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Abstract

Balancing the development of agricultural cold chain logistics with ecological conservation
remains a critical challenge for green cold chain logistics in China’s three northeastern
provinces. This study evaluates the efficiency of green cold chain logistics to promote
synergy between logistics development and ecological sustainability. Using CiteSpace
for keyword co-occurrence analysis and literature extraction, an evaluation index system
comprising eight input and output indicators was constructed. The super-efficiency Slacks-
Based Measure (SBM) model and the Malmquist-Luenberger (ML) productivity index were
employed to assess efficiency from static and dynamic perspectives, respectively. Kernel
density estimation was used to examine spatial distribution patterns, and the Dagum
Gini coefficient was applied to decompose regional disparities. The results indicate that
(1) overall efficiency remains relatively low, with ML index changes primarily driven by
technological progress; (2) substantial regional differences exist among the three provinces
in terms of distribution location, shape, and degree of polarization; and (3) inter-regional
disparities are the main source of variation. A Tobit model further identified the key
influencing factors, indicating that the level of economic development, growth of the
tertiary industry, and informatization are the main drivers. These findings provide valuable
insights for optimizing regional green cold chain logistics and promoting sustainable
agricultural development.

Keywords: agricultural products; green cold chain; logistics efficiency; regional disparities

1. Introduction

With the rapid growth of China’s economy, consumers are increasingly favoring
high-quality food ingredients, particularly fresh agricultural products. China’s cold chain
logistics sector has entered a stage of accelerated development, characterized by continuous
expansion in infrastructure and market demand. However, this growth is accompanied
by a rise in greenhouse gas emissions [1]. As one of the country’s major agricultural
production bases and a key supplier of fresh products, the three northeastern provinces have
witnessed further expansion of cold chain logistics, driven by both supply-side capacity
and demand-side growth. The emergence of fresh food e-commerce has pushed regional
demand for agricultural cold chain logistics to unprecedented levels. This system requires
a consistently stable low-temperature environment, leading to significant consumption of
fossil fuels or electricity. Under conditions of underdeveloped cold chain infrastructure, the
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associated carbon emissions have become an even more pressing issue [2]. Consequently,
the development of green logistics has emerged as a central objective of both technological
innovation and policy initiatives within the logistics industry, stimulating extensive research
from diverse perspectives. For instance, Zailani Suhaiza et al. (2014) [3] analyzed the
relationship between technological innovation and green logistics; Du Gang et al. (2022) [4]
argued that innovation-oriented cities can significantly enhance green logistics efficiency;
and TH Kim et al. (2012) [5] and MH Kang et al. (2021) [6] discussed the crucial role of
policy guidance in promoting green logistics development. As a high-latitude region with
substantial cold chain logistics demand, the three northeastern provinces are representative
in terms of both supply and demand scales and their distinctive regional characteristics [7].
Reconciling the tension between the development of agricultural cold chain logistics and
the goal of ecological conservation thus remains not only a central challenge for advancing
green cold chain logistics in the three northeastern provinces but also serves as a reminder
of the long and complex journey ahead for China’s green logistics transformation.

There is currently no authoritative definition of green cold chain logistics. Drawing on
the conceptual foundations of cold chain logistics [8] and green logistics [9], green cold chain
logistics can be defined as a logistics practice that maintains products within a specified
low-temperature range throughout the entire process from harvesting or production to
consumption while seeking a sustainable balance among environmental, economic, and
social objectives. Green logistics fundamentally depends on optimizing resource allocation
across all operational stages, a process closely associated with improvements in logistics
efficiency [10]. Fugate B.S. et al. (2010) [11] and Hong Shuquan et al. (2023) [12] identify
logistics efficiency as one of the core indicators for evaluating the development level of
the logistics sector. In the context of agricultural cold chain logistics, it is essential not
only to maintain the optimal temperature range for fresh products to minimize spoilage
but also to address environmental constraints such as refrigeration energy consumption
and carbon emission intensity [13]. Logistics efficiency reflects the rationality of resource
allocation in areas such as refrigerated equipment utilization and transportation route
planning, directly influencing the post-harvest loss rate of fresh agricultural products,
which ranges from 15% to 30% [14]. Therefore, analyzing logistics efficiency is crucial for
fostering synergy between the advancement of agricultural cold chain logistics and the
achievement of ecological sustainability [15].

Data Envelopment Analysis (DEA) has long been recognized as one of the most ef-
fective approaches for measuring efficiency [16-19]. However, traditional DEA models
require proportional adjustments to all slack variables, which fails to capture the heteroge-
neous flexibility of factor adjustments in real production systems and also does not account
for the potential influence of undesirable outputs or environmental variables [20,21]. To
address these limitations, Tone (2001) [22] proposed the non-radial Slacks-Based Measure
(SBM) model, which relaxes the proportional improvement constraint of traditional models
and allows heterogeneous adjustment paths for slack variables. Nevertheless, this model
still cannot distinguish among efficient decision-making units (DMUs). Subsequently,
Fried et al. (2002) [23] developed the three-stage DEA model to incorporate environmental
variables, but this model likewise cannot rank efficient DMUs. To overcome these issues,
Tone further introduced the undesirable-output SBM model (2002) [24] and the super-
efficiency SBM model (2003) [25]. The former incorporates undesirable outputs into the
analysis but remains unable to differentiate DMUSs located on the efficiency frontier, as
efficiency scores are constrained to unity. In contrast, the latter enables efficiency scores
greater than one for efficient units, thereby providing a more accurate reflection of their
relative advantages and effectively resolving the ranking issue among multiple efficient
DMUs [26]. Because of its ability to surpass the unity constraint, accommodate multiple in-
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puts and both desirable and undesirable outputs, and perform reliably with small samples,
the super-efficiency SBM model has been widely applied in logistics efficiency assessments,
including port logistics evaluation [27], national green logistics sustainability analysis [28],
and logistics performance evaluation research [29].

The inputs in agricultural green cold chain logistics encompass various factors such as
labor, capital, and energy, while the outputs include not only desirable outcomes such as
logistics capacity but also undesirable outcomes such as carbon emissions. Building upon
the theoretical framework of production frontier analysis, this study extends the traditional
model of a “single desirable output” to incorporate both desirable and undesirable outputs,
thereby constructing a frontier model specifically tailored to the context of green cold chain
logistics for agricultural products. As authoritative statistical data on green logistics in
China’s three northeastern provinces have only recently become available, large-sample
empirical studies remain infeasible. Consequently, this study adopts the super-efficiency
SBM model to conduct a static evaluation of the green cold chain logistics efficiency for
agricultural products in the three provinces. To address the limitations of traditional fron-
tier models that neglect slack variables, a non-radial optimization approach is applied. By
introducing the design of “efficiency values greater than 1,” the model effectively differenti-
ates efficient units on the frontier, achieving a more precise fitting and measurement of the
“green cold chain logistics frontier for agricultural products.” Moreover, compared with
the traditional Malmquist index, the ML index explicitly incorporates undesirable outputs
on the production side, making it more suitable for assessing green logistics efficiency. The
ML productivity index is employed to analyze dynamic efficiency changes, aiming to more
accurately capture the current development status of green cold chain logistics efficiency
and identify key challenges in its advancement. Building on these analyses, a Tobit model
is further applied to explore the factors underlying regional efficiency disparities, thereby
providing a basis for more targeted policy recommendations to support the sustainable
development of agricultural cold chain logistics in the three northeastern provinces.

The primary objective of this study is to scientifically assess the efficiency of agricul-
tural green cold chain logistics in China’s three northeastern provinces, identify the sources
and determinants of regional disparities, and thereby narrow efficiency gaps and enhance
overall performance. From a long-term perspective, this research aims to reconcile the
tension between the development of agricultural cold chain logistics and the ecological
development goals of these provinces.

The marginal contributions of this paper are twofold. First, recognizing the energy-
intensive nature of agricultural cold chain logistics, this study integrates the concept of
green development into the efficiency evaluation framework by constructing a production
frontier model specifically designed for agricultural green cold chain logistics, thereby
providing a new analytical perspective for related research. Second, the study not only
offers a comprehensive characterization of regional heterogeneity in agricultural green cold
chain logistics efficiency across the three provinces but also explores the underlying drivers
of these disparities and puts forward targeted policy recommendations, contributing both
theoretical insights and practical implications to advance the green transformation of
agricultural cold chain logistics.

2. Index Selection and Model Construction
2.1. Indicators and Data
2.1.1. Indicator Selection
The measurement of logistics efficiency primarily examines the quantitative relation-

ship between the total inputs and total outputs of the logistics sector [30-33]. Accordingly,
this study classifies the evaluation indicators for agricultural green cold chain logistics
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efficiency into two dimensions, inputs and outputs, with the latter further subdivided into
desirable and undesirable outputs.

First, word frequency statistics were employed to conduct a preliminary screening of
indicators, without distinguishing among input, desirable output, and undesirable output
categories at this stage. The specific procedures and analytical steps are as follows.

Step 1: Relevant literature was retrieved from the Web of Science and JSTOR databases
using keywords closely aligned with the theme of this study. The core search terms included
“Green logistics index construction,” “Carbon constraints,” “Agricultural green logistics
index construction,” “Logistics efficiency indicators,” and “Green logistics indicators.” A
total of 374 publications were identified.

Step 2: Using CiteSpace, duplicate records were identified and removed, resulting
in 333 valid publications. A keyword co-occurrence analysis was then performed on the
filtered literature, covering the period from 2005 to 2025. Subsequently, a keyword co-
occurrence knowledge map was generated, as illustrated in Figure 1. In this map, nodes
represent consensus-based core topics, while links represent the strength of associations
between them.

aperations.

ravarse |agistics

country
gresn “’g"'}%’odel
sustainability energy efficiency
indicators
data envelopment analysis frarfewock
efficiency
supply chain manayemterm
ansport
management

performance
impact

Figure 1. Keyword Co-occurrence Knowledge Map.

Step 3: Keyword frequency statistics were obtained from the keyword co-occurrence
results. To prevent generic terms directly related to the research theme—such as “green

logistics,
quency rankings due to repeated appearances, these baseline terms were excluded. The top

cold chain logistics,” and “agricultural products”—from dominating the fre-

25 high-frequency keywords were then extracted, representing research topics that have
received greater scholarly attention. The literature associated with these high-frequency
keywords was subsequently reviewed, and keyword frequency statistics relevant to the
construction of the indicator system were compiled.

Step 4: To ensure that the indicator selection accurately reflects regional characteristics,
current government priorities and policy orientations were also considered. Using the

” o

keywords “green logistics,” “cold chain logistics,” and “agricultural cold chain logistics,”
relevant policy documents were collected from the official websites of central government
agencies in China as well as from the provincial governments of the three northeastern
provinces. Frequency statistics were then performed on the policy content related to the
construction of the indicator system.

Step 5: The frequency statistics derived from Steps 3 and 4 were combined and
integrated to produce the final indicator system frequency statistics, which are presented

in Table 1.
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Table 1. Word Frequency Results.

Indicator Name Frequency
Carbon emissions from the logistics industry 30
Fixed asset investment 29
Energy consumption of the logistics industry 26
Employment in the logistics industry 24
Freight turnover 12
Agricultural product freight volume 8
Value added of the tertiary industry 8
Total output value of the logistics industry 1

Furthermore, this study finds that existing evaluation systems for green logistics effi-
ciency have primarily focused on capital input, labor input, and energy input [34-37]. How-
ever, logistics infrastructure also plays a crucial role in influencing logistics efficiency [38].
Therefore, this study incorporates logistics infrastructure as an additional input indicator
in evaluating the efficiency of green cold chain logistics. Regarding output indicators,
since cold chain logistics involves substantial consumption of fossil fuels and electricity, it
inevitably generates a certain level of carbon dioxide emissions. Following the approach of
Yang B. (2018) [39], this study uses carbon emissions as an undesirable output indicator.
Based on the above analysis, the constructed evaluation system is outlined in Table 2.

Table 2. Evaluation System for Green Cold Chain Logistics Efficiency of Agricultural Products.

Indicator Type Primary Indicator Secondary Indicator
Labor input Employment in the logistics industry Number of employees in transportation,
storage, and postal services
Input Capital input Regional fixed asset investment Total fixed asset investment in each region
p E . Energy consumption of the logistics . .
nergy input industry Converted into standard coal equivalent
Infrastructure input  Total mileage of transportation routes Total highway mileage within the region
Value added of the tertiary industry =~ Regional value added of the tertiary sector
Desirable output Freight turnover Regional freight turnover
Output Agricultural product freight volume Sum of meat, eggs, aquatic products,

Undesirable output

vegetables, fruits, and milk
Carbon emissions from the logistics  Estimated following the 2006 IPCC Guidelines
industry for National Greenhouse Gas Inventories

Specifically, (1) Labor input refers to the total number of workers engaged in positions
related to the logistics system. This indicator effectively reflects the intensity of labor input
in the industry and serves as an important quantitative measure of the logistics sector’s
scale. Due to the lack of statistical data on employees in the agricultural cold chain logistics
industry of the three northeastern provinces, this study adopts the number of employees
in the transportation, warehousing, and postal industries as a proxy indicator for mea-
suring labor input. Although an indirect measure, it can still reflect the reserve capacity
of such personnel. When the workforce is experienced and stable, it can more effectively
implement relevant green standards and thereby promote improvements in green logistics
efficiency. (2) Capital input denotes the long-term financial and resource investments made
by enterprises or institutions to construct, upgrade, and maintain the logistics system.
Fixed asset investment reflects the intensity of capital allocation in regional logistics system
construction, encompassing total capital expenditures on new infrastructure, equipment
replacement, and technological upgrading. In this study, fixed asset investment is used
as a proxy for capital input in green cold chain logistics equipment. Increased capital
investment facilitates equipment upgrades, and advanced technologies—through precise
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temperature control—can reduce the spoilage rate of agricultural products, thereby en-
hancing logistics efficiency. (3) Energy input represents the total consumption of various
energy resources, directly or indirectly, during transportation, warehousing, loading, and
unloading processes, with the primary objective of maintaining logistics system operations.
This study selects energy consumption in the logistics industry as the key indicator to
capture energy utilization during logistics operations. This parameter effectively assesses
both regional environmental carrying capacity and the effectiveness of green logistics
implementation. For instance, when traditional cold storage or refrigerated trucks operate
with low energy efficiency or outdated refrigeration equipment, energy consumption in-
creases, resulting in a decline in green cold chain logistics efficiency. (4) Infrastructure input
refers to investments in both traditional fixed assets and digital infrastructure that support
efficient logistics operations, covering transportation networks, warehousing facilities,
technical equipment, and information systems. A well-developed transportation network
can reduce the average distance between production areas and markets, thereby lowering
per-unit energy consumption and carbon emissions, which in turn enhances green cold
chain logistics efficiency. This study uses the total length of transportation routes as a
proxy indicator for traditional infrastructure input in the cold chain logistics of the three
northeastern provinces.

(5) Value added of the tertiary industry represents the sum of newly created value
and the transferred value of fixed assets in the tertiary sector within a given period in a
country or region. The expansion of cold chain logistics can drive the value added of the
tertiary industry, and its rate of change indirectly reflects the output efficiency of green
cold chain logistics. (6) Freight turnover refers to the total product of freight volume and
transportation distance completed by transport vehicles within a given period. As a core
indicator for measuring the transportation scale and operational efficiency of the logistics
industry, freight turnover directly reflects the output level of logistics activities. Given
constant total energy consumption, a higher freight turnover implies greater efficiency of
energy input per unit. (7) Agricultural product freight volume denotes the total weight
or volume of agricultural products transported within a given period and serves as a
key indicator for measuring the output of agricultural product logistics. In this study,
agricultural product freight volume is selected as the core desirable output indicator for
green cold chain logistics. Under constant input conditions, a higher freight volume
indicates higher efficiency. (8) Carbon emissions from the logistics industry denote the total
greenhouse gas emissions generated directly or indirectly throughout the logistics chain.
This serves as the core undesirable output indicator for evaluating the degree of greening
in the logistics industry. In the context of green cold chain logistics, high carbon emissions
often result from inefficient practices such as outdated refrigeration equipment, circuitous
transport routes, or low load factors, all of which increase per-unit energy consumption
in the transport of agricultural products. A higher value of this indicator corresponds to
lower green cold chain logistics efficiency.

2.1.2. Data Sources and Processing

This study selects 34 major cities across the three northeastern provinces as the sample
for evaluating the efficiency of agricultural green cold chain logistics. The primary data
were obtained from the China City Statistical Yearbook, China Energy Statistical Yearbook,
Tertiary Industry Statistical Yearbook, and the statistical bulletins on national economic
and social development of each region, covering the period from 2008 to 2022.

Before model estimation, the dataset underwent a comprehensive examination to
identify and address missing values and outliers. Because the selected indicators are
expressed in different measurement units, they cannot be directly applied to the model. To
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ensure comparability and meet model requirements, the Min-Max normalization method
was employed for data standardization. This approach strictly maps all indicator values
onto a defined target range, exhibits strong adaptability, and is not constrained by the
underlying data distribution. Drawing on the data processing approach proposed by
Jebbor et al. (2024) [40] and in alignment with the analytical framework of this study, the
normalization procedure is formulated as follows in Equation (1).

~ 0.9 x (Xj —min(X))
~ max(X) — min(X)

Xi +0.1, 1
where X; denotes the normalized indicator value, X/ is the original indicator value, min(X)
represents the minimum value of the indicator, and max(X) represents the maximum value
of the indicator.

2.2. Model Construction
2.2.1. Super-Efficiency SBM Model Construction

In this study, each city is regarded as an independent DMU, and a super-efficiency SBM
model is constructed. Equation (2) is used to measure the efficiency of agricultural green
cold chain logistics in each city, where 68* represents the super-efficiency value obtained
after minimizing the objective function. In this formulation, the numerator reflects input
redundancy, while the denominator captures output shortfalls. Specifically, when 6* > 1,
the city performs more efficiently than other cities on the efficient frontier; when 68* <1, the
city exhibits significant input waste or insufficient output; and when 6* = 1, the city lies
exactly on the efficiency frontier without super-efficiency properties.

Equation (3) defines the linear constraint on the input matrix, thereby constructing
the optimal input boundary for the allocation of agricultural green cold chain logistics
resources and determining the minimum necessary input for city k in period t. Equation (4)
specifies the linear constraint on the desirable output matrix, which establishes the optimal
boundary for logistics outcomes and determines the maximum attainable desirable output
for city k in period t. Equation (5) introduces the constraint on the undesirable output
matrix, which constructs the optimal boundary for green development in agricultural
cold chain logistics and determines the minimum undesirable output for city k in period ¢.
Equation (6) further incorporates the non-negativity constraints on the DMU weights as
well as the slacks for input redundancy, output shortfalls, and undesirable output surpluses,
ensuring that the results derived from Equations (3)—(5) directly correspond to the observed
redundancy in inputs, insufficiency in desirable outputs, and excess in undesirable outputs.

Despite its advantages, this model also presents several limitations in practical ap-
plication. First, all inputs and outputs must be non-negative; otherwise, the redundancy
rate would lose its economic interpretability. Second, the model is sensitive to extreme
outliers—for instance, when a particular variable takes an exceptionally small value, the
corresponding DMU may be incorrectly identified as an “extremely efficient DMU,” thereby
distorting the frontier and leading to overly estimated efficiency scores for other valid
DMUs. Third, missing values should also be avoided, as DMUs with incomplete data
are excluded from estimation, which reduces the effective sample size and may affect
model robustness.

()
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The definitions of the parameters in the model are presented in Table 3, where some
parameter values are determined based on the sample data analyzed in this study.

Table 3. Definitions of Parameters and Assigned Values.

Parameter Definition
m Number of input indicators, set to 4
n Number of desirable output indicators, set to 3
q Number of undesirable output indicators, set to 1
0" Calculated efficiency value of agricultural green cold-chain logistics
gx Slack variable for the i-th input indicator, representing input
' redundancy (negative deviation)
y Slack variable for the j-th desirable output indicator, representing
gY D o
j output shortfall (positive deviation)

Slack variable for the I-th undesirable output indicator, representing

b
5 the excess that needs to be reduced (negative deviation)
k Number of cities, set to 34
T Number of periods, set to 15
X; The i-th input indicator
Vi The j-th desirable output indicator
b The I-th undesirable output indicator
xkt The i-th input of city k in period ¢
y;.“ The j-th desirable output of city k in period ¢
bf‘f The I-th undesirable output of city k in period ¢
)L;“ Weight variable of city k in period ¢
A’Yf xkt Optimal input of city k in period ¢
)thy] Optimal desirable output of city k in period ¢
/\j.“b;‘t Optimal undesirable output of city k in period ¢

2.2.2. ML Index Measurement Method

In this study, the ML productivity index is decomposed into the efficiency change
index (EC) and the technological change index (TC), allowing the efficiency of agricultural
green cold chain logistics to be examined from two distinct perspectives. Specifically, the
EC index captures the pure efficiency changes in each city over the observation period,
while the TC index reflects the changes in technological progress across cities during the
same period. The decomposition formula is expressed in Equation (7).

ML = EC, x TC,, 7)
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The EC and TC indices are calculated separately, as shown in Equation (8). Specifically,

)

x! and y]t» denote the inputs and desirable outputs in period t, and xf-"’l, yf“ denote the

inputs and desirable outputs in period t + 1. Bf and Blt+1 denote the undesirable outputs
in periods t and t + 1, respectively, while Ef and E!™! denote the distance functions.
When ML > 1, the city’s efficiency of green cold chain logistics for agricultural products
is improving, when ML < 1, it is decreasing. Furthermore, it should be emphasized
that the calculation of the ML index is highly sensitive to fluctuations in undesirable
output data. Hence, ensuring the accuracy of these measurements is crucial for producing
reliable and consistent results. In addition, when the ML index is computed based on an
unbalanced panel dataset, DMUs with missing values are automatically excluded, which
may consequently reduce the regional representativeness of the sample.

3. Efficiency Evaluation Results
3.1. Static Efficiency Calculation Results

The super-efficiency SBM model is applied to measure the static efficiency of green
cold chain logistics for agricultural products in the three northeastern provinces over the
period 2008-2022. For each province, the reported efficiency value represents the average
across its sample cities. The detailed results are presented in Table 4.

Table 4. Efficiency Values of Green Cold Chain Logistics for Agricultural Products in the Three
Northeastern Provinces, from 2008-2022.

Year Liaoning Jilin Heilongjiang  Three Northeastern
2008 0.37 0.49 0.32 0.38
2009 0.36 0.45 0.31 0.36
2010 0.36 0.47 0.31 0.37
2011 0.38 0.48 0.31 0.38
2012 0.38 0.45 0.32 0.37
2013 0.38 0.45 0.38 0.40
2014 0.41 0.48 0.35 0.41
2015 0.46 0.50 0.35 0.43
2016 0.46 0.53 0.37 0.44
2017 0.48 0.52 0.36 0.45
2018 0.50 0.60 0.38 0.48
2019 0.50 0.47 0.37 0.45
2020 0.49 0.47 0.35 0.44
2021 0.52 0.46 0.35 0.46
2022 0.51 0.39 0.31 0.41
Average 0.44 0.48 0.34 0.41

From a provincial perspective, the annual average efficiency of green cold chain
logistics for agricultural products in Liaoning Province was 0.44. Between 2008 and 2013,
the efficiency remained relatively low and stable, reaching its minimum value of 0.36.
Thereafter, it exhibited a mild upward trend, peaking at 0.52 in 2021. Overall, from 2015
to 2021, the efficiency level of green cold chain logistics in Liaoning Province can be
characterized as moderate.

The overall trend in the other two provinces was broadly comparable to that of
Liaoning, though with some notable differences. In Jilin Province, the efficiency of green
cold chain logistics for agricultural products was already close to a moderate level in the
early years, recording a value of 0.49 in 2008. Although the efficiency fluctuated only
slightly during 2008-2013, it showed a marginal decline, reaching a minimum of 0.45.
Subsequently, the province experienced a marked upward trajectory, with the efficiency
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rising to its highest value of 0.60 in 2018. However, this was followed by a steep decline,
with the lowest efficiency falling to 0.39 in 2022. As a result, Jilin’s annual average efficiency
remained relatively low at 0.48.

Heilongjiang Province exhibited the lowest performance among the three provinces,
with an annual average efficiency of only 0.34. Between 2008 and 2013, its efficiency
level was slightly below that of Liaoning and markedly lower than that of Jilin. During
the subsequent phase of growth in green cold chain logistics efficiency, Heilongjiang
demonstrated limited momentum, with the highest value reaching only 0.38. From 2018 to
2022, its efficiency continued to decline, ultimately falling back to the minimum level of
0.31 at the end of the observation period.

Overall, the efficiency of green cold chain logistics for agricultural products in the three
northeastern provinces remains relatively low. Among them, Jilin Province maintained a
leading position for most of the study period, whereas Heilongjiang consistently exhibited
the lowest efficiency levels. Liaoning Province, however, demonstrated stronger resilience
and a clearer upward trajectory of efficiency improvement. By 2022, its efficiency value
had reached 0.51, showing a distinct advantage over the other two provinces. These
findings suggest that Liaoning is likely to achieve green development at a faster pace while
continuing to improve efficiency within its cold chain logistics sector.

3.2. Dynamic Efficiency Decomposition Results

While the super-efficiency SBM model can accurately measure the efficiency level
of each city in a given year, the Malmquist index directly captures the dynamic changes
in efficiency over time. It further decomposes the index into two components—technical
efficiency change and technological progress—serving as an important complement to the
super-efficiency SBM analysis. In this study, the ML index of green cold chain logistics
efficiency for agricultural products in the three northeastern provinces from 2008 to 2022
is examined from both temporal (yearly) and spatial (city-level) perspectives. Moreover,
comprehensive technical efficiency change (EC) is further decomposed into pure techni-
cal efficiency change (PEC) and scale efficiency change (SEC). Specifically, PEC reflects
improvements in technical efficiency after controlling for scale effects, whereas SEC cap-
tures the extent to which the production scale of agricultural green cold chain logistics
approaches the optimal level. The detailed results are presented in Tables 5 and 6.

Table 5. Annual ML Index and Its Decomposition for the Three Northeastern Provinces.

Year EC TC PEC SEC ML Index
2008-2009 0.975 0.976 0.984 0.991 0.952
2009-2010 0.929 1.083 0.961 0.966 1.006
2010-2011 0.995 1.035 0.943 1.055 1.030
2011-2012 1.005 0.987 0.946 1.062 0.992
20122013 0.907 1.128 0.911 0.996 1.023
2013-2014 1.076 0.987 1.101 0.977 1.061
20142015 0.858 1.207 0.939 0.913 1.035
2015-2016 0.994 1.054 1.129 0.881 1.048
20162017 0.968 1.037 0.972 0.996 1.004
2017-2018 1.232 0.860 1.026 1.200 1.059
2018-2019 0.997 0.939 0.981 1.017 0.936
2019-2020 1.205 0.812 1.075 1.121 0.978
20202021 0.941 1.071 0.988 0.952 1.007
2021-2022 1.090 0.836 0.966 1.128 0.911

Average 1.012 1.001 0.994 1.018 1.003
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Table 6. City-Level ML Index and Its Decomposition for the Three Northeastern Provinces.
City EC TC PEC SEC ML Index
Shenyang 0.998 1.090 0.998 1.000 1.088
Dalian 1.002 1.067 0.996 1.006 1.069
Anshan 0.983 1.026 0.983 1.000 1.009
Fushun 1.033 0.974 1.039 0.995 1.006
Benxi 1.025 0.983 0.999 1.026 1.007
Dandong 1.041 0.959 1.000 1.041 1.000
Jinzhou 1.037 0.977 1.001 1.035 1.013
Yingkou 1.038 0.977 1.037 1.000 1.014
Fuxin 1.049 0.953 1.002 1.047 1.000
Liaoyang 1.002 1.010 1.002 1.000 1.012
Panjin 1.039 0.983 1.038 1.001 1.021
Tieling 1.072 0.947 1.069 1.003 1.015
Chaoyang 1.049 0.963 1.052 0.996 1.010
Huludao 1.029 0.971 1.007 1.022 1.000
Changchun 0.965 1.023 0.986 0.979 0.987
Jinlin 0.931 1.058 0.931 1.000 0.985
Siping 0.945 1.032 1.000 0.945 0.975
Liaoyuan 1.001 0.987 0.995 1.006 0.988
Tonghua 1.007 0.983 1.007 1.001 0.990
Baishan 1.063 0.937 1.064 0.999 0.996
Songyuan 1.002 0.978 1.002 1.000 0.980
Baicheng 0.971 0.992 0.921 1.054 0.964
Haerbin 0.910 1.083 0.925 0.984 0.986
Qigihaer 0.974 0.999 0.918 1.061 0.974
Jixi 1.027 0.978 0.973 1.056 1.004
Hegang 1.003 0.999 1.000 1.004 1.003
Shuangyashan  1.031 0.978 1.009 1.022 1.009
Daging 1.036 0.988 1.036 1.000 1.023
Yichun 1.028 0.976 0.988 1.041 1.003
Jiamusi 1.008 0.987 0.959 1.051 0.995
Qitaihe 0.999 1.004 1.004 0.994 1.003
Mudanjiang 0.988 0.998 0.949 1.041 0.986
Heihe 1.015 0.975 0.957 1.061 0.990
Suihua 0.969 1.008 0.927 1.046 0.977
Average 1.008 0.995 0.993 1.015 1.002

As shown in Table 5, the average annual value of the ML index is 1.003, indicating that
the efficiency of green cold chain logistics for agricultural products in the three northeastern
provinces increased by an average of 0.3% during the observation period. From 2008 to
2013, the ML index exhibited a fluctuating upward trajectory, reaching its peak of 1.061 in
2014, before turning downward and declining steadily to its lowest value of 0.911 in 2022.
Overall, the performance of the ML index across the three provinces aligns closely with the
static efficiency results, displaying an initial increase followed by a gradual decline.

The average annual value of technical efficiency change in the three northeastern
provinces is 1.012, suggesting that under the existing technological conditions, efficiency
improved by approximately 1.2% per year. During the observation period, technical
efficiency fluctuated mainly below the mean line, with its lowest value of 0.858 recorded in
2015 and its highest value of 1.232 in 2018. The trend of technical efficiency change does
not fully correspond to that of the ML index. Regarding PEC and SEC, PEC dominated
comprehensive technical efficiency change only during 20142016, whereas in the remaining
years, SEC served as the main contributor. This finding indicates that improvements in
pure technical efficiency were insufficient, explaining why technical efficiency change
values fell below 1 in several years. In contrast, scale efficiency performed relatively well,
suggesting that production in most years operated near an optimal scale. This outcome is
closely related to a series of local government policies that encouraged the development of
agricultural cold chain logistics, thereby contributing to efficiency improvements.
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The average value of technological progress is 1.001, implying that technological ad-
vancement in agricultural green cold chain logistics across the three northeastern provinces
was positive throughout the observation period. In other words, given the same level of
inputs, the potential output of green cold chain logistics increased slightly. Before 2015,
the technological progress index fluctuated around the mean, peaking at 1.207 in 2015, but
subsequently declined to its lowest value of 0.812 in 2020. Overall, the trends of compre-
hensive technical efficiency and technological progress diverged substantially, with the ML
index being largely driven by variations in technological progress.

As shown in Table 6, the annual average growth rate of technical efficiency for agricul-
tural green cold chain logistics across all cities was 0.8%. Among them, 11 cities recorded
technical efficiency change values below 1, accounting for 32.35%, while the remaining
23 cities exhibited values above 1. Harbin experienced the sharpest decline in technical
efficiency, with an average annual growth rate of —9%, whereas Tieling achieved the most
rapid improvement, at 7.2%. Regarding scale efficiency change and pure technical efficiency
change, 27 cities (79.41%) recorded scale efficiency change values greater than 1. Qiqgihar
and Heihe achieved the highest average annual growth rates of 6.1%, indicating that these
cities have largely mitigated redundant input factors and benefited from favorable scale
effects that have enhanced technical efficiency. For Shenyang, Anshan, Yingkou, Liaoyang,
Jilin, Songyuan, and Daging, the scale efficiency change values were equal to 1, suggesting
that their changes in technical efficiency were entirely driven by pure technical efficiency.
From the perspective of pure technical efficiency change, the overall annual average growth
rate across all cities was —0.7%. Sixteen cities recorded values below 1, with Qigihar posting
the lowest at —8.2%, indicating that these cities have not yet fully realized their efficiency
potential under the current technological conditions. Consequently, compared with other
cities, they must reduce undesirable outputs more rapidly to achieve efficiency gains.

With respect to technological progress, the overall annual average growth rate across
all cities was —0.5%, which is lower than that of technical efficiency change. Only 14 cities
(41.17%) had technological progress change values greater than or close to 1, with Baishan
recording the lowest rate at —6.3%. From an overall perspective, the annual average ML
index for all cities in the three northeastern provinces during 20082022 was 1.002, which
exceeds 1, indicating a slight overall improvement in green cold chain logistics efficiency.
Among the cities, Shenyang exhibited the fastest growth, with an average annual rate of
8.8%. In terms of overall trend, the variations in technological progress closely mirrored
those of the ML index, suggesting that the improvement in the efficiency of agricultural
green cold chain logistics in the three northeastern provinces was primarily driven by
technological advancements—consistent with the earlier findings.

3.3. Spatial Differentiation Characteristics of Efficiency Based on Kernel Density Analysis

Kernel density analysis estimates the probability density of a random variable and
describes its distribution pattern through a smooth and continuous density curve. F(x)
denotes the estimated density value at point x, and the calculation formula is expressed
as follows.

N =
F(x) = Nlth<x’h ">, ©)
i=1

K(-) denotes the kernel function, and this study adopts the Gaussian kernel algorithm;
N is the sample size. X; represents the independently distributed observations, that is, the
efficiency values of agricultural green cold chain logistics for each city in each province
across different years.X denotes the sample mean and / is the bandwidth parameter.
Jones et al. (1996) [41] verified that Silverman’s empirical formula ensures optimality for
normally distributed data. Therefore, this study applies Silverman’s empirical formula to



Sustainability 2025, 17, 9367

13 of 27

calculate the bandwidth parameter, as shown in Equation (10), where o denotes the sample
standard deviation and IQR represents the interquartile range of the sample.

. IOR _1
h =1.06 x mln((f, 134> X N5, (10)

Kernel density analyses were conducted in MATLAB 2022 for four objects—Liaoning,
Jilin, Heilongjiang, and the Northeastern region as a whole. The results are shown
in Figure 2.
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Figure 2. Distribution Patterns of Green Cold Chain Logistics Efficiency for Agricultural Products in
the Three Northeastern Provinces and Each Individual Province.

3.4. Spatial Difference Decomposition of Efficiency Based on the Dagum Gini Coefficient

The Dagum Gini coefficient overcomes the limitations of other methods that cannot
account for overlapping data distributions, and it enables a more refined decomposition
of the sources of group disparities. This coefficient can be decomposed into three com-
ponents: the within-group coefficient (Gy), the between-group coefficient (Gy), and the
transvariation intensity coefficient (G¢). In this study, these components, respectively,
represent efficiency differences within the three northeastern provinces, efficiency differ-
ences between provinces, and the net disparities arising from overlapping distributions of
agricultural green cold chain logistics efficiency across the three provinces.

The sample is divided into four groups—Liaoning Province, Jilin Province, Hei-
longjiang Province, and the overall three-province region. For each group, the within-group
Gini coefficient, the between-group Gini coefficient, as well as the sources and contribu-
tions of disparities, are computed. Specifically, the overall Gini coefficient for the three
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northeastern provinces and the within-group Gini coefficients for the three provinces are
displayed as a line chart (Figure 3), while the inter-regional Gini coefficient of the three
provinces as a whole is plotted as a line chart (Figure 4).

e-Heilong

——ge— Heilongjiang Province

Figure 3. Gini Coefficients of the Overall Sample and Within-Group Differences.
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Figure 4. Gini Coefficients of Overall Inter-Regional Differences.

As shown in Figure 3, at the overall level, the total Gini coefficient of agricultural
green cold chain logistics efficiency in the three northeastern provinces exhibited a gradual
upward trend, reflecting a clear widening of regional disparities. At the provincial level,
Liaoning Province experienced two notable surges in 2014 and 2020, with the latter being
more pronounced and ultimately reaching its highest level in 2022. This suggests that
intra-provincial disparities in Liaoning’s agricultural green cold chain logistics efficiency
expanded steadily throughout the observation period. In contrast, Jilin Province showed
fluctuations of relatively limited magnitude, indicating a comparatively stable pattern
of internal disparities. In Heilongjiang Province, however, intra-provincial differences
fluctuated more sharply: the coefficient rose rapidly in 2012, peaked in 2013, declined
sharply in 2014, returned to its previous level, and began to rise again after 2018. This
pattern indicates that intra-provincial disparities in Heilongjiang’s agricultural green cold
chain logistics efficiency continued to widen in the later years of the observation period.

As shown in Figure 4, inter-provincial disparities in the agricultural green cold chain
logistics efficiency of the three northeastern provinces from 2008 to 2022 followed three
distinct phases, each displaying a generally “U-shaped” trajectory. The first phase, spanning
2008-2010, featured an initial decline in the inter-regional Gini coefficient from 2008 to
2009, followed by a rebound from 2009 to 2010. The second phase, from 2011 to 2018, was
the longest. During this period, the coefficient declined steadily between 2011 and 2013,
reflecting a continuous narrowing of inter-provincial disparities and reaching its lowest
point in 2013-the lowest of the entire observation period. Subsequently, the coefficient
began to rise again from 2013 to 2018, indicating a renewed expansion of disparities. The
third phase, covering 2018-2022, began with a brief contraction in disparities between 2018
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and 2019, followed by a sharp increase from 2019 onward, ultimately peaking in 2022. This
indicates that inter-provincial disparities in agricultural green cold chain logistics efficiency
expanded significantly during the later years of the study period.

Furthermore, the pairwise inter-provincial Gini coefficients obtained from the decom-
position of the overall inter-regional Gini coefficient are plotted as a line chart, as shown
in Figure 5.

Figure 5. Gini Coefficients of Agricultural Green Cold Chain Logistics Efficiency Between Different
Regions.

As shown in Figure 5, at the regional level, the disparity between Jilin Province
and Heilongjiang Province was consistently larger than that between Liaoning Province
and the other two provinces. However, during 2019-2022, the gap between Liaoning
and Jilin exceeded that between Jilin and Heilongjiang, making Liaoning and Jilin the
two provinces exhibiting the greatest inter-regional differences. In contrast, the disparity
between Liaoning and Heilongjiang remained the smallest overall. Although the inter-
regional Gini coefficient between Liaoning and Heilongjiang surpassed that between Jilin
and Heilongjiang in 2022, it remained lower than the gap between Liaoning and Jilin.

Regarding the trend of disparities, the regional gap between Liaoning and Jilin fluc-
tuated frequently over the observation period but showed an overall upward trajectory,
suggesting a continuous widening of differences between the two provinces. The dis-
parity coefficient between Liaoning and Heilongjiang rose sharply in 2013, temporarily
surpassing that between Liaoning and Jilin, but reverted to its previous level in 2014 and
subsequently began to increase steadily. Overall, the inter-regional Gini coefficients across
the three provincial pairings demonstrate that disparities between Liaoning and the other
two provinces have been steadily expanding, whereas disparities between Jilin and Hei-
longjiang have gradually narrowed. The overall Gini coefficient values and their respective
contribution rates are presented in Table 7.

As shown in Table 7, the primary source of disparities in the efficiency of agricul-
tural green cold chain logistics among the three northeastern provinces is inter-regional
differences, followed by transvariation intensity. The contribution rate of inter-regional dif-
ferences declined in both 2013 and 2019, with the decrease in 2013 being more pronounced.
These declines suggest that inter-regional disparities in efficiency narrowed during those
years. However, in 2014 and 2020, the contribution rate rebounded to its previous level,
suggesting that efficiency gaps across the three provinces began to widen again.

From the perspective of transvariation intensity, its contribution rate increased in
2013 but decreased in 2014, moving in the opposite direction to inter-regional differences.
Considering the dynamic contributions of both indicators, it can be inferred that in 2013,
relative disparities in agricultural green cold chain logistics efficiency narrowed while
absolute disparities expanded, whereas in 2014, the opposite occurred—relative disparities
widened while absolute disparities contracted.
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Table 7. Sources of Disparities and Contribution Rates in Agricultural Green Cold Chain Logistics
Efficiency in the Three Northeastern Provinces.

Intra-Regional Differences Between-Region Disparities Over-Dispersion Density
Year Gw Contribution Rate (%) Gy Contribution Rate (%) Gy Contribution Rate (%)
2008 0.039 24.368 0.084 52.242 0.038 23.39
2009 0.04 24973 0.077 48.449 0.042 26.578
2010 0.044 25.482 0.087 50.466 0.042 24.051
2011 0.043 25.466 0.088 52.018 0.038 22.516
2012 0.042 25.904 0.075 46.695 0.044 27.401
2013 0.062 29.262 0.029 13.791 0.120 56.947
2014 0.042 27.533 0.064 41.667 0.047 30.800
2015 0.051 27.077 0.076 40.511 0.061 32.412
2016 0.044 25.974 0.075 44.470 0.05 29.556
2017 0.049 26.412 0.077 41.470 0.06 32.118
2018 0.048 24.545 0.096 49.227 0.051 26.227
2019 0.051 26.812 0.068 35.543 0.072 37.644
2020 0.049 25.596 0.074 38.426 0.069 35.978
2021 0.059 27.891 0.089 42.062 0.064 30.048
2022 0.067 28.389 0.113 47.652 0.057 23.960

4. Empirical of the Regional Differentiation Causes of Efficiency Based
on the Tobit Model

4.1. Influencing Variables and Data

The improvement of logistics efficiency is influenced by multiple factors, including
economic development [42], the advancement of the tertiary industry [43], and the degree
of informatization [44]. As green logistics efficiency represents a vertical extension of
traditional logistics efficiency into the realm of sustainable development, its determinants
are more explicitly associated with environmental dimensions [45]. For instance, Wilson
G. et al. (2024) [46] highlight that environmental protection plays a central role among the
drivers of green logistics, whereas Zhu Z. et al. (2024) [47] emphasize that the determinants
of agricultural green cold chain logistics efficiency encompass not only direct logistics
efficiency factors but also the specific effects of environmental variables.

Building on this theoretical foundation, the present study identifies the key influencing
factors from four perspectives: economic development, informatization, tertiary industry
development, and environmental protection.

From the perspective of economic development, Delfmann et al. (2018) [48] argue
that increases in per capita GDP stimulate demand for high-quality fresh agricultural
products through higher household income and consumption upgrading, thereby driving
the need for efficient, stable, and widely accessible green cold chain logistics services. In
addition, a higher ratio of total regional imports and exports to GDP reflects a greater
degree of economic openness. The expansion of cross-border agricultural trade enhances
the economic feasibility for cold chain enterprises to adopt in green technologies and
optimize operational models, which in turn indirectly promotes logistics efficiency [49].

With respect to tertiary industry development, an increasing share of tertiary industry
value added in GDP indicates a more mature service sector, facilitating the flow of capital
and technology from industries such as finance and information services into agricultural
cold chain logistics. This process contributes to equipment upgrading and efficiency
improvement [50]. Wang et al. (2023) [51] further contend that a higher ratio of total
logistics turnover to local GDP improves facility load factors and reduces empty running
rates, thereby lowering energy waste and distributing the fixed costs associated with green
technologies more effectively.

From the perspective of informatization, the number of internet access ports serves as
a proxy for digital infrastructure and information connectivity. Enhanced informatization
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facilitates the integration of real-time traffic and logistics data, reduces redundant transport
routes, and minimizes unnecessary operation of cold storage systems, thereby decreasing
fuel and electricity consumption [52].

In terms of environmental protection, Jing and Zhang. (2014) [53] note that improved
sewage treatment efficiency can reduce regulatory compliance costs for cold chain operations,
freeing up resources for investment in green technologies. Moreover, a higher proportion of
regional fiscal expenditure on environmental protection provides direct financial support
for the construction of green cold chain facilities, thereby accelerating the deployment of
advanced technologies [54]. The professional competence of personnel in regional envi-
ronmental agencies also plays a vital role, as effective supervision of energy-saving and
emission-reduction standards, coupled with targeted environmental guidance and technical
support, can directly promote the optimization of cold chain logistics processes [55].

Accordingly, this study selects eight variables as the influencing factors of agricultural
green cold chain logistics efficiency: per capita GDP (PC), the ratio of total regional import
and export trade to GDP (TRD), the proportion of tertiary industry value added to GDP
(TIV_GDP), the ratio of total logistics turnover to regional GDP (LTV_GDP), the number of
internet access ports (IAP), sewage treatment efficiency (STE), the proportion of regional
environmental protection fiscal expenditure to total government expenditure (EPGR),
and the number of employees in regional environmental agencies (REAS). Data for these
variables were collected for 34 major cities in the three northeastern provinces from 2008 to
2022, based on the China City Statistical Yearbook.

Furthermore, to address potential regional heterogeneity in influencing factors among
the three provinces, this study follows the approach of Mankiw et al. (1992) [56]. Drawing
on the convergence hypothesis within economic growth theory, a f-convergence test is
applied as a preliminary method for variable selection. The conditional B-convergence tests
were conducted separately for each province, with results presented in Table 8.

Table 8. Conditional 3-Convergence of Agricultural Green Cold Chain Logistics Efficiency in Each

Province.
Variable Liaoning Jilin Heilongjiang
—0.1978 *** —0.1594 —0.6300 ***
P (—4.53) (=3.60) (—12.99)
e 0.0000 *** 0.0000 ** 0.0000
(3.54) 2.32) (1.39)
~0.0000 0.0013 ~0.0001 *
TRD (—0.76) (1.29) (—1.82)
0.0001 ~0.0007 0.0010 **
TIv_GDP (0.16) (—0.68) 2.22)
0.0002 * ~0.0002 0.0004 ***
LTV_GDP (1.74) (~0.16) (15.80)
AP 0.0000 *** ~0.0000 ~0.0000 **
(4.30) (—1.31) (=2.17)
STE ~0.0001 0.0006 ~0.0001
(—0.64) (1.54) (—1.58)
0.0025 ~0.0020 ~0.0006
EPGR (0.81) (—0.38) (—0.88)
~0.0209 ** ~0.0357 ~0.0403 ***
REAS (—3.34) (—1.54) (—4.71)
. 0.0128 0.0306 0.2054 ***
(0.70) (0.99) (8.20)
R? 0.3972 0.1516 0.8776

Note: ***,** and * denote significance at the 1%, 5%, and 10% levels, respectively.
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As shown in Table 8, the 8 values for Liaoning, Jilin, and Heilongjiang are —0.1978,
—0.1594, and —0.063, respectively—all negative—indicating that agricultural green cold-
chain logistics efficiency in the three provinces exhibits conditional B-convergence.
This finding suggests a long-term tendency toward convergence in efficiency levels
across regions.

Among the explanatory variables, sewage treatment efficiency (STE) and the propor-
tion of regional environmental protection fiscal expenditure to total government expendi-
ture (EPGR) are consistently insignificant across all three provinces. Therefore, these two
variables are excluded from the subsequent analysis. Consequently, six key variables are
retained as the determinants of agricultural green cold-chain logistics efficiency: per capita
GDP (PC), the ratio of total regional import and export trade to GDP (TRD), the proportion
of tertiary industry value added to GDP (TIV_GDP), the ratio of total logistics turnover to
regional GDP (LTV_GDP), the number of internet access ports (IAP), and the number of
employees in regional environmental agencies (REAS).

To mitigate potential heteroskedasticity arising from differences in measurement units,
PC and IAP are logarithmically transformed, with the processed variables hereafter denoted
as InPC and InIAP, respectively.

4.2. Model Specification

The empirical analysis in this study is conducted using panel data. To prevent the
risk of spurious regression, both the Fisher—ADF and Fisher-PP panel unit root tests are
applied to all variables, with the results presented in Table 9. The test outcomes indicate
that all variables are stationary, confirming the suitability of the data for subsequent
econometric modeling.

Table 9. Results of Fisher-ADF and Fisher-PP Panel Unit Root Tests.

. Fisher-ADF Fisher-PP
Variable p-Value Stationarity p-Value Stationarity
InPC 0.0001 Stationary 0.0000 Stationary
TIV_GDP 0.0000 Stationary 0.0000 Stationary
LTV_GDP 0.0000 Stationary 0.0000 Stationary
InIAP 0.0000 Stationary 0.0000 Stationary
TRD 0.0000 Stationary 0.0000 Stationary
REAS 0.0000 Stationary 0.0000 Stationary

In specifying the econometric model, it is first necessary to consider whether spatial
effects exist across regions. The spatial autocorrelation analysis of agricultural green cold-
chain logistics efficiency in the three northeastern provinces yields a Moran’s Index of
—0.108 with a p-value of 0.325, indicating that spatial correlation is insignificant and can
therefore be excluded from the model specification.

Second, since the estimated values of agricultural green cold-chain logistics efficiency
across regions and years range between 0 and 2—implying a truncated distribution—the
Tobit regression model is selected as the primary econometric framework.

Third, it is essential to determine whether a fixed-effects or random-effects specifica-
tion is more appropriate. Although the Hausman test proposed by Hausman (1978) [57] is
widely applied, prior studies have noted several limitations: the test may lose statistical
power or produce unreliable results in the presence of heteroskedasticity or autocorrela-
tion [58], when the sample size is relatively small, or when explanatory variables exhibit
multicollinearity [59]. Moreover, the orthogonality assumption underlying random effects
rarely holds in practice and rejecting the random-effects model provides only statistical
confirmation rather than substantive justification. Therefore, model selection should be
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guided by theoretical reasoning rather than relying solely on statistical tests [60,61]. Given
the relatively small dataset used in this study, the Hausman test is susceptible to size
distortion; consequently, the fixed-effects panel Tobit model is ultimately adopted.

When each province is analyzed individually, the cross-sectional dimension includes
only one observational unit per province. Under such circumstances, individual fixed ef-
fects are perfectly collinear with the model’s constant term, rendering parameter estimation
infeasible. Consequently, this study employs a time-fixed-effects Tobit model, as defined
in Equation (11).

Zyy = PB1InPCy + B2TRDyy + B3TIV_GDPy + B4LIV_GDPy

, 11
+PB5InIAPy; + BeREASk + vt + €kt (

In this model, the explained variable Zj; represents the agricultural green cold-chain
logistics efficiency of city k at time ¢, B; denotes the regression coefficients, with i taking
values of 1, 2, ..., 6, where 7; is the time fixed effect term, representing individual-specific
unobservable factors, and ¢j; is the random error term.

4.3. Empirical Results

To further examine the regional disparities in the efficiency of agricultural green
cold chain logistics across the three northeastern provinces, this study conducts separate
empirical analyses for Liaoning, Jilin, and Heilongjiang. To alleviate multicollinearity and
remove insignificant variables, a stepwise regression approach is employed, and the final
estimation results are reported in Table 10.

Table 10. Panel Tobit Model Regression Results.

Explanatory Variable Liaoning Jilin Heilongjiang
InPC 0.0810 *** 0.3123 *** 0.0491 ***
(4.6421) (4.7024) (5.1594)
TRD 0.0004 * B —0.0002 **
(1.8505) (—2.5739)
0.0025 ***
TIV_GDP - - (5.9441)
0.0003 * 0.0056 ** 0.0004 ***
LTV_GDP (1.6900) (2.1943) (14.9836)
IIAP 0.1087 *** —0.1323 ** —0.0046 ***
(9.0695) (—3.5319) (—6.9546)
REAS —0.0648 *** —0.1229 *** —0.0605 ***
(—6.3628) (—3.5584) (—8.0458)

Note: ***,** and * denote significance at the 1%, 5%, and 10% levels, respectively.

Furthermore, a robustness test is performed by reducing the sample size to assess
the stability of the parameter estimates. Given the limited availability of data, only the
observations for 2008 and 2009—two years that were significantly affected by the global
financial crisis—are excluded. The robustness results are largely consistent with the em-
pirical findings presented in Table 10, with no changes observed in the direction of the
coefficients. As the robustness outcomes closely align with the original model estimates,
they are therefore not reported separately here.

The empirical results for Liaoning Province show that the coefficient of per capita
GDP is 0.0810 and is significantly positive at the 1% level. The coefficient for the ratio
of total import and export trade to GDP is 0.0004, significant at the 10% level, while the
coefficient for the ratio of total logistics turnover to regional GDP is 0.0003, also significant
at the 10% level. Moreover, the coefficient for Internet access ports is 0.1087, significantly
positive at the 1% level. These findings suggest that improvements in Liaoning’s overall
economic development, the expansion of the tertiary industry, and the advancement
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of digital infrastructure jointly contribute to higher efficiency in agricultural green cold
chain logistics. The coefficient for the number of employees in regional environmental
agencies is —0.0648, indicating that an increase in environmental agency staffing does not
necessarily enhance environmental governance and may, in fact, have a negative impact on
logistics efficiency.

For Jilin Province, the coefficient of per capita GDP is 0.3123, significantly positive
at the 1% level, and the coefficient of the ratio of total logistics turnover to regional GDP
is 0.0056, significant at the 5% level. This indicates that higher levels of overall economic
development and tertiary-industry expansion enhance the efficiency of agricultural green
cold chain logistics in Jilin. However, the coefficient of Internet access ports is —0.1323, sig-
nificant at the 5% level, and the coefficient of employees in regional environmental agencies
is —0.1229, significant at the 1% level. These findings suggest that both digitalization and
the increase in environmental agency staffing have, paradoxically, hindered improvements
in logistics efficiency in Jilin Province.

For Heilongjiang Province, the coefficient of per capita GDP is 0.0491, significantly
positive at the 1% level, while the coefficient of the ratio of total import and export trade to
GDP is —0.0002, significant at the 5% level, suggesting that the impact of economic develop-
ment on green cold chain logistics efficiency in Heilongjiang is ambiguous. The coefficients
of the share of tertiary-industry value added in GDP (0.0025) and the ratio of total logistics
turnover to regional GDP (0.0004) are both significantly positive at the 1% level, indicating
that the expansion of the tertiary sector promotes higher logistics efficiency. Regarding
informatization and environmental governance, both Internet access ports (—0.0046) and
the number of employees in environmental agencies (—0.0605) are significantly negative at
the 1% level, implying that the current levels of digital and environmental inputs may be
acting as constraints rather than enhancing the efficiency of agricultural green cold chain
logistics in Heilongjiang Province.

5. Discussion and Conclusions
5.1. Economic Development as the Primary Driver of Efficiency and Regional Disparities

Using the super-efficiency SBM model to measure the static efficiency of agricultural
green cold chain logistics in the three northeastern provinces, the results show that the
overall efficiency level remains low. The ML index analysis further indicates that efficiency
in the region increased by an annual average of 0.3% during the observation period, dis-
playing an initial rise followed by a subsequent decline. Over the past decade, the sluggish
economic growth of the three provinces has made it difficult to sustain the rapid develop-
ment of agricultural green cold chain logistics. Among them, Jilin Province exhibits the
strongest influence of per capita GDP on logistics efficiency, making it the leading province
in agricultural green cold chain logistics performance. As residents’ living standards im-
prove, the growing demand for fresh agricultural products stimulates the upgrading of
the cold chain logistics industry. Particularly in Jilin, consumers place increasing emphasis
on the freshness and nutritional preservation of specialty agricultural products such as
Yanbian rice and Changbai Mountain ginseng, prompting the province to strengthen policy
support for cold chain infrastructure. However, since Jilin’s cross-border agricultural trade
primarily involves storable commodities, the demand for cold chain services in this sector
remains weak. Consequently, the estimated coefficient for the ratio of total import and
export trade to GDP in Jilin is statistically insignificant.

The super-efficiency SBM analysis also reveals that Heilongjiang Province has the
lowest efficiency level in agricultural green cold chain logistics. Although the coefficient of
per capita GDP is significantly positive, the coefficient of the ratio of total import and export
trade to GDP is significantly negative. The main reason lies in the dominance of fresh
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primary agricultural exports—such as fruits, vegetables, meat, and poultry—to Russia. As
Chu He et al. (2020) [62] noted, these products are highly sensitive to international market
price fluctuations and typically yield profit margins below 10%, making it difficult for
enterprises to absorb the high costs of green technological upgrading. Consequently, firms
tend to continue relying on traditional cold chain models, thereby limiting improvements
in green cold chain logistics efficiency in Heilongjiang.

In contrast, Liaoning Province demonstrates a steady upward trend in green cold
chain logistics efficiency. The rightward shift in the kernel density curve at the end of the
study period compared with the initial year indicates stronger development resilience. This
improvement can be largely attributed to the significant positive impact of the ratio of
total import and export trade to GDP on agricultural green cold chain logistics efficiency.
According to the Liaoning Statistical Yearbook, agricultural trade in the province has con-
tinued to expand, with the share of import and export trade in GDP showing an upward
trajectory. To accommodate the growing scale of cross-border agricultural circulation,
the provincial government has encouraged private investment in the cold chain logistics
industry. Through policy guidance and industrial scaling, logistics enterprises have dis-
persed the costs of adopting green technologies—such as photovoltaic refrigeration systems
and hydrogen-powered refrigerated vehicles—thereby enhancing the overall efficiency of
agricultural green cold chain logistics in Liaoning Province.

5.2. Randommness of Polarization and Inevitability of Regional Efficiency Disparities

Kernel density analysis reveals that the three northeastern provinces exhibit distinct
characteristics in terms of distribution position, shape, and polarization, indicating sub-
stantial disparities in the efficiency of agricultural green cold chain logistics. Moreover,
intra-provincial differences in Liaoning show a persistently widening trend. Although the
kernel density curves of Liaoning, Jilin, and Heilongjiang display relatively low peaks, they
generally maintain a unimodal shape throughout the observation period. This suggests
that polarization in agricultural green cold chain logistics efficiency is not pronounced,
implying that most cities within each province perform close to the average efficiency level.
Such results are largely consistent with differences in overall urban development and the
ratio of total logistics turnover to regional GDP.

At the aggregate level, the three provinces did not exhibit a clear bifurcation pattern
in efficiency during most years. However, in 2014, the overall kernel density curve for the
region became bimodal. Examination of the 2014 ML index values across all cities reveals no
consistent spatial clustering among cities corresponding to the two peaks, suggesting that
the observed polarization that year was largely random rather than structural in nature.

The Dagum Gini coefficient analysis demonstrates a marked expansion of inter-
provincial disparities in agricultural green cold chain logistics efficiency across the three
provinces. For a considerable period, the efficiency gap between Jilin and Heilongjiang
exceeded that between Liaoning and the other two provinces, but this pattern reversed
during the later stage of the observation period. Overall, the inter-provincial differences
between Liaoning and the other two provinces have continued to broaden, whereas the gap
between Jilin and Heilongjiang has gradually narrowed. The primary source of efficiency
disparities lies in inter-provincial differences, followed by transvariation intensity. This
outcome is structurally inevitable, as Liaoning has demonstrated superior performance in
comprehensive economic development, tertiary-industry expansion, and digitalization in
recent years. Empirical evidence further supports this finding: except for the number of
environmental agency employees—which shows a significantly negative coefficient across
all three models—only Liaoning’s significant variables exhibit uniformly positive effects
on agricultural green cold chain logistics efficiency. Hence, the inter-provincial disparities
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among the three northeastern provinces primarily stem from uneven levels of key influenc-
ing factors, whereas intra-provincial disparities among cities remain relatively limited.

5.3. The Regional “Digitalization Paradox” and the Marginal Negative Utility of Government Sectors

In terms of informatization, the coefficient of Internet access ports has a significant pos-
itive effect on the efficiency of agricultural green cold chain logistics in Liaoning Province,
but a significant negative effect in Jilin and Heilongjiang. This finding indicates that a
more developed digital infrastructure does not necessarily translate into higher sectoral
efficiency. The results confirm the existence of a “digitalization paradox” in agricultural
green logistics across the three northeastern provinces. According to Wang et al. (2016) [63],
the degree of information sharing among nodes within the cold-chain Internet of Things
(IoT) system is a key determinant of operational efficiency. The underlying cause of this
paradox likely lies in the misalignment between the level of information sharing and the
coordination of digital infrastructure—specifically, a mismatch between informatization
and the coupling strength of agricultural green cold chain logistics efficiency.

Liaoning has effectively capitalized on its expanding Internet access network to estab-
lish a province-wide public logistics information platform. By developing a real-time traffic
information-sharing system, the province has reduced empty miles and fuel consumption,
thereby improving the efficiency of agricultural green cold chain logistics. In contrast, most
cold-chain enterprises in Heilongjiang and Jilin have yet to deploy IoT-based temperature-
control systems or route-optimization algorithms. As a result, traffic information cannot
be synchronized with cold-chain transport demand in real time, leading to mismatches
in digital management across the supply chain and exacerbating the waste of electricity
and fuel.

Regarding environmental governance, the impact of the number of employees in
regional environmental agencies on agricultural green cold chain logistics efficiency varies
slightly across the three provinces but remains consistently negative. Using the number of
environmental personnel as a proxy for environmental performance is clearly inadequate,
as it fails to capture the quality or effectiveness of governance, potentially biasing the
analysis of its relationship with logistics efficiency. Nevertheless, the empirical results
reveal a statistically significant negative association between environmental agency staffing
and logistics efficiency, suggesting that an increase in personnel does not enhance efficiency
but instead contributes to its decline. Because this variable primarily reflects staffing within
government institutions, the findings indicate the presence of a “marginal negative utility”
effect among environmental regulatory authorities in the three northeastern provinces.
Tu Jian (2025) [64] argues that stricter environmental regulation can increase firms’ green
investment burdens, thereby reducing logistics efficiency. The root cause lies in internal
bureaucratic processes within government environmental departments, which raise opera-
tional costs for logistics enterprises and ultimately constrain the improvement of regional
green logistics efficiency.

6. Policy Recommendations and Research Implications

The overall efficiency of agricultural green cold chain logistics in the three northeastern
provinces remains relatively low, and the regional disparities in efficiency are closely linked
to varying degrees of policy support across provinces. To further improve efficiency and
narrow regional gaps, this study puts forward several policy recommendations based on
the aforementioned empirical findings.

First, local governments should implement differentiated incentive mechanisms to
encourage logistics enterprises to adopt green energy and pursue technological innovation
in green cold chain logistics. Key policy tools may include the establishment of dedicated
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funds for agricultural green logistics, financial subsidies, and tax incentives for green
logistics enterprises. At present, cold chain enterprises face high initial costs for adopting
green technologies and may experience sustained operational pressure over time. Given
differences in enterprise resources and regional logistics infrastructure, subsidy standards
should be designed with both sectoral and regional differentiation. Governments should
offer one-time subsidies for technology upgrading and equipment replacement, such as
providing at least 10% of the investment amount for the procurement of automated loading
and unloading systems or solar-powered cold storage facilities that enhance operational
efficiency and energy conservation. In regions with underdeveloped logistics infrastructure,
the subsidy proportion should be appropriately increased. For the transportation stage,
operational subsidies should be granted to green-energy vehicles, with the amount calcu-
lated based on refrigerated-truck mileage. The duration of subsidies can be determined
by vehicle performance, and in colder regions, the period should be extended to promote
the regular use of green vehicles. Moreover, governments should provide substantial tax
reductions for enterprises engaged in green logistics R&D, thereby fostering independent
innovation. Simultaneously, government agencies should accelerate the implementation of
green cold chain standards—such as the standardization of cold storage components and
transport modules—and encourage enterprises to integrate green certification and testing
mechanisms into agricultural logistics. Finally, environmental regulators should strengthen
institutional frameworks by incorporating agricultural cold chain logistics into the scope of
environmental supervision and developing sector standards and regulatory protocols for
this industry.

Second, governments should take the lead in embedding the concept of the sharing
economy into agricultural green cold chain logistics. The sharing model should focus on
three dimensions: infrastructure sharing, information sharing, and order sharing. Shared
green logistics infrastructure can increase the utilization rate of idle facilities and alleviate
shortages of green logistics resources within some enterprises. Governments should pro-
mote the development of shared cold storage platforms that integrate scattered storage
resources and provide on-demand services or establish regional green joint-distribution
centers in designated areas managed by professional operators. Beyond storage, these
centers should provide green refrigerated vehicle services to promote intensive and circular
distribution. Government agencies should also collaborate to establish a unified cold chain
logistics information platform. This platform would enhance coordination between infor-
mation sharing and digital infrastructure across the three northeastern provinces, reducing
mismatches between informatization and logistics efficiency. It should provide data on
the utilization status of shared facilities, as well as comprehensive service information
across the agricultural cold chain, including real-time traffic conditions, weather forecasts,
and optimized routing recommendations. Meanwhile, authorities could use the platform
for precise monitoring of cold chain transport data, improving both the effectiveness and
accountability of green logistics subsidies. Order sharing—representing a higher level of in-
formation integration—should primarily target small, dispersed orders across regions and
time. It can be implemented through the information platform or operated independently
by a fourth-party public logistics trading platform. Importantly, order sharing should
include major producers in agricultural areas. Once registered on the platform, vehicles
from either logistics enterprises or upstream firms with transport qualifications can be
automatically matched with orders through algorithmic scheduling, significantly reducing
the empty-load rate of green transport vehicles and improving overall efficiency.

Third, promoting green financial innovation is essential for advancing agricultural
green cold chain logistics. Although the industry’s scale has expanded steadily, the level
of financial support for green logistics varies considerably across regions. One of the
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core challenges in enhancing efficiency and narrowing gaps lies in resolving the financing
difficulties faced by cold chain enterprises, especially small and medium-sized firms that
remain constrained by commercial banks’ risk aversion. Green financial innovation should
focus on two dimensions: green credit and carbon finance. Regarding green credit, financial
institutions should design tailored financial products for agricultural logistics and leverage
digital logistics data to evaluate firms’ creditworthiness. By integrating information from
shared platforms, banks can more accurately assess firms’ operational performance and
asset quality, thereby developing data-driven, risk-adjusted green credit products that
support low-carbon, digitalized logistics. Carbon finance, in turn, represents the most
direct channel for providing financial returns on green investments. For agricultural cold
chain logistics, carbon-finance mechanisms should evolve along two directions. First,
the diversification of carbon assets should be expanded, as tradable carbon assets can
emerge at multiple stages of the supply chain, though their quality varies. However,
current carbon-accounting practices remain narrow, and carbon-pricing mechanisms are
still immature. Second, carbon finance should be integrated with green credit and green
bonds to form innovative hybrid products. As carbon-asset valuation systems and credit
assessment frameworks mature, carbon assets will play a greater role in mobilizing capital
and incentivizing sustained green investment.

Nonetheless, the implementation of these policy recommendations must rest on a
sound economic foundation and align with regional development trajectories. Ultimately,
economic growth remains the fundamental driver of improvements in agricultural green
cold chain logistics efficiency. Each region should define its strategic positioning and
formulate long-term logistics plans to avoid both undercapacity and resource misallocation.
Reducing carbon emissions in agricultural cold chain logistics is a systemic undertak-
ing that requires the coordinated engagement of enterprises, production factors, and
public resources.

7. Limitations and Future Research Directions

Despite its contributions, this study has several limitations that warrant further inves-
tigation and refinement in future research.

First, data constraints have posed notable challenges, particularly regarding the ap-
propriateness and completeness of indicator selection. For instance, the use of the value
added of the tertiary industry as an output indicator and the number of employees in
environmental institutions as a proxy for environmental performance remains open to
debate. Some potentially more representative indicators could not be included due to data
unavailability. Similar limitations apply to the measurement of undesirable outputs. For
example, undesirable outputs in agricultural cold chain logistics could include cold chain
waste generation; however, because relevant data were inaccessible, this study relied on
carbon emissions from the logistics industry as a proxy. As data collection and statistical
coverage improve, future research should refine both the measurement of green cold chain
logistics efficiency and the modeling of regional heterogeneity through the adoption of
more accurate and comprehensive indicators.

Second, the empirical analysis did not account for potential temporal structural effects.
In the econometric model, certain macroeconomic variables may undergo regime shifts,
and some may even exhibit opposite relationships before and after such transitions. Given
the relatively short time span of the dataset used—and the fact that all variables passed sta-
tionarity tests—the empirical results may be affected by sample constraints. Future studies
should pay closer attention to structural changes in time-series data and further refine the
analytical framework to more precisely capture the dynamic relationships among variables.
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Third, the analysis of the determinants of regional disparities in agricultural green cold
chain logistics efficiency still warrants deeper and more systematic exploration. The current
discussion primarily draws upon spatial features revealed in efficiency measurements and
the results of empirical estimation. To uncover the underlying drivers of regional differenti-
ation and formulate more effective policy recommendations, future research could combine
field surveys, expanded data collection, and big data mining techniques. These approaches
would provide a more comprehensive and scientifically grounded understanding of the
sources of efficiency heterogeneity across regions.
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