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Abstract

Under increasing land constraints and food security pressures, understanding the direction
of agricultural technological change is essential for improving land use efficiency. This
study investigates the regional disparities, distributional dynamics, and spatial conver-
gence of biased technological change in Chinese agriculture. Dagum Gini decomposition is
used to identify regional differences and their sources, kernel density estimation examines
distributional dynamics, and spatial econometric models test convergence patterns. The
results show that agricultural technological progress in China is predominantly biased
toward labor and capital, with labor–land bias being the strongest and continuously in-
creasing. This indicates a gradual shift from land-dependent growth toward more intensive
use of non-land inputs under farmland constraints. Regional disparities in technological
bias have widened over time, mainly driven by interregional differences and distributional
overlap. Kernel density analysis reveals dynamic but largely non-polarized evolution, sug-
gesting gradual adjustment rather than structural divergence. Although no σ-convergence
is observed, both absolute and conditional β-convergence exist, with faster convergence in
the labor–land dimension and under conditional settings. These findings imply that regions
tend to adapt to land constraints through differentiated technological pathways, resulting
in uneven improvements in land-related productivity. Overall, biased technological change
plays an important role in shaping land use efficiency under resource constraints. The
study provides evidence for understanding agricultural adaptation to land scarcity and
offers implications for sustainable agricultural development, farmland protection, and
long-term food security.

Keywords: biased technological change; land use efficiency; farmland constraints; regional
disparities; spatial convergence; food security

1. Introduction
Ensuring food security while protecting limited farmland resources has become one of

the most pressing challenges for sustainable agricultural development worldwide. Popula-
tion growth, urban expansion, ecological degradation, and climate change have intensified
pressure on agricultural land systems, making improvements in land use efficiency in-
creasingly critical [1]. Under these constraints, expanding cultivated land is no longer a
feasible long-term strategy for many countries. Instead, sustaining agricultural production
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increasingly depends on improving productivity within existing land resources. Conse-
quently, understanding how agricultural systems adapt to land constraints has become
central to discussions on farmland protection, sustainable intensification, and long-term
food security.

China provides a particularly important context for examining these issues. As the
world’s largest agricultural producer, China feeds nearly one-fifth of the global population
with less than 9% of the world’s arable land

1
. Despite remarkable growth in agricultural

output, Chinese agriculture faces increasing pressure from shrinking cultivated land, labor
outmigration driven by urbanization, ecological constraints, and rising production costs.
Meanwhile, strict farmland protection policies, such as the “1.8 billion mu red line”, have
further reduced the possibility of expanding cultivated land

2
. Under these circumstances,

sustaining agricultural growth increasingly relies on improving factor productivity and
optimizing production patterns rather than increasing land inputs. Therefore, understand-
ing how agricultural technology evolves under land constraints is crucial for improving
land-related productivity and maintaining food security.

Previous studies have extensively examined agricultural adaptation under resource
constraints, mainly focusing on technological efficiency, productivity change, agricultural
innovation, and land use performance [2–7]. Methods such as Data Envelopment Analysis
(DEA), Stochastic Frontier Analysis (SFA), Malmquist indices, and growth accounting
approaches have been widely used to evaluate agricultural technological progress and
efficiency dynamics [8–10]. Studies on land use efficiency similarly emphasize the im-
portance of infrastructure conditions, resource allocation, urbanization, and institutional
arrangements in shaping agricultural performance [7,11]. International evidence further
suggests that differences in resource endowments often induce heterogeneous technological
pathways and unequal agricultural outcomes across regions [12,13].

Existing international research increasingly recognizes that agricultural technological
development is closely related to land scarcity and factor endowments. The induced
innovation perspective proposed by Ruttan and Hayami [12] suggests that differences
in land and labor constraints lead to distinct technological trajectories, with land-scarce
economies tending to develop land-saving technologies. Subsequent studies show that
mismatches between technological pathways and local resource conditions often reduce
agricultural efficiency and constrain sustainable growth [14–16]. These findings imply that
agricultural technological choices are not neutral but evolve alongside resource constraints
and changing factor scarcity. Similarly, directed technological change theory argues that
changes in relative factor scarcity alter innovation incentives and induce differentiated
technological pathways [17,18].

Although previous studies provide important insights, several limitations remain.
First, insufficient attention has been paid to the direction of agricultural technological
change under land constraints. Existing studies mainly evaluate agricultural development
through overall productivity growth or efficiency improvement, while relatively limited
attention has been devoted to whether increasing land scarcity reshapes technology direc-
tion choices in agriculture. Yet land constraints may alter relative factor productivity and
induce differentiated improvements in labor-, capital-, and land-related efficiency, thereby
influencing long-term agricultural adaptation pathways [17]. Existing studies on biased
technological change mainly focus on industrial sectors or economic growth and often
employ CES production functions, frontier methods, or factor income shares to identify
technological bias [8,9,19]. Applications in agriculture remain limited, especially when
land is incorporated explicitly as a constrained factor.

Second, limited attention has been given to regional heterogeneity in agricultural
technological bias under land constraints. Existing research has widely examined regional
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disparities in agricultural productivity, efficiency, and innovation [20]. However, relatively
few studies investigate whether technology direction choices differ across regions facing
heterogeneous land constraints and factor endowments, or how such differences evolve
over time. Given substantial regional variations in economic development, infrastructure
conditions, labor mobility, and resource scarcity, agricultural technological pathways are
unlikely to evolve uniformly [17,21].

Third, research on the spatio-temporal evolution of agricultural technological bias
under land constraints remains limited. Previous studies commonly apply inequality
decomposition or convergence analysis to agricultural productivity and efficiency, but
these methods are often used separately and focus on overall technological levels. For
example, Theil indices and conventional Gini coefficients are frequently used to measure
regional inequality [22], while σ-convergence and β-convergence models are employed to
examine convergence in technological innovation or efficiency [22,23]. In the context of
agricultural technological bias, relatively little attention has been paid to simultaneously
examining regional disparities, dynamic distributional evolution, and spatial convergence
within a unified analytical framework. As a result, understanding of the long-term evolu-
tion of agricultural technology direction choices and associated land-related productivity
remains incomplete.

These gaps are particularly important in China, where substantial regional differences
in resource endowments coexist with increasing farmland pressure and rapid structural
transformation. Against this background, several questions remain unresolved. Do agri-
cultural technology direction choices exhibit significant regional heterogeneity under land
constraints? How have such differences evolved over time? Do they persist, or gradually
converge? More importantly, what do these processes reveal about long-term agricultural
adaptation and land-related productivity under food security pressure?

To address these questions, this study investigates the regional disparities, distri-
butional dynamics, and spatial convergence of biased technological change in Chinese
agriculture under land constraints. Specifically, a multi-factor CES production framework
incorporating land, labor, and capital is employed to characterize agricultural technological
bias [24]. Dagum Gini coefficient decomposition is used to identify regional disparities and
their sources [22]; kernel density estimation is applied to reveal dynamic distributional
evolution [25]; and spatial convergence models are constructed to examine long-term
convergence patterns [23].

Compared with existing studies, this paper contributes in three aspects. First, this
study shifts attention from the level of agricultural technological progress to the direction
of technological change under land constraints. Existing studies mainly evaluate agricul-
tural development through productivity growth, efficiency improvement, or innovation
performance, while relatively little attention has been paid to how increasing land scarcity
and farmland protection pressures reshape technology direction choices in agriculture. By
explicitly incorporating land into a multi-factor framework of biased technological change,
this study captures differentiated changes in capital-, labor-, and land-related productivity,
thereby providing a new perspective for understanding how agricultural systems improve
land use efficiency and adapt to constrained farmland resources.

Second, this study extends the analysis of agricultural technological change from static
evaluation to the spatio-temporal evolution of technological bias. Rather than treating
biased technological change as a fixed characteristic, this paper examines whether technol-
ogy direction choices exhibit persistent regional heterogeneity under land constraints, how
these differences evolve over time, and whether they eventually converge. This perspective
helps explain long-term regional differences in land-related productivity and reveals how
agricultural systems adapt to heterogeneous resource endowments and farmland scarcity.
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Third, this study develops an integrated analytical framework linking the measure-
ment of biased technological change with regional disparity decomposition, distributional
dynamics, and spatial convergence. Specifically, a multi-factor CES production framework,
Dagum Gini decomposition, kernel density estimation, and dynamic spatial convergence
models are combined to trace the complete evolution process of agricultural technological
bias—from differentiated factor efficiency changes to regional disparities and long-term
convergence patterns. Compared with previous studies that typically examine these di-
mensions separately, this framework provides a more systematic understanding of how
technology direction choices shape the spatial evolution of land-related productivity under
resource constraints.

Although the empirical analysis focuses on China, the findings have broader implica-
tions for countries facing similar challenges of farmland scarcity, labor reallocation, and
agricultural transformation. As one of the world’s largest agricultural producers operating
under severe land constraints, China offers a representative case for understanding how
agricultural systems maintain food security through differentiated technological pathways
rather than farmland expansion.

2. Theoretical Analysis and Research Hypotheses
2.1. Land Constraints, Relative Factor Scarcity, and Biased Technological Change

Land is a fundamental input in agricultural production and a critical basis for en-
suring food security. Under rapid urbanization, ecological protection requirements, and
increasingly stringent farmland protection policies, cultivated land resources in China
have become progressively constrained [26–28]. As opportunities for farmland expansion
diminish, agricultural output growth increasingly depends on improvements in factor
productivity rather than increases in cultivated land area.

According to directed technological change theory, technological progress is not neu-
tral but responds to changes in relative factor scarcity and market incentives [17,18]. When
land becomes relatively scarce or labor costs increase, agricultural production tends to
adjust through changes in factor efficiency and relative marginal productivity. Such ad-
justments may induce technological progress to become biased toward specific production
factors, thereby generating biased technological change [29].

Unlike neutral technological progress, biased technological change reflects differen-
tiated improvements in the productivity of various production factors [30]. Therefore,
the direction of technological change can be understood as the relative evolution of capi-
tal, labor, and land efficiency. Under increasing land constraints, technological progress
is expected to become more biased toward non-land factors or toward improving land
productivity through complementary inputs.

Hypothesis 1 (H1). Under increasing land constraints, agricultural technological progress in
China exhibits significant factor-biased characteristics, reflected in differentiated improvements in
factor efficiency and relative marginal productivity.

2.2. Regional Heterogeneity and Dynamic Evolution of Technological Bias

The direction of technological progress is closely associated with factor endowments,
economic development levels, infrastructure conditions, and institutional
environments [31–33]. Since these determinants differ substantially across regions, the
evolution of factor efficiency and technological bias is unlikely to be homogeneous.

Compared with central and western China, eastern regions generally possess stronger
capital accumulation capacity, higher innovation capability, and better agricultural infras-
tructure. These conditions facilitate differentiated improvements in factor productivity and
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may induce technological progress to evolve toward distinct directions [34]. By contrast, re-
gions constrained by limited capital access or technological adoption may exhibit different
patterns of technological bias.

Therefore, differences in regional factor endowments and development conditions
are expected to generate persistent disparities in technological bias. Over time, changes in
resource allocation and factor mobility may further reshape these differences, resulting in
dynamic evolution in the distribution of technological bias.

Because technological bias fundamentally reflects differences in factor efficiency
growth, regional disparities in biased technological change also imply heterogeneous
adjustments in land-related productivity under resource constraints.

Hypothesis 2 (H2). Significant regional disparities exist in agricultural technological progress
bias, and these disparities evolve dynamically over time due to differences in factor endowments and
development conditions.

2.3. Spatial Interaction and Convergence of Biased Technological Change

Technological progress exhibits spatial dependence through channels such as knowl-
edge spillovers, labor mobility, capital flows, and policy diffusion [35,36]. Increasing
interactions across regions may facilitate the diffusion of agricultural technologies and
gradually narrow differences in factor productivity.

Regions with lower levels of technological bias may improve relative factor efficiency
by learning from more developed regions or adopting similar technological pathways [37].
Consequently, disparities in technological bias may diminish over time, leading to conver-
gence in technology direction.

However, because structural conditions such as economic development, infrastructure,
and industrial structure vary across regions, convergence is unlikely to occur toward a
single uniform equilibrium [37]. Instead, technological bias is more likely to converge
toward region-specific steady states.

Furthermore, convergence in technological bias implies gradual adjustment in regional
differences in factor productivity, including productivity associated with land inputs.
Spatial convergence therefore reflects not only similarity in technology direction but also
long-term adaptation of agricultural production patterns under land constraints.

Hypothesis 3 (H3). Agricultural technological progress bias exhibits spatial convergence charac-
teristics, although convergence speeds differ according to local structural conditions.

2.4. Theoretical Framework

The above analysis suggests that under land constraints, agricultural technological
progress should be understood as a dynamic process driven by changes in relative factor
scarcity and factor productivity. As cultivated land becomes increasingly constrained and
labor mobility reshapes agricultural factor endowments, adjustments in relative factor
prices and resource allocation lead to differentiated improvements in capital, labor, and
land efficiency [18,38]. Such differentiated changes in factor efficiency are reflected in
technological bias.

Because regions differ substantially in economic development, infrastructure condi-
tions, and institutional environments, the direction and magnitude of technological bias are
expected to exhibit regional heterogeneity and dynamic evolution [39]. At the same time,
spatial interactions—including technology diffusion and factor mobility—may gradually
reduce differences in technological bias and generate convergence patterns.

Therefore, this study argues that regional disparities, distributional dynamics, and
spatial convergence in agricultural technological bias are fundamentally linked to long-
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term adjustments in relative factor productivity under land constraints. Examining these
processes helps to reveal how agricultural production adapts to resource scarcity and
provides new insights into balancing agricultural development and food security.

Based on the above theoretical analysis and hypotheses, Figure 1 illustrates the concep-
tual framework linking land constraints, factor efficiency adjustment, biased technological
change, and the resulting regional disparities and spatial convergence patterns.

Figure 1. Theoretical framework of biased technological change under land constraints.
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3. Research Methods and Data Sources
3.1. Measuring the Direction of Technological Change
3.1.1. Baseline Model for Measuring Technological Direction

To jointly capture both neutral and biased technological change, this paper specifies a
general factor-augmenting production function in which capital, labor, and land are each
augmented by factor-specific technologies. Let ΓK

t , ΓL
t and ΓC

t denote the efficiency levels
of capital, labor, and land, respectively.

The responsiveness of the ratio of marginal products between any two factors i and j
with respect to their relative efficiency can be expressed as

Mar′ij =
∂Marij

∂
(

Γi
t /Γ

j
t

) ·
d
(

Γi
t /Γ

j
t

)
dt

(1)

where the corresponding term captures the extent to which technological change alters the
relative marginal productivity of the two factors. Since biased technological change affects
factor efficiencies and marginal products asymmetrically, the bias index is defined as

Biasij
t =

Mar′ij
Marij

=
1

Marij
·

∂Marij

∂
(

Γi
t /Γ

j
t

) ·
d
(

Γi
t /Γ

j
t

)
dt

(2)

where Bias measures the direction of technological change. A positive value indicates
capital-biased technological change, a negative value indicates labor-biased technological
change, and a value of zero corresponds to neutral technological change.

However, because fluctuations in factor efficiency may lead to frequent sign changes in
the Bias index—thereby hindering clear interpretation and failing to capture the intensity of
technological bias—this study adopts the cumulative value of the bias index to characterize
both the direction and magnitude of technological change. Following existing literature [21],
1979 is used as the base year, and the ratio of marginal products is normalized to unity. The
cumulative measure of technological direction is then defined as

Bij
t = 1 ×

(
1 + Biasij

1979

)
× · · · ×

(
1 + Biasij

t−1

)(
1 + Biasij

t

)
(3)

To estimate the direction and magnitude of biased technological change across Chinese
provinces, this paper further extends the two-factor CES production function proposed by
Le’on-Ledesma, McAdam and Willman [24]. Given the essential role of land in agricultural
production, we augment the standard framework by incorporating land as a third input,
thereby constructing a three-factor CES production function that includes capital, labor,
and land:

Yt = F(ΓK
t Kt, ΓL

t Lt, ΓC
t Ct) = [(ΓK

t Kt)
σ−1

σ + (ΓL
t Lt)

σ−1
σ + (ΓC

t Ct)
σ−1

σ ]

σ
σ−1

(4)

where t denotes time, while Y, K, L, and C represent output, capital input, labor input,
and land input, respectively. The parameter σ denotes the elasticity of substitution; when
σ = 1, the specification collapses to the Cobb–Douglas production function. When these
components are equal, i.e., ΓK

t = ΓL
t = ΓC

t , technological change is Hicks-neutral, implying
no factor bias. When they differ, the framework accommodates various forms of biased
technological change, thereby providing a flexible and general specification.
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To ensure comparability and eliminate scale inconsistencies, the CES production
function is standardized following a common normalization point [24]. The standardized
three-factor CES production function can be expressed as

3

Yt = Y0

α

(
ΓK

t Kt

ΓK
0 K0

) σ−1
σ

+ β

(
ΓL

t Lt

ΓL
0 L0

) σ−1
σ

+ γ

(
ΓC

t Ct

ΓC
0 C0

) σ−1
σ


σ

σ−1

(5)

where subscript 0 denotes the benchmark point. The parameters α, β and γ represent the
income shares of capital, labor, and land at the benchmark, satisfying α + β + γ = 1.

To address the identification problem whereby the elasticity of substitution and the
direction of technological bias cannot be simultaneously identified, we assume that factor-
augmenting technological change follows an exponential growth process:

Γi
t,t0

= Γi
0egi(t,t0) (6)

Taking logarithms and differentiating with respect to time yields the growth rate of
factor efficiency:

.
Γ

i
t

Γi
t
=

∂Γi
t /∂t
Γi

t
=

∂(Γi
0egi(t,t0))/∂t

Γi
t

=
∂gi
∂t

=
.
gi(t, t0), i = K, L, C (7)

The parameter gi(t, t0) serves a dual role: it governs both the level and the growth rate
of factor-augmenting technological change. Substituting Equations (5)–(7) into Equation (2)
yields the index of technological direction:

Biast =

BiasKL
t

BiasKC
t

BiasLC
t

 =

(
σ − 1

σ

)1 −1 0
1 0 −1
0 1 −1

[ .
Γ

K
t

ΓK
t

.
Γ

L
t

ΓL
t

.
Γ

C
t

ΓC
t

]′
(8)

Finally, this index is accumulated according to Equation (3) to obtain a measure that
captures both the direction and magnitude of biased technological change.

3.1.2. Parameter Estimation

We estimate the model using a normalized supply-side system, which integrates the
standardized CES production function with the first-order conditions of profit maximiza-
tion. This framework yields a system of four equations, consisting of three factor demand
equations (for capital, labor, and land) and the production function itself.

The growth rate of factor-augmenting technological change is specified using a Box–
Cox functional form:

gi(t, t0) = εit0λ−1
i [(

t
t0
)

λi
− 1], i = K, L, C (9)

where the parameter εi governs the direction and magnitude of factor-augmenting techno-
logical change, and λi captures the curvature of the technology, thereby determining the
dynamic evolution of the growth rate.

Following standard practice, the normalization point is defined using sample averages.
Specifically, the normalization incorporates a scale parameter ξ and sets the benchmark
values of capital, labor, and land based on their sample geometric means, while output is
normalized using its arithmetic mean.
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We assume an imperfectly competitive market structure characterized by a constant
markup. Based on the first-order conditions, the normalized supply-side system under
imperfect competition can be written as

4



ln rt = ln( α
1+µ

ξY
K
) + 1

σ ln(Yt/ξY
Kt/K

) + σ−1
σ εKtλ−1

K [( t
t )

λK − 1]

ln wt = ln( β
1+µ

ξY
L
) + 1

σ ln(Yt/ξY
Lt/L

) + σ−1
σ εLtλ−1

L [( t
t )

λL − 1]

ln et = ln( γ
1+µ

ξY
C
) + 1

σ ln(Yt/ξY
Ct/C

) + σ−1
σ εCtλ−1

C [( t
t )

λC − 1]

ln Yt
ξY

= σ
σ−1 ln

 α
(

Kt
K

eεK tλ−1
K ((t/t)λK−1)

) σ−1
σ

+ β
(

Lt
L

eεLtλ−1
L ((t/t)λL−1)

) σ−1
σ

+Γ
(

Ct
C

eεCtλ−1
C ((t/t)λC−1)

) σ−1
σ


(10)

Given that the three-factor CES framework results in a system of four nonlinear equa-
tions, we employ the nonlinear seemingly unrelated regression (NLSUR) method for esti-
mation. This approach effectively accounts for potential cross-equation error correlations
and improves estimation efficiency. The initialization of parameters and the identification
of the global optimum follow the procedures outlined in León-Ledesma et al. [40]. For the
key parameter—the elasticity of substitution σ—we implement a grid search over multiple
initial values and select the preferred estimate based on the log-determinant (Log-Det)
criterion and global optimization performance.

3.2. Dagum Gini Coefficient and Decomposition

To quantify regional disparities in the direction of agricultural technological change
and identify their sources, this paper adopts the Dagum Gini decomposition framework.
This approach explicitly accounts for the spatial distribution of observations and effectively
addresses issues related to cross-group overlap and the decomposition of inequality sources.

The overall Gini coefficient G is computed as

G =
k

∑
j=1

k

∑
h=1

nj

∑
i=1

nh

∑
r=1

∣∣yji − yhr
∣∣/2n2µ µh ≤ · · · µj · · · ≤ · · · ≤ µk (11)

where k denotes the number of regions and n the total number of provinces. Let nj and
nh represent the number of provinces in regions j and h, respectively. Denote by yji the
level of agricultural biased technological progress in province i within region j. The overall
mean is given by µ, while µj denotes the regional mean for region j. Regions are ordered
according to their mean levels of biased technological progress.

The within-region Gini coefficient Gjj and the between-region Gini coefficient Gjh are
given by

Gjj =

1
2µj

nj

∑
i=1

nj

∑
r=1

∣∣yji − yjr
∣∣

n2
j

Gjh =
nj

∑
i=1

nh
∑

r=1

∣∣yji − yhr
∣∣

njnh
(
µj + µh

)
(12)

Following Dagum’s decomposition, the overall Gini coefficient can be decomposed
into three components: the within-region inequality component (Gw), the net between-
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region inequality component (Gnb), and the transvariation (overlap) component (Gt), such
that: G = Gw + Gnb + Gt. These components are defined as

Gw =
k
∑

j=1
Gjj pjsj

Gnb =
k
∑

j=2

j−1
∑

h=1
Gjh
(

pjsh + phsj
)

Djh

Gt =
k
∑

j=2

j−1
∑

h=1
Gjh
(

pjsh + phsj
)(

1 − Djh

) (13)

where pj =
nj
n , sj =

njµj
nµ , djh denotes the expected difference in agricultural biased techno-

logical progress between regions j and h. The term Djh captures the degree of distributional
overlap (transvariation) between the two regions, defined as the expected value of pairwise
comparisons across regions. The functions Fj and Fh denote the cumulative distribution
functions of regions j and h, respectively, and reflect the extent of interaction and overlap
between regional distributions.

3.3. Kernel Density Estimation

Kernel density estimation (KDE) provides a nonparametric approach to estimating
the distribution of a random variable using a continuous density function. It captures key
distributional features, including location, shape, and dispersion, and is widely applied in
the analysis of spatial distribution dynamics and regional inequality. In this study, KDE
is employed to explore the temporal evolution of biased technological change under land
constraints, revealing whether regional differences in factor-related productivity tend to
widen, narrow, or exhibit polarization over time. In this study, it is employed to reveal how
regional differences in biased technological change under land constraints evolve and to
identify the main sources driving disparities in factor-related productivity across regions.

Formally, the kernel density estimator for a random variable X is defined as

f (x) =
1

Nh

N

∑
i=1

K
(

Xi − x
h

)
(14)

where N denotes the number of observations, Xi represents independently and identi-
cally distributed (i.i.d.) samples, h is the bandwidth parameter, and K(·) is the kernel
function. The kernel function serves as a smoothing function that assigns weights to ob-
servations. In this study, the Gaussian kernel is employed due to its desirable smoothness
properties. The choice of bandwidth h is critical, as it governs the trade-off between bias
and variance in the estimation: smaller bandwidths capture more local variation but may
introduce noise, whereas larger bandwidths produce smoother estimates at the cost of
potential oversmoothing.

The Gaussian kernel function is specified as

K(x) =
(

1/
√

2π
)

exp
(
−x2/2

)
(15)

3.4. Dynamic Spatial Convergence Models

Two standard approaches to convergence analysis are σ-convergence and β-convergence.
σ-convergence refers to a decline in the dispersion of a variable across regions over time. In
this study, σ-convergence is measured using the coefficient of variation as a standard indicator
of dispersion. It is employed to assess whether regional disparities in biased technological
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change tend to narrow over time, thereby indicating convergence in factor-related productivity
under land constraints.

σ =

√
nj

∑
i−1

(
Bij − Bij

)2/nj

Bij
(16)

where Bij denotes the level of agricultural biased technological progress in province i within
region j, and nj represents the number of provinces in region j.

From the perspective of regional coordination, the spatial interactions of agricultural
technological change in China extend beyond simple geographic dependence. In addition
to spatial agglomeration and dependence, they may also involve spatial competition and
spillover effects. To account for these features, this paper employs dynamic spatial panel
models to test for β-convergence.

We begin with an absolute β-convergence specification based on the Spatial Durbin
Model (SDM), which provides a general framework encompassing both spatial lag and
spatial error structures:

ln
(

Bi,t+1

Bi,t

)
= α + βln(Bi,t) + ρ

n

∑
j=1

Wijln

(
Bj,t+1

Bj,t

)
+ θ

n

∑
j=1

Wijln
(

Bj,t
)
+ µi + vt + εit (17)

To further account for heterogeneity in regional resource endowments and economic
characteristics, three dynamic spatial panel specifications are considered to examine condi-
tional β-convergence:

ln
(

Bi,t

Bi,t−1

)
= βln Bi,t−1 + ρ

n

∑
j=1

Wijln
(

Bi,t

Bi,t−1

)
+ γln Xit + ui + vt + εit (18)
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Bi,t−1

)
= βln Bi,t−1 + γln Xit + ui + vt + εit εit = λ

n

∑
j=1

Witεit + µit (19)

ln
(

Bi,t

Bi,t−1

)
= βln Bi,t−1 + γln Xit + ρ

n
∑

j=1
Wijln

(
Bi,t

Bi,t−1

)
+φ

n
∑

j=1
Wijln Bi,t−1 + η

n
∑

j=1
Wijln Xit + ui + vt + εit

(20)

In these models, ρ denotes the spatial lag coefficient, capturing spatial dependence in
the dependent variable, while λ represents the spatial error coefficient. µi and τt denote
region-specific and time-specific fixed effects, respectively, and εit is the idiosyncratic
error term.

The vector X includes a set of standard control variables, namely regional economic
development level, industrial structure, agricultural infrastructure, fiscal support for agri-
culture, and the urbanization rate.

The spatial weight matrix Wij defines the structure of spatial interactions. While
conventional approaches rely on either geographic or economic distance, each has limita-
tions when used in isolation. Therefore, following Zhou et al. [41], this study constructs
a geo-economic spatial weight matrix. Specifically, each weight is defined as the product
of the reciprocal of the highway distance between provincial capitals and the relative
economic size, measured as the ratio of per capita GDP in region i to the national aver-
age. This specification captures both geographic proximity and economic similarity in
spatial interactions.
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3.5. Data Sources and Variable Construction

The data used in this study are drawn from several authoritative sources, including
the China Statistical Yearbook, Historical Data of China’s GDP Accounting, publications of
the National Bureau of Statistics, and the Compilation of National Agricultural Product
Cost and Benefit Data. At the provincial level, Tibet is excluded due to substantial missing
data. In addition, Hainan and Chongqing are combined with Guangdong and Sichuan,
respectively, yielding a balanced panel of 28 provinces. Subject to data availability, the
sample period spans from 1978 to 2021. Missing observations are supplemented using
interpolation methods.

The construction of variables is detailed below.
Agricultural output: Agricultural output is measured using the income approach,

defined as gross agricultural output net of production taxes. Missing observations are
supplemented using proportional adjustments based on regional input-output tables. The
series is deflated using the value-added index of the primary industry to obtain real values.
Factor inputs: Capital input is proxied by agricultural capital stock, which is not directly
reported in official statistics and is therefore estimated using the perpetual inventory
method (PIM). The depreciation rate and related parameters follow Li [42], and the series is
deflated using the price index of agricultural production inputs. Labor input is measured
by the number of employed persons in the primary industry. Land input is proxied by total
sown area, which captures land use intensity by accounting for multiple cropping. Factor
prices: The price of capital is measured as the ratio of agricultural capital depreciation to
capital stock. Land rent is estimated using the average output value per unit of cultivated
land for major crops, following established approaches in the literature [43]. For missing
years, values are imputed based on the estimated relationship between output per unit
area and sown area. Labor income is calculated as the residual of agricultural output
after deducting capital and land income. Dividing labor income by labor input yields the
agricultural wage rate [44]. Control variables: The empirical analysis includes a set of
standard controls. Regional economic development is measured by real GDP per capita.
Industrial structure is proxied by the share of the primary sector in GDP. Agricultural
infrastructure is captured by the ratio of effectively irrigated area to total sown area. Fiscal
support for agriculture is measured as the share of government agricultural expenditure in
primary sector GDP. Finally, the urbanization rate is defined as the proportion of urban
residents in the total population.

Table 1 summarizes variable definitions, measurements, data sources, and process-
ing procedures. Data management, variable construction, and empirical analyses were
conducted using Stata 18.0. Specifically, the normalized CES supply-side system was
estimated using nonlinear seemingly unrelated regression (NLSUR) in Stata 18.0; Dagum
Gini decomposition and kernel density estimation were implemented through customized
procedures in MATLAB; and spatial econometric analyses, including spatial convergence
models, were estimated using the xsmle package in Stata 18. Figures and statistical outputs
were generated using Stata.
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Table 1. Variables, definitions, data sources, and processing methods.

Category Variable Measurement Data Source

Agricultural
output

Agricultural
output value

Agricultural GDP
excluding net
production taxes

China Statistical Yearbook;
Historical GDP Accounting
Data of China

Capital input Agricultural
capital stock

Estimated using
perpetual inventory
method

China Statistical Yearbook

Labor input Agricultural
labor

Employment in primary
industry National Bureau of Statistics

Land input Agricultural
land Crop sown area

Compilation of National
Agricultural Product Cost
and Benefit Data

Capital price Capital cost Depreciation/capital
stock Calculated

Labor price Labor cost Labor income/labor
input Calculated

Land price Land rent
Estimated from crop
output per unit
cultivated land

Calculated

Economic de-
velopment

GDP per
capita Real GDP per capita China Statistical Yearbook

Industrial
structure

Industrial
structure

Share of primary
industry in GDP China Statistical Yearbook

Agricultural
infrastruc-
ture

Irrigation
level

Effective irrigation
area/total sown area China Statistical Yearbook

Fiscal
support

Fiscal
support to
agriculture

Agricultural
expenditure/primary
industry GDP

China Statistical Yearbook

Urbanization Urbanization
rate

Urban population/total
population National Bureau of Statistics

To provide a clearer overview of the empirical design and analytical procedures,
Figure 2 illustrates the integrated framework of this study, including data integration, mea-
surement of biased technological change, regional disparity decomposition, distributional
dynamics, and spatial convergence analysis under land constraints.

Figure 2. Empirical framework for analyzing biased technological change under land constraints.
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4. Measurement Results and Regional Evolution of the Direction of
Technological Progress
4.1. Measurement Results

Figure 3 presents the evolution of agricultural technological progress bias in China
during the sample period. At the national level, technological progress is predominantly
labor-biased, indicating that technological change has contributed more to improving labor
productivity than other production factors. Specifically, the average capital–labor bias
index is 0.61 and exhibits a declining trend over time, suggesting an increasingly stronger
orientation toward labor-augmenting technological progress.

Overall Eastern Region

Central Region Western Region

Figure 3. Index of agricultural technological progress direction in China.

In contrast, the average indices of capital–land and labor–land technological bias are
1.16 and 1.58, respectively, indicating that technological progress increasingly favors capital
and labor relative to land. Both indices display a mild decline followed by a pronounced in-
crease, with a turning point around 1995. This pattern suggests that technological progress
in early periods was more closely associated with improving land productivity, whereas
subsequent development gradually shifted toward capital- and labor-augmenting path-
ways. Such changes imply that agricultural growth has increasingly relied on improving
non-land factor efficiency to sustain output growth under tightening farmland constraints,
reflecting a transition from land-dependent expansion to technology-driven intensification.

This transition may be closely related to institutional change and structural transforma-
tion in Chinese agriculture. During the early reform period, the Household Responsibility
System substantially improved production incentives and land allocation efficiency, thereby
enhancing land-related productivity. Similar findings have been reported in studies em-

https://doi.org/10.3390/land15061010

https://doi.org/10.3390/land15061010


Land 2026, 15, 1010 15 of 31

phasizing the role of institutional reform in improving agricultural efficiency and resource
allocation [42]. However, since the mid-1990s, rapid industrialization and urbanization
have accelerated rural labor migration and altered relative factor scarcity. Under increasing
labor shortages and stricter land constraints, agricultural production gradually shifted
toward capital substitution and labor-saving technologies, consistent with the induced
innovation theory suggesting that changes in factor scarcity reshape technology direc-
tion choices [12,17]. Meanwhile, the implementation of policies promoting agricultural
modernization, such as the “948 Program”, further encouraged capital accumulation and
technological upgrading in agriculture.

Another possible explanation relates to farmland protection and resource constraints.
The strengthening of cultivated land protection policies and limited opportunities for farm-
land expansion may have reduced the contribution of extensive land use to agricultural
growth. Consequently, improvements in agricultural productivity increasingly depended
on enhancing factor efficiency rather than increasing land inputs. This interpretation sup-
ports the argument that technological progress under land scarcity tends to favor pathways
capable of compensating for constrained land resources through capital deepening and
productivity enhancement.

At the regional level, substantial heterogeneity is observed. In eastern China, all
three bias indices exceed one, indicating a clear capital-oriented pattern of technological
progress. This finding is broadly consistent with previous studies showing that economi-
cally developed regions are more likely to attract advanced production factors and adopt
capital-intensive technologies [21]. Compared with central and western regions, the eastern
region possesses stronger infrastructure conditions, higher agricultural mechanization
levels, and greater innovation capacity, enabling more effective substitution of scarce land
resources with capital inputs. As a result, higher land-related productivity may be achieved
through technology direction choices favoring capital accumulation. This finding further
supports Hypothesis 2, which proposes that heterogeneous land constraints and factor
endowments induce differentiated regional pathways of technological progress.

4.2. Regional Disparities in the Direction of Agricultural Technological Progress and
Their Decomposition

As illustrated in Figure 4, the Gini coefficients of the three types of factor-biased
technological progress indices exhibit a persistent upward trend over the sample period,
indicating increasing regional divergence in the direction of agricultural technological
change. From a land-use perspective, this growing divergence suggests that regions have
adopted increasingly differentiated technological pathways to respond to heterogeneous
land constraints, potentially generating unequal improvements in land-related productivity
and agricultural performance.

Dynamic decomposition reveals that the sources of these disparities vary substantially
across different dimensions of technological bias. For the capital–labor bias index, interre-
gional differences gradually replace transvariation density as the dominant source after
2007. This shift implies that disparities in economic development, agricultural modern-
ization, and factor endowments have become increasingly important in shaping regional
technology direction choices. A possible explanation is the acceleration of regional im-
balance during China’s rapid industrialization and urbanization period, which widened
differences in capital accumulation, labor migration, and agricultural investment among
eastern, central, and western regions. Similar findings have been reported in studies show-
ing that regional heterogeneity in technological innovation tends to increase alongside
uneven economic development [8,21]. Meanwhile, steadily rising intraregional disparities
suggest that technological adoption has become increasingly uneven even within the same
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region, possibly reflecting differences in local infrastructure, mechanization levels, and
access to agricultural innovation.

Overall G Contribution of B_KL

Contribution of B_KC Contribution of B_LC
(a) Overall Differences and Contribution Values

Contribution Rate of B_KL Contribution Rate of B_KC Contribution Rate of B_LC
(b) Contribution Rates

Figure 4. Overall differences and sources of China’s agricultural technical progress bias index.

For the capital–land bias index, disparities evolve from expansion to relative stabiliza-
tion, with interregional differences remaining the dominant contributor throughout most
periods. This pattern highlights that the interaction between capital accumulation and land
constraints constitutes a major source of regional heterogeneity. Regions with stronger
capital investment capacity may improve agricultural output through mechanization and
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technology substitution, whereas land-constrained but capital-deficient regions may ex-
perience slower improvements in land-related productivity. Such findings are broadly
consistent with previous evidence that differences in resource endowments and factor
allocation significantly influence agricultural development trajectories [17,44]. Another
possible explanation lies in differences in regional farmland protection intensity and infras-
tructure conditions, which may alter the capacity of agricultural systems to substitute land
inputs through technological upgrading.

In contrast, transvariation density remains the dominant contributor to labor–land
bias disparities, suggesting substantial overlap and complex interactions across regions
in the adjustment of labor and land inputs. This may reflect the widespread effects of
rural labor migration and demographic transition, which have reshaped agricultural labor
availability nationwide. Unlike capital accumulation, labor outflow affects most regions
simultaneously but to varying degrees, generating overlapping yet differentiated patterns
of labor–land substitution.

Taken together, regional disparities are greatest for capital–land bias, followed by
capital–labor and labor–land bias. This finding suggests that capital–land interactions
constitute the most important source of heterogeneous agricultural adaptation under
land constraints. In other words, differences in capital accessibility and land resource
conditions largely determine how effectively regions improve land-related productivity
without expanding cultivated land. This result supports Hypothesis 1 and Hypothesis 2,
indicating that land scarcity and heterogeneous factor endowments induce differentiated
technology direction choices across regions. Although disparities associated with capital-
related biases exhibit partial convergence over time, labor–land disparities continue to
widen, implying increasing divergence in regional capacities to adjust labor allocation and
sustain agricultural production under constrained land resources.

4.3. Intraregional Disparities in the Direction of Agricultural Technological Progress

Figure 5 depicts the evolution of intraregional disparities in technological bias across
eastern, central, and western China. For the capital–labor bias index, both the eastern and
central regions exhibit sustained increases in intraregional disparities, with the eastern
region showing the fastest growth. This finding suggests that even within economically
developed regions, provinces differ substantially in their ability to adopt capital-intensive
technologies or improve labor productivity, resulting in uneven technological pathways.

B_KL Intra-Regional Differences B_KC Intra-Regional Differences B_LC Intra-Regional Differences

Figure 5. Intra-regional differences in China’s agricultural technical progress direction (Gini Coefficient).

The rapid expansion of intraregional disparities in the eastern region may be at-
tributed to uneven processes of agricultural modernization. Although eastern provinces
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generally possess stronger economic foundations and innovation capacity, differences
in industrialization levels, agricultural mechanization, urbanization, and factor mobility
remain substantial. Consequently, some provinces have achieved faster transitions toward
capital-intensive and technology-driven agriculture, whereas others continue to rely more
heavily on traditional production patterns. Similar evidence has been reported in studies on
regional technological innovation, which find that advanced regions often exhibit stronger
internal divergence because leading areas benefit disproportionately from technological
accumulation and resource concentration [21].

In contrast, the western region displays a fluctuating trajectory characterized by ex-
pansion followed by contraction, indicating greater instability in technological evolution.
One possible explanation is that western China has experienced alternating influences
from policy support and resource constraints. National development strategies, including
the Western Development Program and infrastructure investment, may have partially
reduced technological disparities by improving factor mobility and agricultural condi-
tions. However, persistent limitations in capital accumulation, human resources, and
agricultural infrastructure continue to constrain the diffusion of advanced technologies.
Similar fluctuation patterns are also observed for capital–land and labor–land bias indices,
suggesting that technological responses to land constraints remain relatively unstable in
less-developed regions.

From a spatial perspective, intraregional disparities in capital–labor bias decline
progressively from east to west, whereas labor–land disparities exhibit the opposite pattern.
These contrasting gradients imply that different regions rely on distinct pathways to adjust
agricultural production under heterogeneous resource constraints. In more developed
regions, technological choices are more closely associated with capital accumulation and
mechanization, while in less-developed regions, labor allocation and land utilization remain
more important determinants of technological evolution [45].

From the perspective of land use efficiency, increasing intraregional disparities indicate
that provinces within the same region have adopted increasingly differentiated strategies
to respond to farmland constraints. In eastern China, widening disparities may reflect
heterogeneous pathways toward intensive land use and agricultural modernization. By
contrast, in western regions, fluctuating disparities may indicate uneven capacities to
improve land-related productivity due to differences in infrastructure conditions, fiscal
support, and access to technological innovation. This finding supports Hypothesis 2,
suggesting that heterogeneous factor endowments and land constraints contribute to
differentiated regional patterns of technological bias.

4.4. Interregional Disparities in the Direction of Agricultural Technological Progress

Figure 6 presents the evolution of interregional disparities in agricultural technological
bias. For the capital–labor bias index, disparities between eastern and central China, as
well as between eastern and western China, continue to widen, with the east-central
gap becoming more pronounced after 2008. This pattern suggests increasing divergence
in technology direction choices, likely associated with uneven economic development,
labor mobility, and agricultural modernization across regions. Similar findings have been
reported in studies on regional technological heterogeneity in China [23].

For the capital–land and labor–land bias indices, disparities are largest between east-
ern and western regions, followed by central-western differences. This indicates that
differences in land resource conditions and capital availability remain important deter-
minants of regional technological pathways. Compared with western regions, eastern
provinces possess stronger infrastructure, higher mechanization levels, and better ac-
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cess to capital, enabling more effective substitution of constrained land inputs through
technological upgrading.

B_KL Inter-Regional Differences B_KC Inter-Regional Differences B_LC Inter-Regional Difference

Figure 6. Inter-regional differences in China’s agricultural technical progress bias (Gini Coefficient).

From a land-use perspective, these interregional disparities imply uneven improve-
ments in land-related productivity across regions. Regions with stronger capital accumula-
tion and innovation capacity tend to achieve higher land use efficiency, whereas regions
facing multiple resource constraints exhibit slower technological upgrading. This finding is
consistent with previous evidence that regional differences in factor endowments contribute
to unequal agricultural development trajectories [42,44].

Overall, the results indicate that spatial heterogeneity in factor endowments plays an
important role in shaping agricultural technology direction choices. Persistent east–west
disparities further suggest that regional differences in responding to land constraints remain
substantial, supporting Hypothesis 2 regarding heterogeneous technological pathways
under constrained resources.

4.5. Biased Technological Change and Land Use Efficiency

The empirical results indicate that biased technological change is closely associated
with differences in land-related productivity under increasing land constraints. Specifically,
the rising labor–land and capital–land bias indices suggest that agricultural growth increas-
ingly relies on improving non-land factor productivity rather than expanding cultivated
land. This pattern reflects a gradual transition from land-dependent growth toward more
intensive production.

At the same time, regional heterogeneity in technological bias implies uneven improve-
ments in land use efficiency. Regions with stronger capital accumulation and innovation
capacity—particularly eastern China—appear better able to improve agricultural output
under constrained land resources, whereas less-developed regions face slower gains due to
limitations in infrastructure, factor mobility, and technological adoption.

Although convergence results indicate partial catch-up over time, persistent regional
disparities suggest that improvements in land-related productivity remain uneven. Overall,
biased technological change is not neutral with respect to land use outcomes; instead, it
reflects differentiated pathways through which regions adapt agricultural production to
farmland constraints and food security pressures.
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5. Temporal Dynamics of Agricultural Technological Progress Bias
5.1. National Level

As shown in Figure 7, kernel density estimates reveal differentiated dynamic pat-
terns across the three bias indices, reflecting evolving technology direction choices under
changing factor constraints.

 
B_KL overall B_KC overall B_LC overall 

Figure 7. Distribution dynamics of technical progress directions at the national level.

In terms of distributional shifts, the capital–labor index moves slightly leftward,
indicating a gradual strengthening of labor-biased technological progress. The labor–land
index follows a decline-increase trajectory, suggesting a renewed intensification of labor-
related productivity relative to land, whereas the capital–land index remains relatively
stable. These patterns imply that agricultural growth increasingly depends on improving
non-land factor efficiency under tightening land constraints, which is broadly consistent
with studies emphasizing induced technological responses to changing factor scarcity [17].

Regarding dispersion, the peak of the capital–labor distribution rises modestly, while
the labor–land index shows a slight widening, indicating increasing differentiation in
regional technology direction choices. By contrast, the capital–land index exhibits initial
expansion followed by mild convergence, suggesting that disparities in capital–land adjust-
ment have partially narrowed over time. This may reflect gradual diffusion of agricultural
mechanization and infrastructure improvement across regions.

All three indices display right-skewed distributions with shortening tails, implying
that although provinces with stronger technological bias remain, interprovincial differ-
ences have moderately narrowed. Similar convergence tendencies have been observed in
studies on regional agricultural innovation and technological development [46]. Moreover,
the predominantly unimodal distributions suggest limited polarization, indicating that
technological evolution occurs through gradual adjustment rather than abrupt divergence.

Overall, national-level dynamics indicate partial convergence alongside persistent
heterogeneity. From a land-use perspective, this suggests that improvements in land-
related productivity increasingly rely on differentiated but gradually converging technology
pathways rather than expansion of cultivated land.

5.2. Regional Level

As shown in Figure 8, temporal dynamics at the regional level exhibit substantial
heterogeneity, reflecting differences in factor endowments, development stages, and agri-
cultural modernization across regions.
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Figure 8. Distribution dynamics of technical progress directions at the regional level.

In the eastern and central regions, most bias indices follow a decline-increase trajectory,
with particularly pronounced changes in labor–land bias. This pattern suggests renewed
adjustment toward labor-related productivity under increasing land constraints and struc-
tural transformation. By contrast, the western region shows relatively stable dynamics,
except for the capital–land index, which exhibits an increase-decrease pattern, indicating
slower and more constrained technological evolution. Such regional differences are consis-
tent with previous studies emphasizing heterogeneous technological development under
uneven economic conditions [21].

Distributional dispersion increases in the eastern and central regions, especially for
capital-related biases, implying widening differences in technology adoption and factor
substitution within regions. This may reflect unequal capacities to improve agricultural
productivity through mechanization and capital accumulation. In contrast, the western
region displays a rise followed by a decline in dispersion, suggesting partial conver-
gence in technological pathways, possibly associated with infrastructure improvement and
policy support.

Right-skewed distributions remain evident in the eastern and central regions, indi-
cating the persistence of provinces with stronger technological bias. The shortening tails
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observed in western China imply gradual narrowing of regional differences. Moreover, pre-
dominantly unimodal distributions suggest limited technological polarization, indicating
gradual adjustment rather than persistent divergence.

Overall, the results show that regions follow distinct technology direction choices
under heterogeneous resource constraints. From a land-use perspective, this implies that
improvements in land-related productivity remain spatially uneven, despite evidence of
partial convergence over time.

6. Convergence of Agricultural Technological Progress Bias in China
6.1. σ-Convergence

Figure 9 shows that, at the national level, the coefficient of variation for the capital–
labor and labor–land bias indices exhibits an overall upward trend, while the capital–land
index follows an increase-decrease pattern. This indicates that disparities in technological
bias have not consistently narrowed over time and that technology direction choices remain
differentiated across provinces.

Overall σ Convergence Eastern σ Convergence

Central σ Convergence Western σ Convergence

Figure 9. σ-convergence test of agricultural technical progress direction index at national and
regional levels.

Similar patterns are observed at the regional level. In eastern China, variation in
capital–labor and capital–land bias continues to increase, whereas labor–land bias remains
relatively stable but ends above its initial level. In the central region, all three indices
display fluctuating yet generally increasing trends. In western China, capital–land bias
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exhibits the highest variation with an increase-decline pattern, while the remaining indices
change more moderately. These differences likely reflect persistent heterogeneity in factor
endowments, agricultural modernization, and technology adoption across regions.

Overall, there is no clear evidence of σ-convergence at either the national or regional
level. This finding is consistent with the earlier Dagum Gini decomposition results, which
show persistent interregional and intraregional disparities. From a land-use perspective,
the absence of σ-convergence suggests that improvements in land-related productivity
have not occurred uniformly across regions, and structural differences in adapting to land
constraints remain substantial.

6.2. β-Convergence
6.2.1. Absolute B-Convergence

Based on the LM, LR, Wald, and Hausman tests, the estimation results (Table 2)
show that all β coefficients are significantly negative, indicating the presence of absolute
β-convergence in agricultural technological progress bias.

Table 2. Absolute β-convergence test of agricultural technical progress direction at the national and
regional levels.

Overall Eastern Central Western
Model KL_Sdm KC_Sar LC_Sar KL_Sem KC_Sem LC_Sem KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sdm

β −0.093 *** −0.074 *** −0.220 *** −0.031 ** −0.057 *** −0.184 *** −0.081 ** −0.149 *** −0.197 *** −0.072 ** −0.086 *** −0.246 ***
(0.012) (0.011) (0.017) (0.012) (0.016) (0.030) (0.036) (0.030) (0.032) (0.034) (0.021) (0.029)

ρ −0.251 *** −0.089 0.054 0.019 −0.438 *** −0.049 0.106 0.372 *** −0.640 ***
(0.095) (0.084) (0.087) (0.075) (0.086) (0.082) (0.082) (0.063) (0.133)

λ −0.280 *** −0.383 *** −0.089
(0.091) (0.085) (0.084)

φ −0.244 *** −0.011 −0.118 −0.119 −0.067 0.026 0.139
(0.067) (0.043) (0.082) (0.076) (0.053) (0.041) (0.138)

Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors; *** and ** indicate significance at the 1% and 5% levels, respectively.

This finding suggests that provinces with lower initial levels of technological bias tend
to catch up over time under similar conditions, consistent with the neoclassical convergence
hypothesis. However, convergence speeds vary considerably across regions and bias types.
The fastest convergence is observed for labor–land bias in western China, whereas the
slowest occurs for capital–labor bias in eastern China. Overall, convergence speeds follow
the order: labor–land > capital–land > capital–labor.

The relatively faster convergence in labor–land bias implies that adjustments associ-
ated with labor allocation and land utilization may diffuse more quickly across regions than
capital-related technological changes. Similar convergence patterns have been reported in
studies on regional technological development and agricultural efficiency [46]. By contrast,
slower convergence in capital-related bias suggests that differences in capital accumulation
and technological capacity remain persistent.

From a land-use perspective, these results indicate gradual convergence in land-related
productivity, although heterogeneous convergence speeds imply that regional disparities
in adapting to land constraints may continue over the long term.

6.2.2. Conditional B-Convergence

After controlling for structural factors—including economic development, industrial
structure, agricultural infrastructure, fiscal support, and urbanization (Table 3)—the β

coefficients remain significantly negative, and convergence speeds increase relative to the
absolute case. This indicates that technological bias converges toward region-specific steady
states when structural heterogeneity is considered.
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Table 3. Conditional β convergence test of technological progress directions.

Overall Eastern Central Western
Model KL_Sdm KC_Sdm LC_Sdm KL_Sem KC_Sem LC_Sdm KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sar

β −0.120 *** −0.107 *** −0.244 *** −0.053 *** −0.089 *** −0.295 *** −0.235 *** −0.208 *** −0.244 *** −0.213 *** −0.125 *** −0.307 ***
(0.013) (0.013) (0.017) (0.016) (0.019) (0.034) (0.039) (0.036) (0.036) (0.034) (0.025) (0.030)

ρ −0.249 *** −0.146 * 0.102 −0.146 −0.044 −0.478 *** −0.092 0.032 0.340 *** −0.629 ***
(0.095) (0.087) (0.087) (0.093) (0.077) (0.087) (0.084) (0.086) (0.066) (0.129)

λ −0.288 *** −0.380 ***
(0.091) (0.085)

φ −0.256 *** −0.203 *** 0.151 −0.182 −0.209 ** −0.215 * −0.196 ** −0.316 ***−0.091
(0.073) (0.068) (0.102) (0.123) (0.081) (0.112) (0.098) (0.097) (0.073)

PerGDP 0.337 *** 0.394 *** −0.062 0.211 0.409 * −0.013 −0.131 0.102 0.111 0.500 *** 0.404 ** 0.051
(0.095) (0.103) (0.065) (0.148) (0.215) (0.107) (0.288) (0.249) (0.169) (0.173) (0.199) (0.162)

Industrial
structure −0.081 * −0.036 0.132 *** −0.048 −0.046 0.158 *** −0.211 −0.019 0.206 ** −0.004 −0.009 0.445 ***

(0.044) (0.047) (0.031) (0.052) (0.069) (0.034) (0.151) (0.114) (0.080) (0.129) (0.150) (0.122)
Infras −0.117 * 0.024 0.094 ** 0.016 0.204 0.074 −0.043 0.145 0.009 −0.485 *** −0.223 0.274 **

(0.067) (0.072) (0.047) (0.096) (0.139) (0.067) (0.154) (0.131) (0.090) (0.161) (0.149) (0.117)
Fiscal 0.052 0.033 −0.080 *** 0.024 0.038 −0.085 ** 0.069 −0.006 −0.086 ** 0.127 ** 0.051 −0.135 ***

(0.034) (0.037) (0.024) (0.047) (0.065) (0.034) (0.068) (0.058) (0.040) (0.054) (0.063) (0.050)
Urban −0.199 *** −0.139 ** 0.034 −0.126 ** −0.158 * −0.003 −0.362 −0.278 −0.045 −0.143 0.092 −0.155

(0.059) (0.064) (0.041) (0.060) (0.084) (0.042) (0.265) (0.192) (0.129) (0.101) (0.124) (0.095)
Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
Obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.

The overall convergence pattern remains broadly unchanged, with labor–land bias
converging the fastest. Regionally, capital-related biases converge most rapidly in the
central region, followed by western and eastern China, whereas labor–land bias converges
fastest in the western region. This finding suggests that regions with relatively lower initial
levels of agricultural modernization may exhibit stronger catch-up effects in adjusting
technology direction choices, which is consistent with convergence theory.

Control variables show differentiated effects across regions. Economic development
promotes capital-related bias in some areas, while industrial structure generally enhances
labor–land bias. Agricultural infrastructure displays region-specific impacts, and fiscal
support tends to reduce labor–land bias while encouraging capital deepening in certain
regions. Urbanization negatively affects capital-related bias in eastern China. These results
imply that differences in development conditions and resource allocation continue to shape
regional technological pathways [47].

Overall, conditional convergence results highlight that structural factors influence
not only the speed of convergence but also the long-term equilibrium of technology di-
rection choices. From a land-use perspective, improvements in land-related productivity
appear to depend increasingly on regional development conditions rather than purely on
technological diffusion, emphasizing the importance of heterogeneous adaptation under
land constraints.

6.3. Robustness Checks

Due to the long sample period and limited availability of historical provincial data,
some variables (e.g., land rent) are measured using proxy estimates. Sensitivity analyses
based on alternative factor price definitions are difficult to implement because comparable
long-term data are unavailable. Therefore, to further examine model reliability, the baseline
geo-economic composite weight matrix is replaced with geographic and economic distance
matrices for robustness checks.

The results (Tables 4–7) show that the signs and significance levels of the β coefficients
remain broadly consistent with the benchmark estimates. Both absolute and conditional
β-convergence persist under alternative spatial weight matrices, indicating that the main
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conclusions regarding the spatial convergence of agricultural technological bias under land
constraints are robust.

Table 4. Absolute β-convergence results under the geographic distance weight matrix.

Overall Eastern Central Western
Model KL_Sdm KC_Sar LC_Sar KL_Sem KC_Sem LC_Sem KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sdm

β
−0.091
***

−0.074
***

−0.220
***

−0.031
**

−0.056
***

−0.187
***

−0.083
**

−0.161
***

−0.198
***

−0.072
**

−0.087
***

−0.247
***

(0.012) (0.011) (0.017) (0.012) (0.016) (0.030) (0.036) (0.032) (0.032) (0.034) (0.021) (0.030)
ρ

−0.438
***

−0.222
** −0.049 0.029 −0.609

*** −0.095 0.100 0.386
***

−0.702
***

(0.117) (0.108) (0.103) (0.082) (0.100) (0.096) (0.082) (0.065) (0.138)
λ

−0.420
***

−0.587
*** −0.142

(0.107) (0.104) (0.096)
φ

−0.291
*** −0.004 −0.192

* −0.153 −0.066 0.019 0.045
(0.091) (0.044) (0.098) (0.095) (0.054) (0.042) (0.131)

Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
Obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.

Table 5. Conditional β-convergence results under the geographic distance weight matrix.

Overall Eastern Central Western
Model KL_Sdm KC_Sdm LC_Sdm KL_Sem KC_Sem LC_Sdm KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sar

β
−0.117
***

−0.107
***

−0.242
***

−0.052
***

−0.084
***

−0.310
***

−0.234
***

−0.225
***

−0.276
***

−0.214
***

−0.127
***

−0.305
***

(0.013) (0.013) (0.017) (0.015) (0.019) (0.035) (0.038) (0.037) (0.037) (0.034) (0.025) (0.030)
ρ

−0.431
***

−0.288
*** −0.009 −0.200

* −0.051 −0.656
*** −0.141 0.015 0.350

***
−0.671
***

(0.117) (0.112) (0.103) (0.103) (0.085) (0.100) (0.098) (0.086) (0.068) (0.134)
λ

−0.433
***

−0.588
***

(0.108) (0.105)
φ

−0.290
***

−0.241
*** 0.118 −0.403

***
−0.231
***

−0.283
**

−0.226
*

−0.340
*** −0.125

(0.094) (0.086) (0.127) (0.152) (0.088) (0.127) (0.120) (0.102) (0.079)
PerGDP 0.331

***
0.411
*** −0.053 0.192 0.378 * −0.023 −0.065 0.147 0.094 0.508

*** 0.403 ** 0.041
(0.095) (0.103) (0.065) (0.146) (0.211) (0.119) (0.280) (0.241) (0.165) (0.174) (0.199) (0.161)

Industrial
structure

−0.189
***

−0.144
** 0.021 −0.135

**
−0.173
** −0.028 −0.367 −0.181 0.018 −0.156 0.079 −0.149

(0.058) (0.063) (0.041) (0.061) (0.085) (0.046) (0.247) (0.181) (0.126) (0.102) (0.125) (0.094)
Infras −0.087

** −0.035 0.130
*** −0.051 −0.055 0.172

*** −0.222 0.012 0.251
*** 0.002 −0.014 0.438

***
(0.044) (0.047) (0.031) (0.052) (0.070) (0.036) (0.150) (0.113) (0.081) (0.128) (0.150) (0.121)

Fiscal −0.127
* 0.008 0.084 * 0.031 0.209 0.063 0.012 0.186 0.024 −0.492

*** −0.216 0.278
**

(0.067) (0.072) (0.047) (0.096) (0.138) (0.072) (0.155) (0.127) (0.088) (0.165) (0.149) (0.116)
Urban 0.035 0.014 −0.078

*** 0.016 0.018 −0.079
** 0.068 −0.033 −0.106

*** 0.136 ** 0.058 −0.133
***

(0.035) (0.038) (0.025) (0.046) (0.063) (0.032) (0.068) (0.059) (0.041) (0.054) (0.062) (0.050)
Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
Obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.

Table 6. Absolute β-convergence results under the economic distance weight matrix.

Overall Eastern Central Western
Model KL_Sdm KC_Sar LC_Sar KL_Sem KC_Sem LC_Sem KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sdm

β
−0.073
***

−0.073
***

−0.219
***

−0.027
**

−0.058
***

−0.176
***

−0.103
***

−0.151
***

−0.189
***

−0.067
*

−0.094
***

−0.355
***

(0.011) (0.011) (0.017) (0.012) (0.016) (0.030) (0.033) (0.029) (0.032) (0.034) (0.022) (0.036)
ρ

−0.131
**

−0.122
**

−0.114
** −0.097 −0.367

***
−0.238
*** −0.032 0.175

***
−0.474
***

(0.053) (0.053) (0.051) (0.062) (0.065) (0.070) (0.073) (0.065) (0.071)
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Table 6. Cont.

Overall Eastern Central Western
Model KL_Sdm KC_Sar LC_Sar KL_Sem KC_Sem LC_Sem KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sdm

λ
−0.433
***

−0.391
*** −0.132

(0.081) (0.082) (0.085)
φ −0.000 0.031 −0.096

* −0.071 −0.132
*** 0.009 −0.399

***
(0.032) (0.032) (0.056) (0.058) (0.048) (0.039) (0.084)

Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
Obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.

Table 7. Conditional β-convergence results under the economic distance weight matrix.

Overall Eastern Central Western
Model KL_Sdm KC_Sdm LC_Sdm KL_Sem KC_Sem LC_Sdm KL_Sdm KC_Sdm LC_Sdm KL_Sdm KC_Sdm LC_Sar

β
−0.099
***

−0.120
***

−0.241
***

−0.051
***

−0.094
***

−0.341
***

−0.172
***

−0.198
***

−0.280
***

−0.119
***

−0.132
***

−0.257
***

(0.012) (0.014) (0.017) (0.016) (0.020) (0.036) (0.036) (0.034) (0.037) (0.024) (0.026) (0.031)
ρ

−0.146
***

−0.176
***

−0.114
**

−0.272
***

−0.154
**

−0.371
***

−0.254
*** −0.050 0.120 * 0.087

λ (0.053) (0.053) (0.052) (0.090) (0.064) (0.065) (0.071) (0.073) (0.069) (0.060)
−0.445
***

−0.397
***

φ (0.084) (0.086)
β −0.046 −0.192

*** −0.013 −0.266
** −0.049 −0.120

*
−0.125
*

−0.205
***

−0.153
**

(0.038) (0.047) (0.047) (0.111) (0.056) (0.065) (0.075) (0.068) (0.076)
PerGDP 0.323

***
0.408
*** −0.096 0.158 0.334 0.069 0.202 0.597 ** 0.500

***
0.315
*** 0.329 −0.079

(0.096) (0.104) (0.065) (0.144) (0.216) (0.092) (0.221) (0.281) (0.182) (0.120) (0.200) (0.103)
Industrial
structure

−0.193
***

−0.097
* 0.045 −0.065 −0.080 −0.004 −0.356

*
−0.262
* 0.066 −0.168

** 0.084 0.202
**

(0.056) (0.059) (0.039) (0.056) (0.081) (0.043) (0.207) (0.159) (0.101) (0.077) (0.119) (0.085)
Infras −0.111

***
−0.097
**

0.102
*** −0.038 −0.033 0.180

*** −0.045 0.108 0.311
*** 0.077 −0.034 0.077

(0.041) (0.044) (0.029) (0.050) (0.069) (0.035) (0.130) (0.111) (0.075) (0.098) (0.152) (0.101)
Fiscal −0.097 0.033 0.114 ** −0.042 0.159 0.024 −0.119 −0.088 −0.283

*** −0.060 −0.238 0.404
***

(0.064) (0.069) (0.045) (0.093) (0.137) (0.065) (0.142) (0.120) (0.086) (0.054) (0.166) (0.134)
Urban 0.069 * 0.065 * −0.075

*** 0.071 0.118 * −0.067
** 0.070 0.081 −0.041 0.043 0.058 −0.008

(0.036) (0.038) (0.025) (0.049) (0.069) (0.031) (0.070) (0.054) (0.035) (0.042) (0.060) (0.037)
Time YES YES YES YES YES YES YES YES YES YES YES YES
Individual YES YES YES YES YES YES YES YES YES YES YES YES
Obs 1176 1176 1176 420 420 420 336 336 336 420 420 420

Note: Values in parentheses are standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.

7. Discussion
To improve readability and facilitate comparison across empirical analyses, Table 8

summarizes the key findings regarding the direction, regional disparities, dynamic evolu-
tion, and spatial convergence of biased technological change in Chinese agriculture under
land constraints.

The findings suggest that biased technological change is closely associated with im-
provements in land-related productivity under increasing land constraints. As opportuni-
ties for farmland expansion become limited, agricultural growth in China has increasingly
relied on labor- and capital-augmenting technological pathways to sustain output. This
shift reflects a transition from land-dependent growth toward productivity improvement
through factor substitution and more intensive use of existing land resources.
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Table 8. Summary of main findings.

Dimension Main Findings Evidence
Implications for Land-Related
Productivity and Agricultural
Adaptation

Direction of
technological
change

Agricultural technological progress in China is
predominantly labor-biased, with labor–land
bias showing the strongest and continuously
increasing tendency.

The average bias indices indicate
persistent labor orientation;
labor–land bias rises
most significantly.

Agricultural growth increasingly relies
on improving labor-related and
land-related productivity rather than
expanding farmland, reflecting
adaptation to land scarcity.

Regional
heterogeneity

Significant regional differences exist in
technology direction choices. Eastern China
shows stronger capital-related bias, while
central and western regions exhibit different
bias patterns.

Regional bias indices differ
substantially across eastern,
central, and western China.

Heterogeneous resource endowments
and farmland constraints induce
differentiated pathways of land-related
productivity improvement.

Overall regional
disparities
(Dagum
decomposition)

Regional disparities in technological bias
continue to widen; transvariation density and
interregional differences are major sources.

Gini coefficients rise over time,
with different dominant
contributors across bias indices.

Uneven changes in factor efficiency may
reinforce regional differences in land
utilization capacity.

Intraregional
disparities

Intraregional differences generally expand in
eastern and central regions but fluctuate in
western China.

Eastern region exhibits the
largest growth in internal
disparities.

Land-related productivity improvements
remain uneven within regions.

Interregional
disparities

Disparities are largest between eastern and
western China, especially for capital–land and
labor–land bias.

East–west gaps exceed
east-central gaps in most indices.

Unequal technological pathways may
widen differences in agricultural
adaptation to land constraints.

Distributional
dynamics (Kernel
density)

Most bias indices exhibit right-skewed
distributions and weak polarization. Some
disparities narrow over time.

Kernel density curves show
shortening tails and limited
multimodality.

High-productivity provinces remain
concentrated, but partial convergence in
land-related efficiency emerges.

σ-convergence No clear σ-convergence exists nationally
or regionally.

Coefficients of variation
generally increase or
fluctuate upward.

Regional differences in technology
direction choices persist over time.

Absolute
β-convergence

Significant absolute β-convergence exists for
all bias indices. Convergence is fastest for
labor–land bias.

β coefficients are significantly
negative.

Provinces with initially lower
land-related productivity tend to catch
up over time.

Conditional
β-convergence

Conditional β-convergence exists and occurs
faster than absolute convergence.

Convergence remains significant
after controlling for
structural factors.

Economic development, infrastructure,
urbanization, and fiscal support affect
long-term adjustments in land-
related productivity.

Overall
implication

Agricultural technological bias reflects
differentiated changes in factor productivity
under land constraints and exhibits persistent
regional heterogeneity with
gradual convergence.

Combined evidence from
measurement, disparity
decomposition, distribution
dynamics, and convergence
analysis.

Improving food security under farmland
constraints increasingly depends on
optimizing technology direction choices
rather than expanding cultivated land.

However, improvements in land use efficiency remain uneven across regions. De-
veloped regions, with stronger capital accumulation, infrastructure, and innovation ca-
pacity, are generally better able to adopt technology pathways that enhance land pro-
ductivity. By contrast, less-developed regions face structural constraints that slow tech-
nological upgrading, contributing to persistent regional disparities despite evidence of
gradual convergence.

These differences are shaped not only by resource endowments but also by insti-
tutional conditions. In China, the Household Responsibility System, strict farmland
protection policies, and uneven regional development have influenced factor alloca-
tion and technology adoption in distinctive ways. Such institutional arrangements may
partly explain the persistent heterogeneity observed in agricultural technological bias and
land-related productivity.

Although this study focuses on China, some findings may have broader relevance for
other emerging economies facing land scarcity, structural transformation, and food security
pressure. The tendency for agricultural systems to rely increasingly on non-land inputs
under constrained farmland conditions may represent a more general adaptation pattern.
Nevertheless, the magnitude and evolution of regional disparities are likely to depend on
country-specific institutions, land tenure systems, and development strategies.
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Overall, improving food security under land constraints depends not only on techno-
logical progress itself, but also on whether technology direction choices are aligned with
local resource conditions and supported by appropriate institutional arrangements.

8. Conclusions and Implications
This study investigates the regional disparities, temporal dynamics, and spatial con-

vergence of biased technological change in Chinese agriculture under increasing land
constraints. The findings suggest that agricultural adaptation to farmland scarcity increas-
ingly depends on changes in technology direction rather than expansion of cultivated
land. In particular, agricultural technological progress has gradually shifted toward labor-
and capital-related productivity improvement, reflecting a transition from land-dependent
growth toward more intensive use of existing resources. Such changes imply that im-
provements in land use efficiency are increasingly achieved through differentiated factor
adjustment and technological substitution.

At the same time, technological bias exhibits substantial regional heterogeneity and
long-term persistence. Differences in resource endowments, development conditions, and
infrastructure shape distinct technological pathways across regions, resulting in uneven
improvements in land-related productivity. Although convergence tendencies exist, partic-
ularly after accounting for structural conditions, regional disparities remain evident. This
suggests that agricultural systems tend to adapt to land constraints through region-specific
trajectories rather than uniform technological evolution.

These findings indicate that improving food security under limited farmland condi-
tions depends not only on technological progress itself, but also on whether technology
direction choices are aligned with local resource conditions and supported by appropriate
institutional environments. Therefore, policies aimed at enhancing agricultural sustainabil-
ity should place greater emphasis on differentiated technological development, rather than
relying solely on input expansion or generalized innovation strategies.

From a policy perspective, regional heterogeneity should be fully considered in agri-
cultural technology and land-use policies. Regions with stronger innovation capacity may
focus on improving the efficiency of capital-intensive and technology-intensive agricul-
ture, whereas less-developed regions require greater support in infrastructure, technology
diffusion, and human capital development to strengthen adaptive capacity under land
constraints. In addition, reducing barriers to interregional factor mobility and promoting
the diffusion of land-saving technologies may help narrow disparities in land-related pro-
ductivity. Given the importance of structural conditions in shaping long-term technological
trajectories, policy interventions should also improve institutional environments, optimize
resource allocation, and support sustainable intensification to balance farmland protection
with agricultural growth.

Overall, the experience of China suggests that sustaining agricultural production
under increasing land scarcity requires not only technological advancement, but also
adaptive technological pathways and institutional arrangements that enhance land use
efficiency. Although the empirical analysis focuses on China, these findings may provide
broader implications for other emerging economies facing similar challenges of farmland
constraints and food security pressure.
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3 Due to space constraints, the detailed derivation process has been omitted.
4 Due to space limitations, the detailed derivation is omitted.
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