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Abstract: The development of the digital economy has alternative and complementary effects on
employment in the agricultural labor force. While replacing a large part of the agricultural labor
force, digital agricultural technology is also expected to create new jobs and multiply the economic
development effect. Finally, it will have a large number of positive spillover effects on rural develop-
ment. To better understand the effects and relationships of digital agriculture on agricultural labor
employment in this process, we gathered microdata from 1098 agricultural laborers in 122 counties
(cities and districts) of 16 cities in Shandong Province, China. Compared with previous research,
the advantage of our study is that structural equation modeling (SEM) and fuzzy-set qualitative
comparative analysis (fsQCA) are jointly applied to assess the effects of digital agriculture on agricul-
tural labor force employment and the combinatorial path of inter-effect relationships. The analysis
results demonstrate that the effects of digital agriculture on agricultural labor force employment
mainly include substitution, complementary, flywheel, agglomeration, structural, synergistic, and
spillover effects. Through substitution and complementing effects in a chain reaction, which have
effects through intermediate links, the first six effects can lead to spillover effects. We determine two
modes with a total of eight configurations that can trigger the spillover effect of digital agriculture
on agricultural labor force employment. Therefore, it is necessary to choose an effective combina-
tion of paths to improve the utilization rate of agricultural resources and promote the diffusion
of improved agricultural technologies. If the positive effects of digital agriculture on agricultural
labor force employment are reasonably exerted, the development of sustainable agriculture could be
accelerated. This would promote the overall development of the agricultural labor force and lead to
the revitalization of rural areas and the integration of urban and rural areas.

Keywords: digital economy; agricultural labor force; effect of employment; micro-survey data;
structural equation modeling; fuzzy-set qualitative comparative analysis

1. Introduction

Concern has been widespread regarding whether the digital economy will affect
the agricultural labor market. Digitalization is profoundly changing the production and
lifestyle of residents. The development of the digital economy has also accelerated the
process of industrial digitization, with digital economy penetration rates of 8.2%, 19.5%, and
37.8% in China’s agriculture, industry, and service industries, respectively, in 2019. This has
given rise to several new jobs and occupations while promoting the digital transformation
of jobs. However, with the accelerated aging process, the agricultural labor force is facing
a critical situation; notably, the ratio of agricultural employment to the total labor force
in China dropped from 0.97 in 2010 to 0.96 in 2018. Therefore, accelerating the shift
from demographic dividend to talent dividend and promoting high-quality agricultural
development has become an urgent task. The digital economy has spawned a large number
of new jobs. Additionally, its penetration and integration into the traditional agricultural
economy are leading this economy into a new historical orientation. Therefore, it is of high
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practical value to study the effect of the digital economy on employment in the agricultural
labor force.

The concept of digital economy originated in the late 20th century [1] with the devel-
opment of the social economy, and its concept has since been expanded and deepened [2,3].
Digital agricultural technologies are represented by modules used in the agricultural In-
ternet of Things, precision agriculture, and smart agriculture application, which are now
widely used in the agricultural field [4]. On one hand, the digital economy has given rise
to many new industries and models, which have increased the demand for highly skilled
labor to a certain extent. On the other hand, while creating a large number of jobs for
agricultural labor, the digital economy has substituted for jobs in traditional industries,
which is expected to cause other effects in the long-term development process, eventually
affecting the whole agricultural system and rural development. In the short-term, the use
of new technologies cannot replace those employed in programmed labor; this “creative
destruction” will only occur gradually over a longer time. The development of the digital
economy may also blur the boundaries of employment structures, allowing highly skilled
laborers to perform different types of work at different times of the day. Therefore, optimiz-
ing the use of labor resources and ultimately affecting the development of agricultural and
rural systems.

Early research on the impact of the digital economy on agricultural labor focused on
the technical aspects of how to digitize agriculture, in which the theory of “skill comple-
mentarity” was followed. An increasing number of studies have focused on the impact of
technological progress on the employment structure and volume of the labor force. Schol-
ars have found that the application of the digital economy has significantly increased the
efficiency of capital accumulation, reduced the comparative advantage of labor, and caused
a large number of workers to become unemployed [5–7]. This is shown by the diffusion of
agricultural technologies and the development of intelligent robots to replace traditional
factors such as agricultural labor and land [8–11]. Moreover, Frey and Osborne [12] have
predicted that the employed population in the United States, the United Kingdom, and
Japan is at risk of unemployment in the next 10–20 years due to the spread of artificial
intelligence. However, in the long run, the compensatory effect generated by new jobs
can offset the substitution effect [7,13], which has been confirmed in China [14]. In terms
of employment options for agricultural laborers, the widespread application of the dig-
ital economy has brought new opportunities for agricultural entrepreneurship. Digital
technologies provide novel ways of thinking and employment options [15–18], such as
webcasting, online sales, and other flexible employment positions, which provide new
employment opportunities for rural laborers [19–21].

However, the existing literature has some shortcomings. First, there is a lack of
research on the long-term effects of the digital economy on employment in the agricultural
labor force. Agricultural labor force employment effects are long-term developmental and
dynamically changing processes [22]. In terms of time-varying trends, it is generally difficult
to achieve synchronization of change. In addition, with the continuous development of the
digital economy, the effects of the digital economy on agricultural labor can also be expected
to change. Therefore, in future work, the long-term impact of the digital economy on
agricultural labor employment should receive further attention and exploration to facilitate
the transformation and adjustment of the agricultural labor market. Second, the literature
on employment effects has mainly focused on impact factors and outcomes; however, the
intermediate links between effects are often neglected. Third, most of the existing studies
in the literature have considered the linear relationship between the digital economy and
agricultural labor through quantitative analysis, exploring the role of a single antecedent
variable while neglecting to analyze the joint effects of multiple antecedent variables on
the outcome variable. This traditional regression approach has certain limitations and is
not conducive to addressing complex causal relationships due to the interdependence of
independent variables. The effect of the digital economy on the agricultural labor force’s
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employment is a process in which multiple variables work together and, therefore, should
be further studied using a combination of quantitative and qualitative methods [23].

Our study attempts to fill these gaps. First, we developed a theoretical framework to
analyze a series of effects (“employment effects”) induced by the digital economy on the
employment of agricultural laborers. Second, we collected microdata on 1098 agricultural
laborers in Shandong Province through a field study in order to reveal the relationships
among the employment effects of agricultural laborers. Third, to address the complex
causal relationship formed by the interdependence of multiple antecedent conditions,
we adopted a combination of quantitative and qualitative approaches. This allows us to
explore the combination of spillover effects of the digital economy on agricultural labor
force employment using structural equation modeling (SEM) and fuzzy set qualitative
comparative analysis (fsQCA) approaches.

2. Mechanism Analysis and Hypothesis Development

Rational employment of agricultural labor provides a means to overcome agricultural
resource and environmental constraints as well as promote the coordinated development
of agricultural production and machinery. This requires accelerating the transformation of
agricultural labor employment and taking advantage of the positive effects brought about
by the digital economy. In addition, economic and social benefits must be coordinated to
improve agricultural competitiveness. The deep integration of the digital economy with the
agricultural workforce can promote the effective interconnection of agricultural production,
operations, and consumption, as well as provide technical support for sustainable agri-
cultural development. This section investigates and demonstrates the mechanisms of the
intrinsic effects of the digital economy on agricultural labor force employment, allowing us
to present related hypotheses.

In this study, we construct a theoretical model considering the “employment effects”
induced by the digital economy on the employment of agricultural labor, based on the social
division of labor theory, labor value theory, and dualistic economic development theory
(see Figure 1). First, we classify the derived employment effects into seven categories:
substitution, complementary, flywheel, agglomeration, structural, synergistic, and spillover
effects. Our goal is to investigate the ultimate impact of the “employment effect” on
the agricultural labor market in the context of the digital economy and the process of
digitization to strengthen the integration of the agricultural industry, ensure intelligent
productivity management and control, improve the efficiency of agricultural operations
and decision making, and promote sustainable agricultural development.
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2.1. Internal Effect Mechanism of Digital Economy on Agricultural Labor Employment

In the agricultural field, the digital economy contributes to changes in the structure
and organization of the agricultural workforce by penetrating the agricultural labor market
system and automating or semi-automating production. The integration of the digital
economy with agriculture occurs through the intermediate link of digital technologies,
with a single directional “employment effect” and with the triggering behavior of the labor
force in the employment process. First, a part of the low-skilled agricultural labor force is
replaced by programmable digital technologies (substitution effect), following which new
jobs and requirements are created through organizational re-structuring (complementary
effect). Second, the digital economy makes the employment market more inclined toward
technology (instead of people) and thus re-structures the labor force (structural effect).
Third, when the digital economy imposes itself on the agricultural labor force, employment
quality, and scale requirements become higher and higher, leading to the concentrated
development of agricultural socialized service organizations and agricultural production or-
ganizations with the same services (agglomeration effect). Forth, the digital economy gives
rise to a large number of new technologies, products, business models, and modes, which
may trigger significant changes in the structure of the agricultural economy, production
methods, and lifestyles (synergy effect). Fifth, the digital economy organically combines
technological achievements with the agricultural labor force. This promotes the industrial
chain of practitioners to accelerate the transformation to networking, digitalization, and
intelligence, as well as improve the utilization of agricultural human resources, which
enhances the empowerment of sustainable rural development (spillover effect).

2.2. Research Hypotheses

The substitution effect refers to the reduction in total employment due to technolog-
ical progress in various ways, such as increasing labor productivity, shortening the life
cycle of jobs, and causing cyclical unemployment or technological unemployment due to
fluctuations in the economic cycle [24–26]. In this process, technological progress does
not reduce employment but, instead, creates new jobs through compensatory mechanisms
in an increasingly segmented division of labor system [13,27]. The impact of the digital
economy on agricultural labor force employment, both in terms of job gains and job losses,
is a spiraling process that requires significant time and effort regarding the implementation
and evaluation of the ease of use of new technologies. The substitution of former tradi-
tional labor jobs by new technologies requires a long adaptation period. However, when
re-configured between new technologies and non-replaced jobs, technological progress be-
comes an important driver of productivity change and economic growth [27–30]. Therefore,
we propose the following hypotheses:

Hypothesis 1 (H1). The substitution effect has a positive effect on the flywheel effect.

Hypothesis 2 (H2). The complementary effect has a positive effect on the flywheel effect.

The flywheel effect refers to the fact that a static flywheel is very hard to rotate at first.
However, after reaching a certain critical point, the flywheel’s gravity and momentum
become part of the driving force, making it easy to turn quickly and constantly. The
influence process of the digital economy is far-reaching and progressive [31]. The demand
for agricultural labor has gradually changed from low-skilled and low-technology to high-
skilled and high-quality [32–34], while favorable policies, such as “talent to the countryside”
and government incentives, have prompted some enterprises and talents to flow to the
countryside [35]. This promotes the flow of talent and technical factors, improves the
efficiency of agricultural production, and enables a certain degree of market allocation
and re-organization of production factors, as well as the production, marketing, and
management of agriculture and the management of different agricultural stages [36,37].
Therefore, we propose the following hypotheses:
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Hypothesis 3a (H3a). The Flywheel effect has a positive effect on the structural effect.

Hypothesis 3b (H3b). The Flywheel effect has a positive effect on the agglomeration effect.

Hypothesis 3c (H3c). The Flywheel effect has a positive impact on the synergy effect.

The agglomeration effect refers to the economic effect produced by the concentration
of various industries and economic activities in space, as well as the forces that attract
economic activities closer to a certain area. With the improvement of agricultural labor
efficiency, agricultural socialized service organizations and agricultural production orga-
nizations providing the same services tend to gather production, achieving integrated
productivity in time and space, which can effectively improve the productivity level [38,39],
promote the rapid growth of the regional economy [40], promote the structural optimization
of production enterprises (under certain conditions) [41], form synergy and amplification
effects, better expand domestic demand, promote structural adjustment, stabilize em-
ployment, and promote high-quality development of the agricultural labor market [42].
Therefore, we propose the following hypotheses:

Hypothesis 4a (H4a). The agglomeration effect has a positive effect on the structural effect.

Hypothesis 4b (H4b). The agglomeration effect has a positive impact on the spillover effect.

Hypothesis 4c (H4c). The agglomeration effect has a positive impact on the synergy effect.

First, open sharing of data and high penetration rates enable the complete mobility
of production factors between different platforms and regions, improving the relevance
of agricultural production factors between different regions and reducing a range of prob-
lems caused by high information transaction costs and information asymmetry [43,44].
Second, the polarization of the workforce structure promotes the development of talent
toward high technological capability, providing new opportunities for regional mobility of
knowledge [45]. Third, the continuous combination and collection of data and agricultural
resources continue to affect the regional agricultural structure and the living structures of
farmers, leading the government and farmers to promote digital transformation develop-
ment [46]. Therefore, we propose the following hypotheses:

Hypothesis 5 (H5). The structural effect has a positive impact on the spillover effect.

Hypothesis 6 (H6). The synergistic effect has a positive impact on the spillover effect.

However, events or behaviors sometimes occur with reverse effects, inevitably leading
to two-way causality. Due to the limitations of the research instrument (model) and data
collection, we will not explore two-way causality between effects in this study. Figure 2
illustrates the effects of the digital economy on agricultural labor employment and the
relationships between the effects in terms of the model hypotheses.
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Figure 2. Effects of the digital economy on agricultural labor employment and their relationships (in
terms of the model hypothesis).

3. Materials and Methods
3.1. Structural Equation Modeling (SEM)

Based on our theoretical model, we chose to use the structural equation modeling
(SEM) method. This is because it does not impose any restriction on the number of
dependent variables and can be used to estimate the relationships between potential
variables in order to analyze the action path between potential and observed variables in
the model [15]. Structural Equation Modeling (SEM) was proposed by Karl G. Joreshog in
the early 20th century as a multivariate statistical analysis technique. SEM includes two
parts: a measurement model and a structural model. The measurement model depicts the
relationship between latent and observation variables, whereas the structural model refers
to the relationships between latent variables [47].

The specific expressions used in the SEM method are as follows:

γ = ∧yη + ε, (1)

X = ∧xξ + σ, (2)

η = bη + γξ + ζ, (3)

where Equations (1) and (2) comprise the structural equation model, which probes the
relationship between the latent variables, η denotes the endogenous latent variable(s), ξ
denotes the exogenous latent variable(s), ζ is a residual term, and b and γ are specific
path coefficients. Equation (3) represents the measurement equation model, indicating the
relationship between the latent and observed variables, where X denotes the observed
variable(s) of the exogenous latent variable(s) ξ; γ denotes the observed variable(s) of the
endogenous latent variable(s) η; ∧x and ∧y indicate the factor load matrices of the observed
variable with respect to ξ and η, respectively; and σ and ε indicate the error terms for the
exogenous and endogenous variables, respectively.

3.2. Fuzzy-Set Qualitative Comparative Analysis (fsQCA)

The Qualitative Comparative Analysis (QCA) method was originally developed by
the sociologist Ragin [18]. Causal interpretation, visual presentation, and combined causal
complexity analysis are the key stages used in the QCA approach [48].

Qualitative Comparative Analysis (QCA), a unique analytical technique that attempts
to bridge the gap between qualitative and quantitative research methods, is currently
divided into three categories: clear-set qualitative comparative analysis (csQCA), multi-
value set qualitative comparative analysis (mvQCA), and fuzzy-set qualitative comparative
analysis (fsQCA). Clear-set QCA is mostly used for the analysis of conditions with binary
calibration, while multi-value set QCA is used for the analysis of multi-value conditions.
In contrast, fuzzy-set QCA can be used to calibrate the analysis conditions for any value
between 0 and 1, which effectively avoids the absolute limitation imposed by binary



Agriculture 2023, 13, 566 7 of 17

data [49]. Its advantage lies in its ability to complement the SEM model in the study of
net effects through the analysis of multiple conditions that depend on each other to jointly
produce the outcome [50]. It has also been demonstrated that the effective integration
of these two methods can enhance the descriptive and explanatory power of scientific
theories [51]. The antecedent and outcome variables in this study are both degree variables.
Therefore, we chose to utilize the fsQCA approach, including the following key steps:

(1) Selection of research cases and specification of research variables. The population
considered in this study is a sample of agricultural laborers surveyed using a questionnaire.
(2) Calibration of the variables, mainly referring to the transformation of data into fuzzy
sets [52]. (3) Analysis of necessary and sufficient conditions [48]. (4) Boolean simplification
to form a truth table, in which information for a case is displayed using a truth table. The
truth table shows combinations of conditions for which a particular outcome occurs or does
not occur; cases with the same conditions and outcomes are presented in the same row of
the truth table and are analytically identical [53]. (5) Finally, the combination of conditions
where the result variable occurs or does not occur is obtained, giving the configuration of
the result variable [50]. The interpretation of the results mainly depends on consistency
and coverage:

Consistency(Xi ≤ Yi) = ∑[min(Xi, Yi)]/ ∑(Xi ), (4)

Coverage = ∑
[min(Xi, Yi)]

∑(Yi )
, (5)

where Xi denotes the calibrated values of the condition variables, and Yi denotes the
calibrated value(s) of the result variable(s).

Based on the above theory and methodology, we chose to use a combination of quali-
tative and quantitative methods, with SEM analysis focusing on the net effect of individual
factors (or variables) on the outcome, and ignoring correlations between variables. As such,
we also chose to utilize fsQCA to analyze the relationship between variables and examine
whether employment effects are influenced by a combination of factors.

3.3. Data Collection

In the context of this study, mature scales have not been presented in the existing
literature and still need to be developed. Therefore, before the questionnaire was formally
finalized and surveyed, we conducted a large number of interviews with rural laborers
and heads of agriculture-related departments, consulted several experts in related fields,
conducted several pre-surveys, and revised and improved the scale several times. The last
pre-survey was conducted in January 2022. A total of 280 questionnaires were distributed,
and 243 complete questionnaires were collected, with a return rate of 86.8%, giving 207 valid
questionnaires, for a questionnaire efficiency rate of 85.2%. SPSS26.0 and AMOS26.0 were
used to analyze the data, and the reliability and validity of the data were found to be good
and to meet the requirements of the application.

The official survey was conducted in May–July 2022. We enrolled 300 university
students and postgraduates enrolled in Shandong Agricultural University to conduct
the official survey of this questionnaire. A total of 1500 copies of questionnaires were
distributed to residents, and 1278 copies were collected (with a recovery rate of 85.2%),
with 1098 valid (for an efficiency rate of 8.9%). A total of 122 counties (cities and districts)
in 16 localities (cities) in Shandong Province were involved. These samples were treated
as the object of analysis in this study [15]. A 5-point Likert scale was used to measure the
affecting factors [15,45,50], where 1 = strongly disagree, 2 = disagree, 3 = neutral, 4 = agree,
and 5 = strongly agree (see Table 1).
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Table 1. Latent variables, observed variables, mean values, and standard deviations.

Latent Variable Observed Variable M S.D

Substitution effect (SE; a = 0.90)

SE1 The use of digital equipment can clearly increase the efficiency of
agricultural production.

4.14 0.66SE2 Agricultural digital technology can help people solve many agricultural
production problems.

SE3 Consistent use of digital technology or equipment can save a great deal of
manual labor.

Complementary effect (CE; a = 0.94)

CE1 The digital economy has added many new jobs in pre-production.

4.09 0.66CE2 The digital economy has increased the number of associated jobs in
prenatal services.

CE3 The digital economy has added many new jobs in the industry.

Accumulative effect (AE; a = 0.94)

AE1 Digital economy development to improve efficiency is a slow and then
accelerated process.

4.10 0.64AE2 Digital economy development can save labor time is a slow and then
accelerated process.

AE3 The growth of the digital economy to increase the number of skilled jobs in
agricultural services is a slow and then accelerating process.

Structure effect (STE; a = 0.88)

STE1 Villages with a strong digital economy will attract a larger workforce to
employment.

4.17 0.62AE2 Digital economy can attract more social capital.

AE3 The digital economy can lead to the development of more neighboring
villages.

Flywheel effect (FE; a = 0.93)

FE1 Digital economy causes an increase in pre-production high-skilled and
low-skilled industries and a decrease in middle-skilled jobs.

4.05 0.60
FE2 Digital economy results in less labor-intensive and more capital-intensive

labor in agriculture.

FE3
The digital economy has caused a decrease in high market concentration
labor and an increase in low and medium market concentration labor in

agriculture.

Synergistic effect (SYE; a = 0.88)

SYE1 Digital technology exponentially improves worker productivity.

4.12 0.65
SYE2 Consistent use of digital technology or equipment can save energy

exponentially.

SYE3 Consistent use of digital technology or equipment can save labor time
exponentially.

Spillover effect (SPE; a = 0.88)

SPE1 The digital economy allows workers to spend more time on other
agricultural production.

4.15 0.58SPE2 Digital economy enables workers to earn higher incomes.

SPE3 Digital Economy Moves Agriculture Toward Sustainability.
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4. Results
4.1. SEM Reliability and Validity Tests

In this study, a factor loading value of more than 0.5 was used as an evaluation
criterion. If the measured factor loading failed to reach this value, the measurement was
not considered representative and should be deleted; otherwise, it was retained. We applied
the measurement model to verify the loadings of various measured factors. For composite
reliability, it has been recommended that the value should exceed 0.7 [54]. The results of the
study showed that the composite reliability of the elements all reached 0.7; therefore, the
structure had the required reliability (Table 2). On the contrary, the structural measurements
in this study were mainly based on domestic and foreign studies and modified according
to our purposes. These measures met the content validity criteria, and therefore, this study
had content validity. In addition, the factor loadings of the indicators within the constructs
had to be statistically significant, the construct reliability had to be greater than 0.7, and
the mean variance of each construct had to be greater than 0.5. Accordingly, the study
model presented convergent validity (see Table 2), and the presented results support the
convergent validity of each structure.

Table 2. Reliability and convergent validity.

Structure
Load of Factor

CR AVE
Effect 1 Effect 2 Effect 3

Substitution effect 0.75 0.75 0.95 0.86 0.68
Complementary effect 0.88 0.93 0.94 0.94 0.84

Accumulative effect 0.87 0.85 0.88 0.90 0.75
Structure effect 0.91 0.75 0.94 0.90 0.76
Flywheel effect 0.90 0.89 0.94 0.94 0.83

Synergistic effect 0.85 0.83 0.84 0.91 0.77
Spillover effect 0.81 0.88 0.75 0.86 0.6

4.2. SEM Fit Test

Figure 3 shows the impact path map after modifying and fitting the model according
to the results of the exploratory factor analysis. Table 3 shows the standard test results
regarding the overall fitness of the model. The X2/df value was 1.92, less than the standard
value of 3; the RMSEA was 0.04, less than the standard value of 0.08; and the GFI was 0.94,
greater than the standard value of 0.9. Therefore, the results were acceptable. As for the
value-added adaptation index, the results for IFI, TLI, and CFI were all greater than 0.9,
indicating good adaptability. The PNFI and PGFI were 0.73 and 0.82, respectively, with
both greater than 0.50, indicating good adaptability. Overall, it was found that the scale
and actual data used in this study fit the structural model well, and the estimated results
were very reliable.
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Table 3. Fitting index results for the structural equation model.

Inspection Index Adapt to Standard or Critical
Value Fitted Value Adaptation

Judgment

Absolute fitness index
X2/df <3.00 1.92 Yes

RMSEA <0.05 is excellent; <0.08 is good 0.04 Excellent
GFI >0.90 0.94 Yes

Value-added adaptability index
IFI >0.90 0.94 Yes
TLI >0.90 0.95 Yes
CFI >0.90 0.96 Yes

Reduced fitness index
PNFI >0.50 0.73 Yes
PGFI >0.50 0.82 Yes

X2/df, chi-square–degrees of freedom ratio; RMSEA, root mean square error of approximation; GFI, goodness
of fit index; IFI, incremental fit index; TLI, Tucker–Lewis index; CFI, comparative fit index; PNFI, parsimonious
normed fit index; PGFI, parsimonious goodness-of-fit index.

4.3. SEM Estimation Results

Figure 3 shows the results of the structural equation model with standardized path
coefficients. This model was built in the AMOS 26.0 software using the maximum likelihood
estimation method and was based on the theoretical analysis framework described above.
The ellipses indicate the latent variables: substitution effect (SE), complementary effect
(CE), accumulative effect (AE), structure effect (STE), synergistic effect (SYE), and flywheel
effect (FE).

The results from the testing of the research hypotheses are provided in Table 4. The
standard parameter estimation test demonstrated that all ten hypotheses were significant.
The standardized path coefficient of the agglomeration effect on the structural effect was
0.20; the standardized path coefficient of the agglomeration effect on the spillover effect
was 0.57; the standardized path coefficient of the agglomeration effect on the synergistic
effect was 0.11; the standardized path coefficient of the structural effect on the spillover
effect is 0.23; and the standardized path coefficient of the synergistic effect on the spillover
effect was 0.19. All p-values were less than 0.001 and, therefore, all hypotheses could be
accepted at the 5% level of significance.

Table 4. Standardized path coefficients in hypothesis testing by structural equation model.

Hypothesis Path Standardized Path
Coefficient Results

H1 SE→FE 0.45 *** Accept
H2 CE→FE 0.28 *** Accept
H3a FE→STE 0.45 *** Accept
H3b FE→CE 0.57 *** Accept
H3c FE→SYE 0.37 *** Accept
H4a CE→STE 0.20 *** Accept
H4b CE→SPE 0.57 *** Accept
H4c CE→SYE 0.11 *** Accept
H5 STE→SPE 0.23 *** Accept
H6 SYE→SPE 0.19 *** Accept

***, p < 0.001. SE, substitution effect; CE, complementary effect; AE, accumulative effect; STE, structure effect; FE,
flywheel effect; SYE, synergistic effect.

4.4. fsQCA Variable Selection and Calibration

In this study, six variables— substitution effect, complementary effect, agglomera-
tion effect, structural effect, flywheel effect, and synergistic effect—were selected as the
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antecedent variables, mainly based on the fact that the impacts of the substitution, com-
plementary, agglomeration, structural, flywheel and synergistic effects on the spillover
effect have been supported by the findings of various theoretical and empirical studies.
The fsQCA analysis was conducted by first calibrating the antecedent conditions. The
continuous variables were averaged, and the data were calibrated according to the criteria
of 5%, 95%, and 50% of the intersection, as has been proposed by Regin [18].

4.5. fsQCA Necessity and Sufficiency Analysis of Single Antecedent Variables

The data were calibrated using the Calibrate function in the fsQCA 3.0 software [51].
The first analysis regarding the necessity and sufficiency of the antecedent conditions
for each variable revealed that the consistency of all the variables involved in this study
was less than 0.9 [50]. Therefore, each antecedent condition did not meet the criterion for
the necessary condition. As shown in Table 5, the highest consistency for the condition
variables was 0.804, which does not meet the criterion of the absolutely necessary condition
of 0.9 (i.e., no indicator was a necessary condition for spillover effects). Therefore, we
combined multiple antecedent variables to analyze the sufficient conditions for realizing
the spillover effect of the digital economy on agricultural labor [55,56].

Table 5. Sufficient and Necessary Analysis of Antecedent Variables.

Variables Consistency Coverage

SE (value = 1) 0.718 0.861
~SE (value = 0) 0.527 0.628
CE (value = 1) 0.803 0.850

~CE (value = 0) 0.459 0.631
AE (value = 1) 0.748 0.841

~AE (value = 0) 0.520 0.665
STE (value = 1) 0.776 0.861

~STE (value = 0) 0.498 0.646
FE (value = 1) 0.804 0.868

~FE (value = 0) 0.482 0.646
SYE (value = 1) 0.715 0.881

~SYE (value = 0) 0.533 0.619
SE, substitution effect; CE, complementary effect; AE, accumulative effect; STE, structure effect; FE, flywheel
effect; SYE, synergistic effect.

4.6. fsQCA Conditional Combination Analysis

To explore the relationship between the influence of combined paths on the adequacy
of the results, we set the case frequency threshold at 14, retaining more than 90% of the total
number of cases. The original consistency acceptable minimum threshold was set as 0.8 for
path standardization analysis, and the PRI consistency was greater than 0.5, resulting in
complex, streamlined, and intermediate solutions. In this study, considering the reasonable
evidence for the moderate complexity of the results, an intermediate solution was selected
to explain the outcome variables, and the intermediate solution model was constructed.
The streamlined and intermediate solutions in the standardized analysis results were
combined to obtain the antecedent variable configurations. The final configuration results
are detailed in Table 6. In the table, • or ◦ indicates that the condition exists, ø or * indicates
that the condition does not exist, “ blank“ indicates that the condition has both existence
and non-existence possibilities in the configuration, ◦ or * indicates the core condition,
• or ø indicates the auxiliary condition, “*” indicates the “and” logical operation, and
“~” indicates the “not” logical operation. Predecessor configurations with the same core
condition were classified into one category, and, as a result, eight predecessor configuration
patterns were found to trigger the employment effect. With an overall coverage of 0.890 and
an overall consistency of 0.719, this model was found to have a good explanatory effect. All
eight models were divided into two types: on the one hand, the core variable that existed
in four models determined them as “structural”; on the other hand, the core variable that
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existed in the other four models determined them as “complementary”. Therefore, the
effect of the digital economy on agricultural labor force employment can be divided into
complementary and structural effects.

Table 6. Antecedent variable structure of effects of the digital economy on agricultural labor
force employment.

P1 P2 P3 P4 P5 P6 P7 P8

Substitution effect ø ◦ ø ø ø ◦ ◦ ø
Complementary effect ◦ ◦ ø ◦ ◦ ◦ ◦

Accumulative effect ◦ ø ◦ ◦ ◦ ø ◦

Structure effect ◦ ◦ ◦ ◦ ø ø
Flywheel effect ◦ • ◦ ø ø

Synergistic effect ø ø ø • ø ø
Consistency 0.945 0.955 0.921 0.919 0.919 0.966 0.934 0.922

Raw coverage 0.337 0.513 0.241 0.240 0.247 0.464 0.208 0.207
Unique coverage 0.034 0.057 0.020 0.009 0.009 0.035 0.010 0.008

Solution consistency 0.719
Solution coverage 0.890

4.6.1. Structural Efficiency Model

The core variable present in the structural efficiency model is the structural effect. The
predecessor configuration of pattern one is mainly “~SE, AE, STE, FE” (where “~” indicates
the logical operation “not”). AE, STE, and FE are all core variables, while SE is an auxiliary
variable with a consistency of 0.945, original coverage of 0.337, and unique coverage of
0.034. In this pattern, the substitution, agglomeration, structural, and flywheel effects are
weak. The spillover effect of the digital economy on agricultural labor employment is
triggered under the condition that these effects are strong. The predecessor configuration
of pattern two is mainly “SE, CE, STE, FE”, where SE, CE, and STE are core variables
and FE is an auxiliary variable, with a consistency of 0.955, original coverage of 0.513,
and unique coverage of 0.057. Here, the substitution effect, complementary effect, and
structural effect are strong, while the flywheel effect is weak. The condition of the weakened
flywheel effect triggers the spillover effect of the digital economy on agricultural labor.
The predecessor configuration of pattern three is “~SE, CE, ~AE, STE, SYE”, where CE,
STE, and SYE are all core variables, while SE and AE are auxiliary variables. This pattern
has a consistency of 0.921, original coverage of 0.241, unique coverage of 0.020, strong
complementary and structural effects, and weak substitution, agglomeration, and synergy
effects. These conditions trigger the spillover effect of the digital economy on agricultural
labor. The predecessor configuration of pattern four is “~SE, ~CE, AE, STE, SYE”, where
AE and STE are core variables, while SE, CE, and SYE are auxiliary variables. This pattern
obtained a consistency of 0.919, original coverage of 0.240, and unique coverage of 0.009.
The conditions of weak substitution, complementary, and synergistic effects, and strong
agglomeration and structural effects trigger the spillover effect of the digital economy on
agricultural labor.

4.6.2. Complementary Performance Model

The core variables that exist in the complementary efficiency models are complemen-
tary effects. The predecessor configuration of pattern five is “~SE, CE, AE, FE, ~SYE”,
where CE, AE, and FE are the core variables, while SE and SYE are auxiliary variables.
Here, the consistency is 0.919, the original coverage is 0.247, and the unique coverage is
0.009. The spillover effect of the digital economy on agricultural labor will be triggered
when the substitution and synergy effects are weak and the complementary, agglomeration
and flywheel effects are strong. The predecessor configuration of pattern six is “SE, CE,
AE, FE, ~SYE”, where SE, CE, AE, and FE are all core variables and SYE is an auxiliary
variable, with a consistency of 0.966, original coverage of 0.464, and unique coverage of
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0.035. Here, if the first four effects are all strong, the condition of a weakened synergy effect
will trigger the spillover effect of the digital economy on agricultural labor. The predecessor
configuration of pattern seven is “SE, CE, ~AE, ~STE, ~FE, ~SYE”, where SE and CE are
core variables, while AE, STE, FE, and SYE are auxiliary variables. The consistency is 0.934,
the original coverage is 0.208, and the unique coverage is 0.010. The spillover effect of
the digital economy on agricultural labor will be triggered under the conditions of strong
substitution and complementary effects and weak agglomeration, structural, flywheel, and
synergistic effects. The predecessor configuration of pattern eight is “~SE, CE, AE, ~STE,
~FE, ~SYE”, where CE and AE are core variables, and SE, STE, FE, and SYE are auxiliary
variables. The consistency is 0.922, the original coverage is 0.207, and the unique coverage
is 0.008. The spillover effect of the digital economy on agricultural labor will be triggered
when there are strongly complementary and agglomeration effects and weak substitution,
structural, flywheel, and synergistic effects.

5. Discussion

The purpose of this study was to examine the effects of the digital economy on
agricultural labor force employment and the associated intrinsic relationships using survey
data derived from the agricultural labor force. In this line, we aimed to use a qualitative
approach to investigate the combination path of spillover effects.

Our results indicated that the substitution effect has a significant positive effect on
the flywheel effect, which suggests that the substitution effect of the digital economy on
agricultural labor enhances digital development. This supports the work of Rubery and
Grimshaw [57], who stated that the impact of the digital economy on agricultural labor
force employment is a gradual development process. The complementary effect also had
a significantly positive impact on the flywheel effect. This means that the more new jobs
created by the digital economy related to the traditional labor force, the more beneficial it is
to accelerate the process of the digital economy in the agricultural labor market. This is
consistent with the findings of Bauernshuster [58].

The flywheel effect had a significant positive effect on the structure effect, which is due
to the gradual polarization of the employment structure with the development of the digital
economy. The flywheel effect also had a significant positive effect on the agglomeration
effect, which indicates that the gradual development of the digital economy is more inclined
to promote the aggregated flow of agricultural organizations and agricultural industrialized
service collectives. The flywheel effect had a significant positive impact on the synergy
effect, indicating that the stronger the breadth and depth of participation of the agricultural
labor workforce in digital life, the more likely it is that the labor force is stimulated to
participate in the innovation dynamics of the supply side of digital development.

The agglomeration effect had a significant positive impact on the structural, synergis-
tic, and spillover effects. This represents the agglomeration of agricultural organizations or
digital technologies in a certain region, which attracts the agglomeration of rural agriculture
and other industries and is conducive to promoting vertical and horizontal collaboration
between industries, accelerating the structural upgrading of agricultural labor, and improv-
ing resource utilization. This improves the efficiency and quality of agricultural labor and
coordinates balanced development. This is supported by Fornell [59], who has stated that
the cost and technology advantages brought by economies of scale and scope are conducive
to promoting the transformation of agricultural production from manual to automated and
accelerating intra-regional spatial radiation.

Both structural and synergistic effects had a significant positive impact on the spillover
effect. This shows that higher labor efficiency and work skills lead to higher proficiency
in mastering the operational methods and usage skills of relevant digital tools, as well as
participation in digital socialization and digital production, which drives the digital literacy
of the labor force.

To further analyze the combinatorial relationships among the employment effects,
we used the fsQCA method to analyze the combinations of configurations of the impact
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on the spillover effect among the employment effects. The outcomes were as follows: the
first model type was the complementary effect models, including four combinations of
configurations: “~SE, CE, AE, FE, ~SYE”, “SE, CE, AE, FE, ~SYE”, “SE, CE, ~AE, ~STE,
~FE, ~SYE”, and “~SE, CE, AE, ~STE, ~FE, ~SYE” The other type was the structural effect
models, also including four configuration combinations, “~SE, AE, STE, FE”, “SE, CE, STE,
FE”, “~SE, CE, ~AE, STE, SYE “, and “~SE, ~CE, AE, STE, SYE”. These models trigger
the spillover effect of the digital economy on agricultural labor when their respective
combination conditions are met.

6. Conclusions

We conducted a field questionnaire survey of 1098 agricultural laborers from 122 coun-
ties (cities and districts) of 16 cities in Shandong Province, China. Based on the constructed
theoretical framework, the SEM method was first applied to explore the relationship be-
tween the seven types of effects generated by the digital economy and the employment
of agricultural laborers. Then, the fsQCA method was used to verify the combination
paths between the employment effects. The analysis results indicated that there were
two model types (complementary and structural) that can trigger employment spillover
effects on agricultural labor, with a total of eight configurations. The results of this study
indicated that the impacts of the digital economy on the employment of agricultural labor
are multidimensional and complex. Therefore, we should choose effective and feasible
combination paths as much as possible to exploit the spatial spillover effects of the digital
economy. In this context, optimizing the construction of digital facilities and improving
the digitalization level of farmers will help promote the structural transformation of the
agricultural labor force and form a new model for the coordinated development of regional
digital agriculture.

Although our study provides insights into facilitating agricultural labor market adjust-
ment by improving digital technology transfer in agriculture, there are several limitations.
First, we focused on the impact of the digital economy on agricultural labor employment.
Therefore, it is not possible to predict the future impact of technology on agricultural
systems and counterintuitive or adverse effects are possible in the long run. In the future, if
conditions permit, long-term observation and data collection should be conducted. Sec-
ond, the impact of different digital technology innovation routes on agricultural systems
(responsible technological innovation, poly-innovation, and micro-innovation) deserves a
more in-depth study, the potential contributions of different actors and the possible dangers
they face require some steps to be taken to address them [60]. Third, stakeholders are more
likely to conduct evidence-based assessments after introducing new technologies to the
market; however, there are limited opportunities to correct technology trajectories [60,61].

There are also methodological limitations in our study. (1) We mainly studied seven
effects; however, there may be other effects that come into play. (2) We use only one-time
survey data. In the future (if conditions permit), we hope to increase the time period
and the number of times we obtain data, to ensure the scientific validity and accuracy
of the results. (3) We only analyze the intrinsic relationships between the effects of the
digital economy on agricultural labor employment, whereas future studies could further
analyze the effects and influencing factors of the digital economy on rural development
and agricultural financing. (4) There are methodological limitations to our study: even
better SEM models can have low-order formation problems and tend to ignore important
variables. Therefore, we may choose to replace the used models with others or combine
dynamic panel data with QCA in future studies to further investigate the relationship
between the condition configurations and time.

Based on the empirical analysis presented above, we suggest the following policy
recommendations to help the transition of digital technology in agriculture.

First, the digital economy should be vigorously developed. Traditional agriculture
should actively embrace internet platforms and realize the integrated development of
digital technology and agricultural production with the help of the new driving forces
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provided by the digital economy. Digital technology continuously improves the modern
agricultural industrial chain through the adjustment of the structure of the agricultural
labor force. Digital technology has promoted the digitalization of the agricultural labor
force, thus achieving improved agricultural production efficiency. More importantly, the
government should develop technologies tailored to the particular contexts and needs
of resource-poor actors to promote the coordinated development of digital technology
in all regions and cultivate new forces for sustainable rural development in an all-round
way [61].

Second, the government should give full play to the radiating and driving roles of the
digital economy and share the dividends of the digital economy. Integration of the digital
economy and regional agricultural green development does not occur in isolation but is
indirectly related to potential factors such as human capital and policy support. The digital
economy has promoted the flow of different agricultural labor and agricultural resources
in different regions. Therefore, we should take advantage of the digital economy’s ability
to create jobs, strengthen the linkage and integration of agricultural production between
neighboring regions, and release the capacity of spatial contributions to agricultural devel-
opment. In particular, rural areas should make full use of the spillover effect of the digital
economy and the comparative advantages between regions to form a new regional pattern
of economic development.

Third, the cultivation of digital literacy in the agricultural labor force should be vigor-
ously promoted. The guarantee of high-end intelligent talents and high-quality agricultural
labor force talents is an effective means for the promotion of agricultural development.
Therefore, it is necessary to strengthen the construction of digital matching mechanisms and
to increase investment in agricultural labor force education when formulating education
and consumption policies. The catalytic effect of the digital economy on the development
of the digital transformation of agriculture must be fully considered.
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