; Landini and Malerba, 2017; Amankwah-Amoah et al., 2019). In addition, some studies believe that cultural and religious factors can improve technical efficiency and thus narrow the technology gap (Tanko and Ismaila, 2021).

In summary, the existing research has conducted useful explorations in the measurement and the influencing factors of technology gap, which also provides a relevant basis for this study. However, there is still room for improvement in the existing research, which is also the contribution of this paper: (1) The existing empirical research on the technology gap between northern and southern countries is almost old, and out of the empirical literature, there is no single exclusive article produced on the dynamics of the technology gap in China and Africa. As Africa’s largest trading partner, it is particularly important for China to clarify the technology gap with Africa. (2) The present measurement methods of technology gap mainly include single indicator method, total factor productivity method, the MFA method, etc. Since the MFA method can realize the measurement and comparison of the efficiency of different clusters with different technical levels, it is widely used to measure the technology gap among subjects, such as the research conducted by Kontolaimou et al. (2016) and Chaffai (2020). However, these studies only measured the technology gap, while ignoring the subdivision of technology gap sources. Therefore, this paper adopts the meta-frontier theory and the data envelopment analysis (DEA) method to build a meta-frontier slack based measure (SBM) model to measure the agricultural technology gap between China and Africa, and clarify the causes of the gap. (3) Most of the existing studies on the influencing factors of technology gap are unidirectional, that is, the regression method is used to explore the impact of single factors on technology gap. However, the agricultural technology gap between China and Africa is a systematic problem caused by multiple concurrent causality, rather than the impact of any single factor. So this paper selects the fuzzy-set qualitative comparative analysis method (fsQCA), takes “agricultural technology gap - 1” as the outcome variable, aims to analyze the path to narrow the agricultural technology gap between China and Africa.



2. Theoretical basis and analysis framework

The theoretical analysis framework of this paper is constructed on the basis of the TOE theory (technology organization environment) proposed by Tornatzky et al. (1990), which was initially used to emphasize the technical, organizational and environmental conditions that affect an organization’s technology innovation. Later, it was widely used by scholars to discuss the adoption and application of organizational technology (Chatterjee et al., 2021; Dadhich and Hiran, 2022). The theory divides the scenarios of technology adoption and application into technical conditions, organizational conditions and environmental conditions. Technical conditions refer to the existing technical resources and technical capabilities of an organization, as well as the available technical resources outside the organization. Technical conditions emphasize the characteristics of the technology itself and the maximum output that the technology can achieve (Chau and Tam, 1997). Organizational conditions usually refer to the characteristics of an organization in terms of resource utilization and adoption, covering the size of the organization, basic conditions of the organization, human resources status, and relevant resources available to the organization, etc., emphasizing the initiative of the organization (Walker, 2014). Environmental conditions refer to the macro environment in which an organization conducts business or activities, emphasizing the impact of the institutional environment (Oliveir and Martins, 2011). According to its definition, the TOE theory is appropriate to be applied in the research on the optimization path of agricultural technology gap between China and Africa. In addition, in order to solve the shortcomings of the TOE theory in dealing with the combination of multiple conditions and explaining the underlying mechanism, this paper introduces configuration analysis method for correction, and finally forms a comprehensive analysis framework of three primary conditions, namely technical conditions, organizational conditions and environmental conditions, and totally six secondary conditions (Figure 1).
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FIGURE 1
 Theoretical analysis framework.


First, technical conditions. Technical conditions include a secondary condition namely agricultural technology innovation. The innovation theory proposed by Schumpeter emphasizes that technology innovation is the source of core technology, and triggers the process of technology transformation and new product generation, which can bring economic development and promote social progress (Zheng et al., 2021; Li et al., 2022). Firstly, technology innovation can realize the iterative upgrading of technology and production mode, which leads to the continuous optimization of technology level and production level, so as to realize technological progress (Wang and Zhu, 2020; Liang et al., 2022). Secondly, the way of technological progress is Poisson flow (Lin and Mao, 2023). Agricultural technology innovation strengthens the Poisson flow density of African countries, which helps to achieve technological progress and efficiency improvement. Third, through agricultural technology innovation, African countries can gradually improve their R&D endowment structure, strengthen their absorptive capacity, and participate in domestic and international value chains to capture more innovative “learning effects,” thus contributing to technological progress and efficiency improvement (He et al., 2019).

Second, organizational conditions. Organizational conditions include three secondary conditions: agricultural producer level, agricultural infrastructure and FDI. In the process of agricultural production, agricultural practitioners improve production efficiency by exerting their subjective initiative, and scholars have generally affirmed the positive correlation between producer level and TFP (Ahsan and Haque, 2017; Atesagaoglu et al., 2017; Okunade et al., 2022). In the agricultural production practice in Africa, it is crucial to introduce, digest and absorb foreign technologies. A high-level agricultural practitioner is bound to have a leading edge in the process of technology learning to realize the optimal allocation of resources and rapid learning of technology (Nonaka, 1994). As a public service product in rural areas, agricultural infrastructure has a strong positive external effect, which directly affects agricultural production practice, helps to drive the transformation and upgrading of rural economy, promote the integration of the three industries, and thus achieve agricultural technological progress. For example, productive infrastructure can improve agricultural production conditions and reduce agricultural production costs; welfare infrastructure can enhance rural education level, improve the absorptive capacity of agricultural practitioners, and optimize resource allocation (Aggarwal, 2018; Asturias et al., 2018; Alsan and Goldin, 2019; Hjort and Poulsen, 2019). FDI has a demonstration effect and competition effect. When FDI flows into the host country, the host country can introduce advanced technology and management experience of transnational enterprises to improve its technical level and production efficiency, and generate technology spillovers on the host country through competition effect and demonstration effect (Havranek and Irsova, 2011; Chen et al., 2022), thus promoting the improvement of agricultural technology level and market structure of the host country, and ultimately affecting the stability and efficiency of growth.

Third, environmental conditions. Environmental conditions include two secondary conditions: government governance level and institutional environment. Institutions and government governance levels are considered crucial in explaining differences in technology innovation capabilities of different countries (Rodríguez-Pose, 2013; Peng et al., 2017; Rodríguez-Pose and Zhang, 2020). Scholars generally believe that the level of government governance determines the safety of the regulatory framework, the effectiveness of laws and regulations, and the level of corruption. Efficient government governance can not only create an environment for investment and innovation activities (Tebaldi and Elmslie, 2013; Fuentelsaz et al., 2018), but also effectively attract foreign investment (Cheung and Qian, 2009) to improve technology innovation capabilities. On the other hand, a good institutional environment is conducive to the integration and aggregation of production factors such as talents, capital, investment, science and technology, so as to provide continuous factor support for the improvement of technology (Haschka et al., 2022; Zhao et al., 2022).



3. Materials and methods


3.1. Research methods


3.1.1. Meta-frontier SBM model

Reference to relevant research (Chen et al., 2023), this paper adopts the meta-frontier theory and the DEA method to build a meta-frontier SBM model to measure the agricultural technology gap between China and Africa, and clarify the causes of The gap. The meta-frontier theory was proposed by Battese et al. (2004). The meta-frontier theory can measure and compare The efficiency of clusters with different technical levels. For a certain cluster l, Its decision-making unit planning dual model can determine an envelope curve that can encompass All decision-making units of cluster l, which is the frontier edge of cluster l. The meta-frontier envelopes The frontier of clusters with different technical levels, which is the envelope curve of the frontier edge of different clusters (as shown in Figure 2). Suppose that under the input of X0, the outputs of two clusters with different technical levels on their frontier are Y1 and Y2 respectively, and the outputs on the meta-frontier curve are Y3. As it can be seen, under the given input level of X0, Y1, and Y2 of clusters with different technical levels are smaller than Y3 on the meta-frontier curve; the ratio between the optimal output of different clusters and the optimal output on the meta frontier is called the technology gap ratio (TGR). The larger The TGR value is, the smaller The gap between the cluster frontier and the meta frontier will be.

[image: Figure 2]

FIGURE 2
 Meta-frontier SBM model.


Based on the above theory, a nonparametric meta-frontier and distance function are constructed using the SBM-DEA model, and the SBM model is written in linear programming. The efficiency values of clusters and meta-frontier are the optimal values of the following linear programming problems (1) and (2):
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[image: image] is the efficiency value under the two frontiers that need to be measured. [image: image] and [image: image]are slack variables for [image: image] and [image: image], respectively; m and [image: image] are the number of indicators for the input and output of the decision-making unit respectively, k is variables, [image: image] is the weight coefficient. Then, [image: image], y)/[image: image]. TGR is used to measure the gap between the cluster and the optimal technology. The larger the TGR value is, the closer the technical level of the cluster is to the optimal technical level. According to different sources of efficiency loss, the technology gap level (TEI) can be measured and decomposed (Chiu et al., 2012) as follows:
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Among them, TGRI represents pure technical inefficiency, which is the efficiency loss caused by the technology gap among clusters, and belongs to exogenous resistance. MI means management inefficiency, which is caused by management errors and decision-making errors among clusters, and is an endogenous obstacle.



3.1.2. Configuration analysis method (fsQCA)

This paper adopts the fsQCA method to analyze the improving path of agricultural technology gap between China and Africa. The fsQCA method uses the membership degree fuzzy set to form a truth table to find out which subset of cause feature combinations the results characteristics belong to. Finally, the Boolean algebra algorithm is used to simplify these cause feature combinations. It mainly uses the set relation and the rules of logic operation to explore the influence of the predetermined cause conditions on the results in multiple cases (Kraus et al., 2018; Ding, 2022). Main reasons for choosing the fsQCA method: (1) The improving path of agricultural technology gap between China and Africa is a systematic problem caused by multiple concurrent causality, rather than the impact of any single factor. So the traditional method based on linear assumption and focusing on the “net effect” of a single condition is ineffective in providing the impact of different combinations of factors on the agricultural technology gap between China and Africa, and cannot be used to explore the mechanism between variables and results. (2) The fsQCA method can effectively mine multiple equivalent paths. Since too many African countries are taken as the studied objects in this paper, there are bound to be different equivalent paths to improve the technology gap. (3) The fsQCA method follows the asymmetric hypothesis of causality. Its application in this paper can not only mine the path of high degree condition combination, but also identify the path of non-high degree condition combination. In addition, since the data in this paper are all continuous, the fsQCA is selected for configuration analysis to mine potential paths that affect the agricultural technology gap between China and Africa, and identify multiple equivalent paths to narrow the gap.




3.2. Variable description and data source


3.2.1. Outcome variables

The result variable of this article is “agricultural technology gap - 1.” The input and output variables for calculating the agricultural technology gap are as follows: The output variable is the total output index of agriculture, forestry, animal husbandry and fishery, and the input variable is the land input index, labor input index, capital input index and raw material input index (Table 1). The above data comes from the USDA’s international agricultural productivity database. The USDA’s international agricultural productivity database is carried out by the Economic Research Service (ERS) since November 2013. The data can be found on the ERS website,1 including 180 countries or regions, from 1961. The data are updated and published every year since 2013.



TABLE 1 Description of the agricultural TFP.
[image: Table1]



3.2.2. Conditional variable

Agricultural technology innovation: This paper selects the agricultural R&D investment in African countries as the characterization variable of agricultural technology innovation. Data are obtained from the ASTI database of the International Food Policy Research Institute (IFPRI).

Agricultural producer level: Agricultural producer level is represented by the gross secondary school enrollment, due to the data lack in African countries that can be used to characterize the human capital level of agricultural producers. We drew inspiration from the research approaches of Narteh-Yoe et al. (2022), Agbloyor (2019) and Djokoto et al. (2022), and used the gross secondary school enrollment to represent agricultural producer level for the further analysis. The data of gross secondary school enrollment are from the WDI database.

FDI: FDI is expressed by the proportion of foreign capital inflows to GDP of African countries. Data come from the WDI database.

Agricultural infrastructure: referring to the method proposed by Straub and Hagiwara (2011), indicators such as transportation, energy and communication are selected to characterize the level of infrastructure, and rural infrastructure indicators are also added to the index construction. Transportation infrastructure indicators include the total railway kilometers per 10,000 people and the air traffic volume per 10,000 people. Energy infrastructure indicators include the oil equivalent of energy consumption per capita and the kilowatt hour of electricity consumption per capita. Communication infrastructure indicators include the Internet users per 100 people and the mobile wireless telephone rental per 100 people. Rural infrastructure indicators include the proportion of rural people who have access to improved water sources and the proportion of rural people who have access to improved health facilities. The above data are from the World Bank database. When quantifying, weight method proposed by Mitra et al. (2016) is applied to construct the infrastructure level index with the above data.

The equation is as follows:
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In which, [image: image] is the infrastructure level index, [image: image] is the score of an infrastructure indicator j, [image: image]is the weight of this infrastructure indicator, i represents the country, and t represents the year. By means of extreme difference to value [image: image] the formula of jit value is as follows:

[image: image]

[image: image] is the value of a certain infrastructure index j of country i in year t, [image: image] is the minimum value of index j, and [image: image] is the maximum value.

In terms of weight setting, referring to the method of Mitra et al. (2016), the four infrastructures are set to the same weight, i.e., 0.25, and the weight of each subdivision index is set to 0.125. According to the calculation, the infrastructure level indicator is between 0 and 100. The higher the value is, the higher the infrastructure level will be, otherwise the lower, the lower. See Table 2 for various infrastructure indicators and weights.



TABLE 2 Indicators and weights for infrastructure index.
[image: Table2]

Government governance level: it is represented by the government governance effectiveness index. Data are from World Governance Indicators (WGI). The index interval is [−2.5, 2.5]. The higher the value is, the more effective the governance will be.

Institutional environment: It is represented by the average value of corruption index, regulatory level, laws and regulations level, and policy stability. Data come from WGI database. According to Kaufmann et al. (2011), the index interval is [−2.5, 2.5]. The larger the value is, the better the institutional environment will be.

All the variables are annual. The period of analysis is 2003–2019. The scope of the study is the technology gap between China and Africa. China has published its official direct investment data from 2003, so that this study uses data from 2003. Also, the data availability is considered, so the period of 2003–2019 is selected. The sample includes the following countries: South Africa, Nigeria, Angola, Kenya, Ethiopia, Cameroon, Cote d’Ivoire, Tanzania, Zambia, Uganda, Gabon, Botswana, the Democratic Republic of the Congo, Congo, Senegal, Mozambique, Namibia, Mauritius, Mali, Madagascar, Zimbabwe, Chad, Benin, Rwanda, Niger, Malawi, Mauritania, Togo, Lesotho, Burundi, Central Africa, Cape Verde. The descriptive results of the above variables are shown in Table 3.



TABLE 3 Descriptive analysis results of variables.
[image: Table3]





4. Results and analysis


4.1. Analysis of agricultural technology gap between China and Africa

First of all, according to “3.1.1 meta-frontier SBM model,” the technology gap ratio (TGR), the agricultural technology gap (TEI) between China and Africa are calculated, and the agricultural technology gap is decomposed into pure technical inefficiency (TGRI) and management inefficiency (MI) to analyze the root causes of the agricultural technology gap in African countries. From the results, the average of TGR in China from 2003 to 2019 was 1, indicating that China’s agricultural technology has always been on the meta-frontier, without TGRI and MI. The average of TGR in African countries from 2003 to 2019 was 0.932, indicating that there is still a certain gap between the agricultural technology frontier and the meta-frontier in African countries, with TGRI and MI. In addition, according to the proportion of pure technical inefficiency (TGRI) and management inefficiency (MI) in the agricultural technology gap (TEI), the focus of improving agricultural technology efficiency in African countries is determined. If the proportion of TGRI or MI is less than 50%, the importance degree is recorded as “▲.” If the proportion of TGRI or MI is between 50 and 85%, the importance degree is recorded as “▲▲.” If the proportion of TGRI or MI exceeds 85%, the importance degree is recorded as “▲▲▲.” Figure 3 shows the evolution trend of the agricultural technology gap value and its decomposition items between African countries and China. Table 4 lists the agricultural technology gap value and its decomposition results between African countries and China.

[image: Figure 3]

FIGURE 3
 Evolution trend of agricultural technology gap between China and Africa (2003–2019).




TABLE 4 Technology gap among African countries with different levels of economic development and its decomposition.
[image: Table4]

As can be seen from Figure 3, the overall agricultural technology gap between China and Africa shows a narrowing trend from 0.233 in 2003 to 0.127 in 2019. In terms of the decomposition of the agricultural technology gap between China and Africa, the pure technical inefficiency rate decreased from 0.161 in 2003 to 0.082 in 2019, and the management inefficiency rate decreased from 0.072 in 2003 to 0.045 in 2019. In general, the main reason for the narrowing of the agricultural technology gap between China and Africa from 2003 to 2019 is the reduction of pure technical inefficiency, while the reduction of management inefficiency is not obvious. In addition, it can be seen that although the overall agricultural technology gap between China and Africa shows a narrowing trend from 2003 to 2019, it began to widen again in 2015, which verifies the necessity of focusing on the agricultural technology gap between China and Africa in this paper.

Table 4 shows that the average value of agricultural technology gap between China and Africa from 2003 and 2019 is 0.138, of which the pure technical inefficiency rate is 0.085, accounting for about 61.59%, while the management inefficiency rate is 0.053, accounting for about 38.41%. The pure technical inefficiency rate of African countries with high-level economic development is 0.119, accounting for about 87.53%, and the management inefficiency rate is 0.017, accounting for about 12.47%; the pure technical inefficiency rate of African countries with medium-level economic development is 0.089, accounting for 63.75%, and the management inefficiency rate is 0.050, accounting for 36.25%; the pure technology inefficiency rate of African countries with low-level economic development is 0.044, accounting for 31.35%, and the management inefficiency rate is 0.096, accounting for 68.65%. The results demonstrate that, on the whole, the agricultural technology gap between China and Africa in 2003–2019 is mainly caused by the pure technical inefficiency rate, but there are some differences for African countries with different economic development levels. For African countries with high economic development level, the agricultural technology gap with China is mainly caused by the pure technical inefficiency rate; for African countries with medium economic development level, both pure technical inefficiency rate and management inefficiency rate cause the gap with China; for those countries with low economic development level, the gap with China is mainly caused by management inefficiency.

From the perspective of African countries: (1) The agricultural technology gap between African countries such as South Africa, Nigeria, Angola, Kenya, Ethiopia, Cote d’Ivoire, Zambia, Botswana, the Democratic Republic of the Congo, Namibia, Mali, Rwanda, etc. and China is mainly caused by pure technical inefficiency, while the efficiency loss caused by ineffective management is relatively low. These countries have an excellent performance in agricultural production management, but there is strong external resistance, and the pure technical level needs to be improved urgently. At the same time, it can be noted that these countries all have a medium or high level of economic development. Therefore, these countries should rely on their own good economic conditions, tilt to the agricultural field, strengthen their agricultural science and technology innovation and agricultural technology introduction, so as to improve the level of agricultural pure technology and narrow the agricultural technology gap with China. (2) The gap between African countries such as Madagascar, Niger, Mauritania, Togo, Lesotho and Central Africa, etc. and China in agricultural technology is mainly caused by management inefficiency, while the loss of pure technical inefficiency rate is relatively low, indicating that these countries have many deficiencies in agricultural production operation and decision-making, and are faced with strong endogenous dynamic constraints. Moreover, it can be noted that these countries mainly have a low level of economic development. Therefore, they should improve their agricultural production decision-making level by means of strengthening agricultural technology training and agricultural technology promotion, so as to narrow the agricultural technology gap with China. (3) The agricultural technology gap between countries such as Cameroon, Tanzania, Uganda, Gabon, Congo, Senegal, Mozambique, Mauritius, Zimbabwe, Chad, Benin, Malawi, Burundi, Cape Verde, etc. and China stems from TGRI and MI. These countries mainly have a medium or low level of economic development. Technology gaps caused by the inefficiency of pure technology and management in these countries account for a certain proportion. In the future, it is necessary to start from the national agricultural pure technical level and its own production management decision-making to eliminate the internal and external resistance that affect the agricultural technology gap. While improving the internal management and operation system construction, they should create a good environment for agricultural technology development and improve their agricultural technology level.



4.2. Optimization path of agricultural technology gap between China and Africa

On the basis of measuring the agricultural technology gap between African countries and China, this paper takes African countries in 2019 as samples, takes (China Africa Agricultural Technology Gap-1) as the outcome variable, selects six conditional variables of agricultural technology innovation level, agricultural labor level, agricultural infrastructure, FDI, government governance level and institutional environment, and uses the fsQCA method to explore how far the agricultural technology gap between China and Africa can be narrowed. Due to the severe missing values in the data of the gross secondary school enrollment in African countries, we processed the data as follows: First, interpolation method was performed on the gross secondary school enrollment data of countries with less severe data missing (Nigeria, Ethiopia, Uganda, the Democratic Republic of the Congo, Mali, Benin, Niger, Togo). Second, sample deletion operations were carried out on countries with severe data loss and inability to perform interpolation processing (Angola, Kenya, Zambia, Botswana, Congo, Namibia, Zimbabwe, Central Africa). Then, we obtained the gross secondary school enrollment data of 24 African countries, including Benin, Burundi, Cabo Verde, Chad, Côted’ Ivore, Gabon, etc.


4.2.1. Data calibration

The fsQCA method is based on the set theory to convert variables into set intervals between [0 ~ 1], and uses the direct calibration method to calibrate the data (Fiss, 2011). According to the sample data, outcome variables and six conditional variables are calibrated based on the four value set, namely, “completely non-subordinate” (25%), “midpoint” (50%), and “completely subordinate” (75%). The calibration of non-high configuration is realized by the non-set of high configuration. The data calibration results are shown in Table 5 (since this paper aims to study how to narrow the agricultural technology gap between China and Africa, therefore, the outcome variable is China Africa Agricultural Technology Gap-1):



TABLE 5 Descriptive statistical analysis and calibration of variables.
[image: Table5]



4.2.2. Analysis of necessary conditions

After calibrating the data, the consistency and coverage of the six conditional variables that affect the agricultural technology gap between China and Africa are measured with the fsQCA3.0 software, so as to conduct the necessary condition analysis. That is, if the consistency of a conditional variable is greater than 0.9, the conditional variable is a necessary condition for the outcome variable. According to the results in Table 6, the consistency level of the six conditional variables is lower than 0.9, which indicates that in this study, all conditional variables are not necessary for the outcome variables, and it is difficult for any of these conditional variables to narrow the agricultural technology gap between China and Africa alone. This suggests that the agricultural technology gap between China and Africa is a complex process, and its optimization path is affected by multiple factors, rather than a single factor. And it also verifies the necessity of configuration analysis under the framework of the TOE theory.



TABLE 6 Necessary condition analysis.
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4.2.3. Conditional configuration analysis

Through set model operation, the configuration of 6 conditional variables is well completed, and 4 configurations were obtained to explain the narrowing of agricultural technology gap between China and Africa. As shown in Table 7, the overall consistency of these 4 configurations is 0.906887, higher than the acceptable reference value of 0.8, and the overall coverage is 0.430131, indicating that the 4 configurations can cover and interpret more than 40% of the cases. Therefore, these 4 configurations can be considered as the sufficient condition combination of the outcome variables in this paper. By observing the distribution of conditional configurations and combining the comparison results between the intermediate solution and the simple solution, it can be found that none of the 6 elements such as agricultural technology innovation can constitute the necessary conditions to narrow the agricultural technology gap between China and Africa separately, but agricultural technology innovation and institutional environment play a major role in the 4 configurations. Therefore, centering on these two key conditional variables, this paper summarizes the 4 paths narrowing the agricultural technology gap between China and Africa into 3 models.


(1) “Technology-environment” driving mode. This mode corresponds to Configuration 1 in Table 7. Configuration 1 is expressed by the formula: Agricultural technology innovation * ~ Agricultural infrastructure * ~ FDI * Government governance level * Institutional environment, in which agricultural technology innovation, government governance level appears as the core conditions, institutional environment appear as auxiliary condition. This configuration demonstrates that in the case of good agricultural technology innovation, government governance and institutional environment in African countries, even if agricultural infrastructure and FDI are poor, agricultural science and technology progress can be achieved, thus narrowing the agricultural technology gap with China. This configuration can explain 19.33% of the cases of narrowing the agricultural technology gap between China and Africa, of which about 6.83% can only be explained by this configuration. The typical African countries corresponding to this configuration such as Togo attach great importance to agricultural development, agricultural inputs and technology introduction, enhancing the ability of agricultural technology innovation, and narrowing the agricultural technology gap with China. For example, Togo holds a national farmers’ forum every year, increase investment in the agricultural field, aiming to improve agricultural production efficiency (Ministry of Commerce of the People's Republic of China (MCPRC), 2021). From the core conditions, Configuration 1 can be referred to the “technology environment” driving mode.

(2) “Technology-organization” driving mode. This mode corresponds to configuration 3 in Table 7, where two key conditions of agricultural technology innovation and agricultural infrastructure appear, and other conditions are absent. This configuration can explain 9.17% of the cases of narrowing the agricultural technology gap between China and Africa, of which about 6.75% can only be explained by this configuration. Configuration 3 is expressed by the formula: Agricultural technology innovation * ~ Agricultural producer level * Agricultural infrastructure * ~ FDI * ~ Government governance level * ~ Institutional environment. This configuration shows that even if African countries have poor agricultural producers, FDI, government governance and institutional environment, they can achieve agricultural scientific and technological progress by relying on agricultural technology innovation and agricultural infrastructure, thus narrowing the agricultural technology gap with China. Typical African countries corresponding to this configuration such as Gabon, Mauritania, etc. These countries will vigorously develop agricultural industry and increase infrastructure construction. For example, Gabon has formulated the development direction of “green Gabon” and increased infrastructure investment [Ministry of Foreign Affairs of the People's Republic of China (MFAPRC), 2022]. From the perspective of core conditions, Configuration 3 can be referred to the “technology organization” driving mode.

(3) “Organization-environment” driving mode. This mode corresponds to Configuration 4 in Table 7. Configuration 4 is expressed by the formula as follows: ~Agricultural technology innovation * Agricultural producer level * Agricultural infrastructure * FDI * Government governance level * Institutional environment, in which agricultural producer level, Agricultural infrastructure and institutional environment appear as the core conditions, FDI and Government governance level appear as auxiliary conditions. This configuration shows that even if African countries have poor agricultural technology, they can also achieve agricultural scientific and technological progress by improving the level of agricultural producers, improving agricultural infrastructure and optimizing the institutional environment, thus narrowing the technology gap with China. This configuration can explain 12.09% of the cases of narrowing the agricultural technology gap between China and Africa, of which about 8.17% can only be explained by this configuration. Typical African countries corresponding to this configuration such as Senegal, are committed to improving infrastructure construction, possessing high-level education, and a stable institutional environment. Since the launch of the “Revitalization Plan for Senegal” in 2014, infrastructure construction has become an important task for Senegal. At the same time, Senegal attaches great importance to education, with an enrollment rate of up to 90% in primary and secondary schools, and has one of the oldest higher education institutions in Africa, Université Cheikh Anta Diop de Dakar. In addition, Senegal has a good institutional environment, its democratization process has been continuously accelerating since 1990. From the perspective of core conditions, Configuration 4 can be referred to the “organization environment” driving mode.

(4) Except Configuration 1, Configuration 3, and Configuration 4, Configuration 2 can expressed by the formula: Agricultural technology innovation * Agricultural producer level * ~ FDI * Government governance level * Institutional environment, in which agricultural technology innovation, agricultural producer level, government governance level, institutional environment are all appear as the auxiliary conditions. This configuration can explain 20.84% of the cases of narrowing the agricultural technology gap between China and Africa, of which about 6.92% can only be explained by this configuration. Configuration 2 indicates that although the coupling of agricultural technology innovation, agricultural producer level, government management level, and institutional environment can affect the outcome variable, however, these four conditional variables only appear as auxiliary conditions. Therefore, the causality between this configuration and the outcome variable is weak, so this configuration cannot be referred to the “technology organization environment” driving model.



TABLE 7 Configuration results.
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5. Discussion

Firstly, this paper found that from 2003 to 2019, the agricultural technology gap between Africa and China showed a narrowing trend. This conclusion verifies the narrowing trend in the technology gap between Africa and OECD and other countries (You et al., 2020; Gebrerufael, 2021). However, this study not only focuses on the agricultural field in Africa, but also explores the specific causes of the agricultural technology gap between African countries and China (whether the source of the technology gap is management inefficiency or technical inefficiency). In addition, we further analyzed the causes of the agricultural technology gap between African countries (classified by economic development levels) and China, which will help African countries to narrow the agricultural technology gap with China more accurately. Meanwhile, the paper also confirmed that the transfer of agricultural technology in Africa in recent years had positive impacts on agricultural production practice, which verifies the conclusions of Garnett et al. (2013), Gouvea et al. (2022), and Tyczewska et al. (2023).

Secondly, this paper also found that agricultural technology innovation and institutional environment optimization were the key conditional variables to narrow the agricultural technology gap between China and Africa. Around these two key conditional variables, there were five paths to narrow the agricultural technology gap between African countries and China. This conclusion confirms that technological innovation are crucial to narrow the technological gap (Verspagen, 1991). However, the study of how to narrow the agricultural technology gap between African countries and China is a complex and systematic issue, which cannot be achieved by single factors. Therefore, we use the configuration analysis method (fsQCA) to explore the multiple concurrent causality of narrowing the agricultural technology gap between China and Africa, it overcomes the shortage of using regression method to discuss the influence of a single factor on the technology gap (Ahmed and Krishnasamy, 2013; Landini and Malerba, 2017), and puts forward five paths to narrow the technology gap between China and Africa.

This paper has the following research contributions: First of all, this paper adopts the meta-frontier theory and the DEA method to build a meta-frontier SBM model to study the agricultural technology gap between China and Africa, which not only realizes the efficiency measurement and comparison of different clusters with different technical levels, but also expands the existing research on measuring technology gap using meta-frontier SBM model and subdivides the sources of technology gap. Secondly, based on the configuration thinking, this paper introduces qualitative analysis method into the study on narrowing the agricultural technology gap between China and Africa, and uses fsQCA to explore the multiple concurrent causality of narrowing the gap, which overcomes the deficiency of using regression methods to discuss the impact of single factor on technology gap, and proposes potential combinations and multiple paths of elements to narrow technology gap between China and Africa. It explains the complex causal mechanism of narrowing the agricultural technology gap between China and Africa, and improves and enriches relevant theories and practices.



6. Conclusion

In order to clarify the agricultural technology gap between Africa and China, and explore the conditions for narrowing the gap, this paper first takes China and 32 African countries from 2003 to 2019 as samples, and uses meta-frontier SBM to measure the agricultural technology gap between those African countries and China. On this basis, samples of 24 African countries are taken and six conditional variables including agricultural technology innovation, agricultural producer level, agricultural infrastructure, FDI, government governance level and institutional environment are selected based on the TOE theory, and the fsQCA method is adopted to explore the multiple paths of narrowing the agricultural technology gap between China and Africa. The main conclusions are as follows:

1. (1) From the perspective of agricultural technology gap between China and Africa: ① From 2003 to 2019, the overall agricultural technology gap between China and Africa shows a narrowing trend, which mainly due to the reduction of pure technical inefficiency while the reduction of management inefficiency is not obvious. In addition, although the overall agricultural technology gap has been narrowing from 2003 to 2019, it began to widen again in 2015, which verifies the necessity of focusing on the agricultural technology gap between China and Africa in this paper. ② Sources of agricultural technology gap in African countries with different economic development levels are different. Technical gaps in countries with high-level economic development are mainly caused by pure technical inefficiency, gaps in countries with middle-level economic development are caused by pure technical inefficiency and management inefficiency, while gaps in countries with low-level economic development are mainly caused by management inefficiency.

2. (2) Through configuration analysis, it is found that none of the 6 conditional variables, such as agricultural technology innovation, can independently constitute the necessary conditions for narrowing the agricultural technology gap between China and Africa. Therefore, it is necessary to explore the path to narrow the agricultural technology gap between China and Africa from the perspective of configuration. However, agricultural technology innovation and institutional environment play a key role in the four configurations.

3. (3) Focusing on two key conditional variables of agricultural technology innovation level and institutional environment, there are four paths to narrow the agricultural technology gap between China and Africa, which can be summarized into three driving modes: “technology environment” driving mode, “technology organization” driving mode and “organization environment” driving mode. At present, there is no balanced driving mode of “technology organization environment” in African countries.

Owing to the different economic development levels, geographical locations, agricultural resource endowment conditions, agricultural foundations, development opportunities, etc., African countries have different effects and paths to achieve agricultural technological progress and narrow the agricultural technology gap with China. Therefore, African countries should first identify the obstacles and difficulties hindering the advance of science and technology according to their current development situation of “technical conditions-organizational conditions-environmental conditions,” then select and adjust the TOE development model in the light of their own specific scenarios to give policy preferences and support from the two aspects of agricultural technology innovation level and institutional environment, so as to stimulate the endogenous power of agricultural scientific and technological progress in African countries. In addition, African countries should further strengthen the integration of technical conditions, organizational conditions and environmental conditions to produce a superposition effect with the balance of structure and function, and jointly promote agricultural scientific and technological progress in African countries.

This article also has some limitations: Firstly, based on the TOE theory and the research experience of current literature, this paper selects six representative conditional variables, but the selection of these conditional variables are inconsistencies in the current literature, and the interpretability of these conditional variables remains to be verified; secondly, due to the very imperfect disclosure of agricultural data in African countries, we can only use the gross secondary school enrollment to approximately replace the conditional variables of agricultural producer level.
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