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Abstract

Purpose — Assessing the efficiency of fresh food cold chain logistics as accurately as possible is essential for
industry development planning. This study was designed to analyze the efficiency of fresh food cold chain

logistics in China.

Design/methodology/approach — A three-stage data envelopment analysis (DEA) model was used to
analyze the efficiency of fresh food cold chain logistics in 30 provinces of China from 2013 to 2019. The
stochastic frontier analysis (SFA) model in the second stage was used to eliminate the influence of external

environmental factors and random disturbances on efficiency analysis results.

Findings — (1) The overall actual efficiency of fresh food cold chain logistics in China is unsatisfactory, with
an average technical efficiency of 0.382 over the 7-year period. (2) The national average technical efficiency and
average scale efficiency were overestimated by 29.9% and 40.0%, respectively, compared with the actual
values. (3) The efficiency of fresh food cold chain logistics does not align with the level of regional economic
development. (4) Distinct regional variations exist in the efficiency of fresh food cold chain logistics in China,
with higher efficiencies observed in Northwest China and the Central Yangtze River regions, and the lowest

efficiencies in the northeast regions.

Originality/value — This study applies a three-stage DEA model to assess the development and regional
differences of fresh food cold chain logistics in China, enriching the application of models and empirical
analysis in this field. By analyzing the situation in China, it provides ideas and references for other developing

countries to develop cold chain logistics.
Keywords Efficiency, Fresh food, Cold chain logistics, Three-stage DEA
Paper type Research paper

1. Introduction

As consumer demand for safe and high-quality items, particularly fresh foods, increases, so
does the need for cold chain logistics (Trienekens et al., 2012). According to the China Cold
Chain Logistics Development Report (2022), China’s total demand for food cold chain
logistics reached 302 million tons in 2021, showing a 13.96% rise over the previous year. The
market size for China’s cold chain logistics reached 458.60 billion yuan in 2021, indicating
substantial growth and rapid development in the cold chain logistics industry. Even so,

' China’s fresh food cold chain logistics still faces many challenges.
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The fresh food supply chain is intricate, posing challenges to the efficient development of Journal of

cold chain logistics. Factors such as moisture evaporation, cellular respiration leading to Inte_rn_ational
spoilage and nutrient loss (Amorim and Almada-Lobo, 2014; Han et al, 2021) and Logistics and
participation of various intermediaries (farmers, wholesalers, distributors, supermarkets, Trade

etc.) make appropriate refrigerated transport conditions critical for fresh food preservation

(Zhao et al., 2018; Raut et al., 2019). Compared with typical developed countries (e.g. the

United States, Canada, Japan, etc.), China still has problems such as resource wastage, 159
inadequate infrastructure, low levels of specialization, and underdeveloped policies and
standards (Zhao et al., 2018; Han et al., 2021). Due to the uneven distribution of economic
development, population distribution and food production in different regions, the
development degree of China’s cold chain logistics varies greatly among regions (Dong
et al, 2020; He et al, 2024). Similarly, developing countries such as Thailand, India and
Malaysia, which have substantial agricultural product sectors, have similar issues in their
cold chain logistics industries (Abu Hassan ef al., 2021; Ortiz-Gonzalo et al., 2021; Kumar and
Agrawal, 2023). Analyzing the development of cold chain logistics in China can provide a
reference for these countries.

To achieve sustainable growth in the fresh food cold chain logistics industry, enhanced
economic efficiency is imperative (Wang et al., 2022). To do this, it is necessary to first
identify the level of efficiency and the factors that affect it. The results are then used to make
recommendations for improving efficiency accordingly. There are many widely used models
for measuring economic efficiency, such as data envelopment analysis (DEA) (Solow, 1957;
Charnes et al., 1978), stochastic frontier analysis (SFA) (Aigner et al., 1977), total factor
productivity (TFP) (Solow, 1957), and so on. DEA is nonparametric but does not account for
random errors. SFA is parametric and requires assumptions about the form of the production
function. The three-stage DEA model combines DEA and SFA, which can eliminate the
influence of environmental factors and stochastic errors to obtain more realistic efficiency
values.

Therefore, this study calculated the relative economic efficiency of fresh food cold chain
logistics in 30 provinces of China from 2013 to 2019 by applying a three-stage DEA model. In
the second stage of DEA, this study analyzed the impact of environmental variables on
efficiency. After removing external influences, the study compared the actual efficiency of
different regions, made recommendations for improving efficiency and provided a reference
for other developing countries.

The remainder of this study is presented below. Section 2 reviews the literature on
research on the fresh food cold chain and the application of DEA methods in cold chain
logistics. Section 3 describes the methodology. Section 4 describes the data set and the
selected indicators. Section 5 shows the obtained computational results and the analytical
discussion of them. Section 6 presents the main conclusions of the study.

2. Literature review

2.1 Fresh food cold chain logistics

Cold chain logistics can be understood as logistics activities that take place under
refrigerated and frozen conditions. Cold chain can provide a suitable temperature and
moderate environment for the production, processing, storage and transportation of fresh
food products (Ren et al., 2022). This aspect of cold chain logistics activities is fresh food cold
chain logistics. In the fresh food cold chain logistics area, many scholars have focused their
research on the analysis of influencing factors, the use of technology and supply chain
operations in cold chain logistics. By using case studies and combining methods and
techniques with practical applications, they focus more on achieving the cold chain transport
process for agricultural products. Kuo and Chen (2010) proposed a logistics service model
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JILT based on a multi-temperature joint distribution system. Amorim and Almada-Lobo (2014)

29 4 constructed a model to maximize the freshness of fresh food and minimize distribution costs.

’ Using a ribonucleic acid-ant colony optimization algorithm, Zhang et al. (2019) introduced

low-carbon economic variables and developed a cold chain logistics path optimization model.

With the continued development of cold chain logistics, scholars have also evaluated and

analyzed the efficiency of fresh food cold chain logistics for a particular region or company.

160 Joshi et al. (2011) evaluated the efficiency of the company’s cold chain logistics using Delphi,

analytic hierarchy process (AHP) and Technique for Order Preference by Similarity to an

Ideal Solution (TOPSIS). Based on the DEA model and Malmquist index model, Zhong (2014)

assessed the efficiency of agricultural logistics in 24 provinces of China from 2008 to 2011.

Duman et al. (2017) measured the overall operational efficiency of the food industry through a

combination of fuzzy AHP, DEA and TOPSIS methods. Yu et al. (2020) analyzed the cold

chain logistics efficiency of agricultural products in Jilin Province, China from 2009 to 2018
based on the DEA model.

In short, the existing literature on fresh food cold chain logistics focuses mostly on
technical improvements, management strategies and policy analysis, but the systematic
assessment of cold chain logistics efficiency is more limited, especially the lack of analysis of
efficiency differences and their causes.

2.2 Application of the DEA model

Charnes et al. (1978) proposed a DEA method to evaluate the efficiency of each decision-
making unit (DMU) relative to the best-performing units within the same dataset by
comparing their inputs and outputs. The basic DEA model Charnes et al. (1978) developed
was named the CCR model after them. CCR model means that all DMUs operate under the
condition of constant return to scale (CRS). Based on the CCR model, Banker ef al. (1989)
established the BCC model of variable return to scale (VRS).

In recent years, DEA has been widely used in efficiency measurement studies in logistics.
The CCR and BCC models had been used to research the efficiency of agricultural logistics in
Jiangsu (Yu et al., 2019) and Jilin (Yu et al., 2020) Provinces in China. Hamdan and Rogers
(2008) presented a revised DEA model and constructed an index evaluation system to
analyze the efficiency of 19 warehousing centers of a third-party logistics enterprise in the
United States. Wu et al (2019) extended the DEA model by breaking the homogeneity
assumption of the traditional DEA model. The CCR-DEA and BCC-DEA models are radial
models, emphasizing the same proportional increase or decrease of inputs and outputs. Slack
variables derived from the radial model might lead to deviations in the measurement results
from the actual situation. Accordingly, Tone (2001) proposed a slacks-based measure (SBM)
model, a non-radial DEA model that can overcome the defect well. Ho ef al. (2022) used the
super-SBM model to assess the performance of logistics companies in Vietnam before and
after strategic alliances, which provides a reference for logistics companies to choose
partners.

The basic DEA and its improved models are single-stage DEA models. They consider
only controllable inputs and outputs, thus ignoring the impact of environmental and other
uncontrollable factors on efficiency. As a result, some researchers have examined the impact
of uncontrollable factors on efficiency by including regression analysis as a second stage
following DEA calculations. Rodrigues ef al. (2018) used CCR, BCC and robust regression
approach to identify the variables affecting the efficiency of third-party logistics (3PL)
providers in refrigeration services. Zheng et al (2020) integrated the SBM model and
hierarchical regression to discuss how internal and external factors influence regional
logistics efficiency. However, two-stage DEA models sometimes fail to adequately isolate the
impacts of external factors and statistical noise, resulting in less accurate efficiency
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estimates. To address this limitation, Fried et al. (2002) proposed a three-stage DEA model Journal of

based on BCC model and SFA (Aigner et al, 1977). Based on the BCC model’s initial International
calculations, SFA is employed in the second stage to distinguish the influence of external Logistics and
environmental elements from statistical noise. Following that, BCC is applied again to the Trade

modified data, yielding more precise efficiency estimates. Yan and Zhang (2011) used a three-

stage DEA model to calculate the logistics efficiency in 31 provinces in China. Chen ef al.

(2021) measured the agricultural green total factor productivity by using a three-stage SBM- 161
DEA model. Liang et al. (2022) used the three-stage super-SBM model and Malmquist index
model to evaluate the logistics efficiency of 13 cities in Jiangsu Province. Scholars in the field
of logistics have constructed their own DEA indicators for studying from different
perspectives, such as geography and companies. Table 1 summarizes some of the indicator
systems for DEA models in logistics.

Although DEA models are widely used in logistics efficiency evaluation, there are still
fewer studies on the application of three-stage DEA models in the field of cold chain logistics,
especially fresh cold chain logistics. Most of the existing studies using three-stage DEA
models were based on CCR and BCC models, and fewer used more advanced DEA models
such as SBM.

Therefore, by applying a three-stage SBM-DEA model to assess the efficiency of fresh
food cold chain logistics in 30 provinces in China, this study enriches the research on model
application and empirical analysis. This study revealed regional differences by
comparatively analyzing the efficiency of different provinces and economic zones over the
period 2013-2019. By analyzing the main factors affecting efficiency, the study provided
appropriate recommendations.

3. Methodology

This study focused on efficiency as the relationship between inputs and outputs in the fresh
food cold chain logistics industry. Traditional DEA models are not able to identify the effects
of environmental factors and stochastic noise on efficiency. Two-stage DEA combined with
regression analysis can separate the effects of uncontrollable factors from the efficiency
results and adjust the efficiency results. The three-stage DEA model proposed by Fried et al.
(2002) based on this, adjusts the inputs or outputs to make the measurements closer to reality.
The first stage of the traditional three-stage DEA model uses the radial CCR or BBC model.
This study used the non-radial SBM-DEA model (Tone, 2001) to identify slack variable
values more accurately. SFA (Aigner et al., 1977) and DEA are both commonly used methods
for measuring efficiency. DEA is a non-parametric approach that assesses relative efficiency
by constructing a production frontier surface. The efficiency measured by DEA is not
affected by the unit of data selected. SFA is a parametric approach that requires a pre-
determined form of the production function to estimate the parameters, which allows for the
division of the error term into stochastic noise and managerial inefficiencies (Bogetoft and
Otto, 2010). The three-stage DEA model combines the advantages of these two models. After
obtaining the results from the SBM model, the outputs can be adjusted to remove
environmental factors using the SFA model. The third stage utilizes the SBM model to
evaluate the adjusted data to produce more accurate and fairer results.

3.1 SBM-DEA model
Assuming that there are N homogeneous DMUs to be evaluated, each DMU has M kinds of
inputs and R kinds of outputs. For DMU,(k=1,2,...,N), the input vector is

Kk = (X1p, X2, - - ., Xae) and the output vector is ¥, = (Vir, Yok, - - - ,¥xe)- The basic SBM
model for £-th DMU with VRS is shown in Model (1).
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Environmental
22,4 Authors Methods Inputs Outputs variables Sample
Rodrigues  CCR, BCC, Number of Gross revenues, Transportation 45 3PL cold
etal (2018)  Robust employees, Number of clients services, chain
regression Total warehouse Inventory and providers in
area, Number of warehousing Brazil (2008—
1 62 total warehouses services, Value- 2016)
added services,
Legislation-
related service
Deng etal.  SBM, PCA, Highway Logistics industry Economic 30 provinces
(2020) Tobit model  mileage, added value, development, in China
Number of road  Logistics industry Industrial (2016)
trucks, Fixed carbon emissions structure,
asset Government
investment, expenditure,
Number of legal Energy structure
entities, Average
salary of
employed
persons
Dixitetal ~ CCR, BCC Warehouse Order fill rate, - 30 drug
(2020) storage capacity, Number of generic warehouses
Temperature- drugs, Volume of in India
controlled drugs, Consumption
storage capacity, points, Inventory
Number of turns ratio, Time
skilled efficiency
employees,
Operational cost
Lu et al. Three-stage Net fixed assets, Return on total The 29 listed
(2020) DEA (BCC- Employee assets, Operating establishment logistics
SFA-BCC) salary, Main revenue growth rate,  years of the enterprises
business cost, Cold chain delivery  enterprise, Local  in China
Environmental on ton-timeline rate  GDP, Proportion  (2018)
protection of cold chain
investment rate, assets
Cold chain
technology
investment rate
Tianetal.  Factor Total Economic loss of - Sixteen
(2020) analysis investment in traffic accidents, years as the
method, fixed assets, Proportion of DMUs,
Super- Number of employees in junior Shaanxi
efficiency employees, college and higher province in
SBM-DEA Proportion of education, GDP of China (2000—
model with living transportation, 2015)
Table 1. weighting expenditure in Average earnings of
Inputs, outputs and preference the _ employees etc.
environmental transportation
variables of DEA in the sector
related logistics field
literature (continued)
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Environmental
Authors Methods Inputs Outputs variables Sample
Yu et al. CCR, BCC Number of The added value of - Ten years as
(2020) employees in the  agricultural product the DMU,
agricultural logistics Jilin province
product logistics in China
industry, Fixed (2009-2018)
assets
investment
amount of
agricultural
product logistics
Zheng SBM, Investment in Cargo volume, Gross ~ Regional 18 provinces
etal (2020) Hierarchical fixed assets, product of the population, in China
regression Length of the logistics industry, Economic along the
logistics Carbon emissions development Belt and
network, Postal level, Opening Road
outlets, up level, Initiative
Terminal energy Specialization (2007-2017)
consumption degree of
logistics
industry,
Government
support,
Government
regulation
Gan et al. Three-stage Fixed assets Totalamount of post GDP, R&D 11 cities in
(2022) DEA (BCC- investment, and expenditure Jiangxi
SFA-BCC) Energy telecommunication (Scientific Province in
consumption, business, Added research funds China (2013—
Number of value of tertiary and the cost of 2019)
employees industry scientific
research)
Jiang et al.  Cross- Number of Urban GDP, Cargo - 16 cities in
(2022) efficiency logistics turnover, CO, the Anhui
evaluation, employees, emissions from Province of
secondary Ownership of electricity China (2019)
goal model civil vehicles,
Mileage of class
highway
Lietal Four-stage Total length of Annual inbound and ~ GDP of port 20 coastal
(2022) DEA (BCC- each production  outbound cargo hinterland cities, ports in
SFA-BCC- berth, Number of  volume, Annual Fixed asset China (2014—
Tobit) berths used for inbound and investment in 2018)
port operations outbound container  tertiary industry,
volume Total import and
export volume of
port hinterland
cities, Highway
network density,
Number of buses
(electric) in
hinterland cities
(continued)

Journal of
International
Logistics and

Trade

163

Table 1.
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29 4 Environmental
y Authors Methods Inputs Outputs variables Sample
Liang et al.  Three-stage Total mileage, Freight volume, Logistics 13 cities in
(2022) DEA (Super-  Capital stock, Cargo turnover, industry density, Jiangsu
SBM-SFA- Number of GDP of the logistics ~ Urbanization province in
Super-SBM, employees industry, CO2 level, Logistics China (2010~
164 Malmquist) emission specialization 2020)
level
Ran et al. Three-stage Fixed asset Volume of freight Consumption 31 provinces
(2022) DEA (BCC- investment, transport, Rotation level of regional  in China
SFA-BCC) Number of volume of freight residents, Total (2009-2018)
employees, transport, GDP of retail sales of
Proportion of the logistics social consumer
financial industry goods, Regional
expenditure of per capita GDP
logistics
industry in local
financial
expenditure
Table 1. Source(s): Table summarized by authors
1 M
L= 3" S/ %ok
. M m=1
Minp, =
1R
1+= Z S:;z Yok
R r=1
N
s.t. Zzlnxmn +S,,=%m,me (1,2,....M)
n=1

N @)
Zﬂnym - S:}; =Y, 7 E (1,2, 7R)

n=1

N
> =1
n=1

1117 ;l]wS;(ZO

n=12,..,.N

DEA models can be categorized into input-oriented and output-oriented models (Tone, 2001;
Cook et al, 2014). Output-oriented models are more concerned with producing as much
output as possible rather than cutting inputs (Dixit et al., 2020). China’s fresh food cold chain
logistics is still rapidly developing. This study hoped to maximize the outputs with the
available resources. Therefore, the output-oriented SBM model (Model (2)) based on Model (1)
was chosen to identify which output indicators can be further improved. p;, is the
efficiency value.
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N
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n=1

N
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n=12,..,N
In Model (1) and (2), 4, = (41,42, - . ., Ay) is the unknown non-negative weight vector used to
construct the reference sets. The reference sets Zﬁ/:l AnXpm and 21!:1 A constitutes the

efficiency frontier of the DEA through linear combinations. S, and S, are the slack
variables of input x,,, and output y,,, respectively. They indicate the gap between the inputs
and outputs of DMUs and the production frontier (optimal combination). p;, and py, is the
efficiency value, between 0 and 1. If p;, = 1 and S;,, = S, = 0, the DMU is efficient. The
efficiency obtained from Model (2) is pure technical efficiency (PTE), which reflects how
effectively the DMU is managed and operated at optimal size. Model (2) with the convexity
constraint 3> | 2, = 1removed is the output-oriented SBM model under the CRS condition
and can obtain technical efficiency (TE). TE refers to the efficiency of actual output compared
to the optimal frontier. Scale efficiency (SE) is the ratio of TE to PTE and reflects the
efficiency of the current production scale compared to the optimal production scale (Dixit
et al., 2020).

3.2 The three-stage DEA model

3.2.1 The first stage: efficiency measurement of output-oviented SBM model. In the first stage,
a preliminary analysis of the input and output data collected from the research subject is
conducted by applying the output-oriented SBM-DEA model. This study can obtain TE, PT,
SE and S}, using RStudio software.

3.2.2 The second stage: SFA regression analysis. The second stage focuses on slack
variables of output indicators. The slack variables are influenced by environmental effects,
managerial inefficiencies and statistical noise. SFA regression can decompose S, of the first
stage into the three effects mentioned above.

The following SFA regression function can be constructed.

St =FfZw p)+om+up,r=12,... Ry k=1,2,... N 3
F(Zi; B) = Bo + Brzue + Pozar + - - . + Przm )
where S}, is the slack value of the 7-th output indicator of the &-thDMU. Z, = (21, 2, - - - , 2m%)

is the vector of P environmental variables for the &th DMU. g = (4,5, ..., Pp) is the
coefficient of the environmental variable Z,.. f, is a constant term. f(Z; f) is a regression
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JILT function describing the effect of environmental variables on the slack values. v, + u,; is a

22, 4 mixed error term. v,, indicates stochastic interference and v,;, ~ N (0, af) ,1,1s a non-negative
random variable that reflects managerial inefficiency and u,, ~ N (0, 62).

By maximum likelihood estimation, regression model (3) can estimate the parameters j, 6>

and 6% If y = ‘f 5 1s close to 1, management inefficiency is the main effect on the slack

variable. Accordmg to the model of Jondrow ef al (1982), the expected value of the
166 management inefficiency term can be calculated by equation (5). Then, equation (6) can
calculate the expected value of statistical noise.

fas o, +o0 (f) €0,
Blalen) =5 oy o
pt 1.3 U

©)

E@plen) = S}y — Zf — Elen) ©)

where &, = v, + t, 6° = 0,> + 0,2 The output variables of DMUs can be adjusted
according to the regression results by using equation (7).

y:}( =Y + [max(f(Zk, B)) _f(Zk7 B)] + [maX(ﬁf\k) - Z/}\Vk]ar = 1727 cee 7R; k = 1727 oo 7N
)

¥,, is the adjusted output. v, is the original output. [max(f(Z; ,/B)) —f(Z; ﬁ)] can adjust all
DMUs to the same environment. [max(v,;) — ;] represents elimination of the effects of
statistical noise.

3.2.3 The third stage: DEA efficiency analysis of adjusted input-output variables. The third
stage repeats the first stage. This stage replaces the original output y,, with the adjusted
output y;,. The resulting efficiency values have been removed from the effects of
environmental and random factors. The results provide a more objective and effective
reflection of the development level of fresh food cold chain logistics in China.

4. DMUs, indicators and data

4.1 DMUs and regional division

Based on a report issued by the Development Research Centre of the State Council, this study
divided the 30 provinces (as DMUs) into eight economic regions. The division of economic
zones is based on characteristics such as geography, distribution of natural resources and
industrial structure. The detailed provinces of eight regions are shown in Figure 1 and
Table 2.

4.2 Selection of indicators

Based on the principle that the number of DMUs of the DEA model is not less than twice the
sum of the number of input and output indicators (Avkiran, 2001; Chen and Jia, 2017; Zheng
et al.,, 2020), this study selected 3 input indicators and 2 output indicators. For DEA models, it
is important for selecting indicators to consider the validity, importance, correlation,
comparability and operability of the indicators (Luo et al., 2012; Cook et al., 2014; Liang et al.,
2022). This means that the indicators used should sufficiently reflect the industry’s
operations and features while also allowing for vertical and horizontal comparisons among
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No data regions
9 Northeast China
= Northern Coast
1 Eastern Coast
= Southern Coast
23 Central Yellow River
mm Central Yangtze River
9 Southwest China
mm Northwest China

Source(s): Authors” own work
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Figure 1.
The detailed provinces
of eight regions

Regional division

Provinces in the region

Northeast China
Northern Coast
Eastern Coast
Southern Coast
Central Yellow River
Central Yangtze River
Southwest China
Northwest China

Source(s): Authors’ own work

Liaoning, Jilin, Heilongjiang

Beijing, Tianjin, Hebei, Shandong

Shanghai, Jiangsu, Zhejiang

Fujian, Guangdong, Hainan

Shanxi, Inner Mongolia, Henan, Shaanxi

Anhui, Jiangxi, Hubei, Hunan

Guangxi, Chongqing, Sichuan, Guizhou, Yunnan Table 2.

Gansu, Qinghai, Ningxia, Xinjiang The detailed provinces
of eight regions

DMUs. Indicator data should be straightforward to gather and come from reliable sources.
Table 3 shows the indicators considered for the study based on these concepts and related

literature.

Input factors include financial, human and material resources in the process of cold chain
logistics activities. According to other researchers’ studies, fixed asset investment and the
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29 4 Type Indicator Definition Unit Literature sources
b
Input Fixed asset Total amount of fresh food 100 million  Deng ef al. (2020), Lu
investment cold chain logistics fixed yuan et al. (2020), Tian et al.
asset investment (2020), Yu et al. (2020),
Zheng et al. (2020), Gan
et al. (2022), Liang et al.
168 (2022), Ran et al. (2022)
Employees Total number of employees 10 Rodrigues et al. (2018),
related to logistics thousand Dixit et al (2020), Jiang
people et al. (2022), Tian et al.
(2020), Yu et al. (2020),
Gan et al. (2022), Liang
et al. (2022), Ran et al.
(2022)
Cold storage Total capacity of cold 10 Dixit et al. (2020)
storage thousand
tons
Output Freight volume  Total freight volume of 10 Jiang et al. (2022), Zheng
fresh food cold chain thousand et al. (2020), Liang et al.
logistics tons (2022), Ran et al. (2022)
Industry value  Total added value of fresh 100 million  Deng ef al. (2020), Yu
added food cold chain logistics yuan et al. (2020), Gan et al.
industry (2022)
Environmental Regional The total regional GDP 100 million  Lu et al. (2020), Gan et al.
Variables development yuan (2022), Li et al. (2022),
level Ran et al. (2022)
Regional Year-end population of the 10 Zheng et al. (2020), Liang
population size  region thousand et al. (2022)
people
Government The ratio of local - Zheng et al. (2020), Gan
support government’s financial et al. (2022)
Table 3. expenditures on
Fresh food cold chain transportation to general

logistics evaluation budget expenditures

indicator system Source(s): Authors’ own work

number of employees are frequently considered inputs. Fixed asset investment is an
important metric for evaluating efficiency in the fresh food cold chain logistics. The number
of employees can indicate the amount of labor input in the industry. Cold storage is essential
for preserving fresh foods. Cold storage capacity can reflect the ability of cold chain logistics
operation.

Output factors are the tangible and intangible outputs obtained from the participation of
input factors in productive activities. In the logistics industry, tangible outputs include
freight volume and cargo turnover. Intangible outputs are economic outputs, which can be
reflected by gross industrial output, operating income and industry value added. Due to data
operability, freight volume and industry value added were selected as output indicators for
this study.

To ensure the scientific validity of the measurement results of fresh cold chain logistics
efficiency, this study applied RStudio software to make Pearson correlation tests on input
and output indicators (Table 4). The results show that the Pearson correlation coefficients of
the input and output indicators selected in this study are positive and significant at the 1%
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level. This indicates that there are positive correlations between the indicators. The selected Journal of

indicators are reasonable. International
Environment variables can impact the efficiency of DMUs, and they are not subject to Logistics and
subjective control by DMUSs themselves. GDP can reflect the level of economic development Trade

and people’s living standards in a region. It has an impact on the capital environment of fresh

food cold chain logistics because of the large regional differences. Population distribution is

highly correlated with freight activity (Kang, 2020). Logistics companies consider more 169
populated areas when making location decisions (Nguyen and Sano, 2010) because areas
with large population sizes can provide relatively more labor force. The level of government
support would affect the local incentive to develop cold chain logistics, such as financial
subsidies provided by different local governments, policy support for infrastructure and so
on. The government support selected for this study uses the ratio of local government
expenditures on transportation to general budget expenditures.

4.3 Data sources and processing

This study is based on a research sample of 30 provincial-level administrative regions (or
municipalities directly under the central government), excluding Hong Kong, Macao,
Taiwan and Tibet. The study period is from 2013 to 2019. The relevant raw data were
obtained from the 2014-2020 “China Statistical Yearbook”, “China Rural Statistical
Yearbook”, “China Logistics Statistical Yearbook”, “China Cold Chain Logistics
Development Report” and the official website of the National Bureau of Statistics. Due to
COVID-19 in 2020, cold storage capacity data from the same data source is not available after
2019. Referring to the scope of the literature in Table 1, the use of multi-period data can
identify the changes in DMUs in terms of efficiency, which helps to find the factors affecting
the changes. This still has generalized empirical value for the development evaluation of the
fresh food cold chain logistics industry.

Since there is no complete statistical data specifically for the logistics industry in China,
the data of some indicators are not directly available. According to the China Logistics
Yearbook, the transportation, storage and postal industries contribute more than 80% of the
logistics industry’s added value. These industries can reflect the overall growth of the
logistics sector (Deng et al., 2020; Zheng et al., 2020; Liang et al., 2022). Hence, this study is
also based on these industries for data collection. Using 2010 as the baseline, this study
converted industry value added, regional GDP and fixed asset investment amounts to
constant prices using GDP and fixed asset investment deflators for each province, to avoid
the interference of price changes on the analysis results. Table 5 shows the descriptive
statistics of input and output indicators.

Fixed asset Cold Freight Industry value-
Indicators investment Employees storage volume added
Fixed asset 1.0000
investment
Employees 0.4180%** 1.0000
Cold storage 0.4485%** 0.5876*** 1.0000
Freight volume 0.83627*#* 0.4492%% (. 5874%%* 1.0000
Industry value 0.7945%#* 0.4623%F*  (),6465%** 0.9314%#* 1.0000 Table 4.
added Pearson coefficient of
Note(s): ***means significance at 1% the input and output
Source(s): Authors’ own work indicators
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Table 5.
Descriptive statistics
of indicators
(2013-2019)

5. Results

5.1 Analysis of the first stage results

Substituting the processed data into the output-oriented SBM model, this study obtained the
efficiency results of fresh food cold chain logistics from 2013 to 2019 for 30 provinces in
China. Figures 2-4 show TE, PTE and SE for different provinces in different years,
respectively. Figure 5 illustrates the average TE of the eight regions for each year.

The overall efficiency of fresh food cold chain logistics in China is low, averaging 0.545 in
seven years. The TE, PTE and SE values of Anhui all reach 1 during the period from 2013 to
2019. Anhui’s cold chain logistics resources were effectively utilized. The TE of Hebei and
Henan during this seven-year period is very close to 1. It shows that the allocation and
utilization of resources in fresh food cold chain logistics in the above three provinces are
reasonable and effective. Hebei and Henan provinces are both large agricultural provinces.
Due to the Beijing—Tianjin—Hebei logistics network, Hebei Province undertakes the task of
delivering fresh food to Beijing and Tianjin. Henan Province is the largest frozen food
processing base in China, as well as a hub for transportation in China. It has advantages in
cold chain logistics development. TE of the 22 provinces are less than 1 in each of the seven
years. Between 2013 and 2019, most of the provinces’ SE values are concentrated between 0.8

Indicators Min Max Mean Std. dev.

Fixed asset investment 1.83 62.83 21.89 15.75
Employees 3.67 86.41 28.01 17.19
Cold storage 6.57 934.73 144.73 129.74
Freight volume 209.50 13369.00 3792.70 3063.12
Industry value added 1.25 149.77 28.85 31.25
Regional development level 158.6 9078.8 2329.9 1851.73
Regional population size 571 12,489 4,617 2854.92
Government support 0.0228 0.1612 0.0649 0.0233

Source(s): Authors’ own work
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and 1, but with low PTE values. This indicates their TE is mainly influenced by PTE, such as
Zhejiang and Shanghai. These provinces need to further improve their cold chain logistics
technology to match the existing scale.

There are relatively large differences in efficiency between regions. According to Figure 5,
the trends in TE in the coastal zone (Northern Coast, Eastern Coast and Southern Coast) and
Central Yangtze River are relatively flat between 2013 and 2019. The TE fluctuates more in
the Central Yellow River and Northwest China within 7 years. The overall TE of Northeast
China is consistently below 0.4.
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Figure 5.

Trends in average TE
for the 8 regions in
Stage I

Table 6.
SFA regression results
in Stage 11
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Since the results of the first stage cannot determine whether efficiency is overestimated, a
second stage is needed to analyze external factors.

5.2 Analysis of the second stage results
From the SFA results (Table 6), LR values all passed 1% significance test, which shows the
SFA regression model used in this study is reasonable. y is close to 1 and passes the 1%
significance test, which indicates management inefficiency has a larger effect on the slack
variables than statistical noise.

Regional GDP (Z1) positively correlates with slack variables in freight volume and
industry value added, both significant at the 1% level. As regional GDP rises, freight volume

Slacks variables Parameters Coefficient ~ Standard error T-ratio
Freight volume coefficient 213.5096 210.2629 1.0154
71 0.2679 0.1008 265947+
72 —0.1689 0.0647 —2.6122%#*
73 —1678.2592 377.4698 —4.4461%*
¢’ 5165466.7 1.2838 4023435.17%%+*
Y 0.9340 0.0069 135.2471 7%
Log likelihood function —1689.5412
LR test of the one-sided error 277.9083%**
Industry value coefficient —3.2509 3.8703 —0.8400
added 71 0.0036 0.0011 3.3528%#*
Z2 —0.0013 0.0006 —2.33307%*
73 —1.0868 32.8537 —0.0331
¢’ 704.88 184.81 3.8141%#*
Y 0.94 0.02 57.7629*
Log likelihood function —739.8856
LR test of the one-sided error 286.5589%*%*

Note(s): *, ** *** mean significance at 10%, 5% or 1%, respectively

Source(s): Authors’ own work
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and industry value added decrease. This indicates that high GDP provinces have not been Journal of

able to efficiently convert the available inputs into corresponding outputs. High GDP Inte_rn_ational
provinces should focus on the effective resource allocation and management, optimize the Logistics and
operation mechanism of cold chain logistics and strengthen logistics informationization. Trade

Regional population size (Z2) shows a negative correlation with slack variables in freight
volume and industry value added, significant at 1% and 5%, respectively. This is since areas
with larger populations have greater market demand, which drives the efficiency of cold 173
chain logistics. Provinces with small populations can expand their services through
interregional cooperation and resource sharing.

Government support (Z3) exhibits a significant and negative association with slack
variables in freight volume, indicating that increased government investment reduces
freight volume insufficiency and enhances fresh food cold chain logistics efficiency.
However, the regression coefficient for the slack variable of industry value added is non-
significant, suggesting that government support has no theoretical impact on the productive
efficiency of industry value added. The government should increase support for cold chain
logistics and develop tailored subsidy policies.

5.3 Analysis of the third stage results

The adjusted outputs and the original inputs were used to measure the actual efficiency
using the output-oriented SBM model. After excluding external environmental variables and
random disturbances, the three efficiency values varied significantly. The development level
of fresh food cold chain logistics in most provinces has not reached the level it has shown in
the first stage. The economic level, regional population size and government support overall
have a positive impact on the development of the industry.

The national average TE and average SE from 2013 to 2019 are 0.382 and 0.551, which are
29.9% and 40.0% lower than the first stage results, respectively. The national average PTE
is 0.668, an improvement of 16.7%. This indicates that PTE is underestimated. The
overestimated SE leads to a decrease in TE. According to Figure 6, the average TEs decrease
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Figure 7.

Trends in average TE
for the 8 regions in
Stage III

Figure 8.

Averages efficiencies
for the 8 regions in
Stage III

in 24 provinces, such as Hebei, Inner Mongolia, Zhejiang and Henan. Environmental factors
provide a good environment for evaluation in these provinces. These provinces need to
strengthen their investment in cold chain logistics infrastructure, with the introduction of
advanced technologies, such as the Internet of Things (IoT) and big data analysis (Badia-
Melis et al., 2018; Tsang et al., 2018).

Combining Figures 7 and 8, Northwest China has a substantially higher average TE than
other regions from 2013 to 2019. This region includes the livestock-rich provinces of Qinghai
and Ningxia. The average TE and trends in the middle reaches of the Yangtze River, the
southwest region and the southern coastal region are relatively close to the national general
average. The mild climate in these regions is ideal for growing vegetables and fruits. They
are the main production areas of fresh food in China. To preserve and transport fresh food
products, the governments of these regions have paid more attention to the development of
cold chain logistics and trained the relevant technical staff. The Central Yellow River region
has alow average TE value. Its average PTE value is much higher than the average SE value.
This suggests that the region should adjust the scale of production by controlling the
industry’s production elements, such as labor force and the level of management. The eastern
coast, located in the Yangtze River Delta region, is one of China’s most economically vibrant
areas. Its average technical efficiency has fluctuated somewhat smoothly but remains
notably lower than the national average. This aligns with SFA regression results showing a
negative impact of regional economic development. The lower efficiency may stem from
blind investment and expansion in high GDP regions, neglecting input resource rationality.
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These regions should prioritize adjusting management practices and infrastructure Journal of

alongside expanding cold chain logistics to ensure operational scale aligns with Inte_rn_ational
management and technical capabilities. All regions should strengthen cooperation and Logistics and
share advanced management experience and technology in cold chain logistics to improve Trade
efficiency.

175

6. Conclusions

China’s fresh food cold chain logistics is developing rapidly, but still faces inefficiency
problems such as wasted resources. This study adopted the analysis method of three-stage
DEA model and constructed the efficiency evaluation indicator system based on the previous
literature. This study assessed the actual efficiency of fresh food cold chain logistics in 30
provinces in China from 2013 to 2019 and analyzed the impact of the external environment on
efficiency. Based on the results of the analysis, this study proposed appropriate
recommendations to improve the efficiency of fresh food cold chain logistics.

The differences in fresh food cold chain logistics efficiency between the 30 provinces of the
country measured in the first stage and the third stage over seven years are obvious. The
adjusted technical efficiency is lower than that before the adjustment. This indicates that the
efficiency of fresh food cold chain logistics is affected by external environmental factors and
random interference. First, regional GDP is positively correlated with the slack variables of the
two output indicators. High GDP provinces are not able to effectively transform available inputs
into corresponding outputs and lead to the waste of resources. Blindly increasing investment
and expanding the scale of the industry has resulted in the speed of technological level
upgrading failing to keep up with the speed of scale expansion. Second, the regional population
size is negatively correlated with the slack variables of the two output indicators. This suggests
that provinces with large populations could further improve the quality of cold chain logistics
services to meet wider market demand. Third, government support has a negative correlation
with slack variable of freight volume and no significant correlation with slack variable of
industry value added. Governments can promote the development of fresh food cold chain
logistics by formulating targeted policies and increasing investment. For example, they can
encourage enterprises to optimize management, tax incentives and subsidies (Gan et al, 2022).

At the national level, the actual TE of China’s fresh food cold chain logistics is low, with
an average value of 0.382. The main reason for the low TE value is the low SE value.
Therefore, while improving the level of technology, it is more important to focus on adjusting
the scale of the industry and rationally allocating input resources to increase the scale
efficiency.

The regional differences in the efficiency of fresh food cold chain logistics in China are
obvious. Northwest China had the highest average technical efficiency, followed by the
Central Yangtze River. The average technical efficiency values in the coastal region were
lower compared to expectations. The average technical efficiency values in Northeast China
were the lowest. Provinces in Northeast China should pay attention to increasing
infrastructure development and technology introduction to improve output capacity. Both
intra- and inter-regional cooperation should be pursued to share logistics resources and
technologies to improve overall efficiency (Deng et al., 2020).

The efficiency of fresh food cold chain logistics is not consistent with the level of regional
economic development. The regions with good levels of economic development such as the
northern coast and the eastern coast, their average technical efficiency values are much lower
than those of Northwest China and the Central Yangtze River. Regions with good economic
development have not effectively utilized existing resources and facilities. There is a need to
optimize the layout of the cold chain logistics network and to improve transport efficiency
(Ran et al., 2022).
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29 4 from 2013 to 2019, this study provides valuable insights for other developing countries with

’ significant agricultural sectors. By calculating the actual cold chain logistics efficiency in

each region and identifying the factors affecting the efficiency, it is possible to have a clear

picture of the development of the industry within the country. As the worldwide focus on cold

chain logistics grows in response to COVID-19, many countries are rapidly extending their

176 cold chain networks. However, this expansion should be planned strategically. Developing

countries must carefully coordinate infrastructure development with available technology,

assure skilled professional training and retention, and integrate new information

technologies to maximize efficiency (Badia-Melis ef al, 2018; Tsang et al., 2018; Jo et al.,

2022). Rapid growth, without a balanced and well-planned approach, can lead to

inefficiencies, limiting cold chain logistics’ ability to support agricultural development and
food security.

This study contributes to the application of the DEA model in cold chain logistics by
using the three-stage DEA model, which allows for a more precise evaluation of efficiency.
The model separates environmental influences from stochastic noise, giving a more accurate
representation of regional efficiency. This contribution is especially important for countries
with complicated regional differences, thus the findings apply not only to China but also to
other emerging countries confronting similar issues. The findings underscore the need for
strategic planning in logistics infrastructure, particularly in the context of developing
agricultural sectors.

Nevertheless, there are certain limits, particularly in the data collection. The cold storage
capacity indicator, which is critical to this analysis, is difficult to obtain from a consistent and
reliable source after 2019, hence this study concentrates on the pre-COVID-19 timeframe. As
data availability in the cold chain logistics industry improves, future research can
investigate larger datasets to analyze the influence of COVID-19 on cold chain logistics. In
addition, although this paper constructs a comprehensive evaluation indicators system, it
does not cover all aspects of fresh food cold chain logistics, such as food loss, refrigerated
trucks and so on. The establishment of a more industry-specific indicator system is an aspect
that needs to be studied in the future.
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JILT Appendix

224
Abbreviation Full term or explanation
3PL Third-party logistics
180 AHP Analytic hierarchy process
BCC A DEA model proposed by Banker, Charnes, and Cooper
CCR A DEA model proposed by Charnes, Cooper, and Rhodes
CRS Constant return to scale
DEA Data envelopment analysis
DMU Decision-making unit
GDP Gross domestic product
PCA Principal components analysis
PTE Pure technical efficiency
SBM Slacks-based measure
SE Scale efficiency
SFA Stochastic frontier analysis
TE Technical efficiency
TFP Total factor productivity
Table Al. TOPSIS Technique for Order Preference by Similarity to an Ideal Solution
List of abbreviations ~ VRS Variable return to scale
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