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ABSTRACT Using 57 universities directly under the Ministry of Education of China from 2009 to 2017 as
the research samples, the overall efficiency, technology research efficiency, result transformation efficiency
and efficiency influencing factors of the transformation of scientific research results in universities were
explored using the leader-follower model in two-stage network Data Envelopment Analysis (DEA) and
Tobit regression model, respectively. It is found that: firstly, the overall low efficiency of the scientific
research results is primarily caused by the low efficiency of the transformation stage, which is on a downward
trend and has lower average efficiency than the technology research stage. The efficiency of the technology
research stage is on an upward trend, while the efficiency of the transformation stage is on a downward
trend. Secondly, the number of universities reaching DEA effective in results transformation stage is more
than that of technology R&D stage; Thirdly, the overall efficiency and result transformation efficiency of
‘‘985’’ universities are better than those of non-‘‘985’’ universities, but the efficiency of technology R&D
is lower than that of non-‘‘985’’ universities; Fourthly, regional economic strength, government’s financial
investment, the quality of patents, the number of papers, and the other eight factors all have an impact on
efficiency.

INDEX TERMS Transformation of scientific research results, university, two-stage network DEA model,
Tobit, efficiency, efficiency influencing factors, China.

I. INTRODUCTION
In recent years, the high-tech industry has emerged as
a dominant force in China’s economic development. The
government has also made efforts to enhance scientific
research activities within universities. The focus has been on
accelerating the conversion of scientific and technological
achievements and integrating them with the market economy.
This approach is crucial for building a strong nation with
advanced science and technology capabilities. Moreover,
it plays a significant role in enhancing enterprise innovation
and China’s overall competitiveness. However, despite the
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abundance of scientific and technological achievements in
China, there exist numerous obstacles hindering their suc-
cessful transformation. This leads to a substantial disparity
between Chinese scientific and technological accomplish-
ments and their practical implementation [1], [2].

China’s transformation rate of scientific research results
significantly lags behind that of developed countries. The
conversion of scientific research outcomes is a critical
area that requires improvement. Data from the Ministry of
Education reveals that the general public budget allocation
income for the ministry in 2022 amounted to 13.794 billion
yuan. Unfortunately, the ‘‘2022 China Patent Survey Report’’
highlights that the implementation rate of invention patents
in Chinese universities was a mere 16.9% in the same year,
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TABLE 1. Abbreviations.

significantly lower than the national average of 36.7%. These
statistics serve as clear evidence of the inadequate capability
to transform scientific research achievements in Chinese
universities. The inefficiency is further compounded by the
wastage of valuable resources.Amidst the backdrop of a new
wave of industrial and technological revolutions, securing a
competitive advantage in this evolving landscape necessitates
a dual focus on innovation and the conversion of scientific and
technological advancements into productive assets.

Within the realm of Chinese education, there exist universi-
ties directly governed by the Ministry of Education of China.
These institutions, strategically dispersed across China’s
central, eastern, and western economic regions, spearhead
pioneering initiatives and reforms in Chinese education.
They serve as hubs for major scientific and technological
breakthroughs and nurturing innovative talents, positioning
them prominently within China’s research achievement
transformation framework. Consequently, these universities
amass comprehensive and representative scientific research
data.

Quantitatively assessing the efficiency of scientific and
technological achievement transformation within higher
education institutions, identifying key factors contributing to
suboptimal efficiency, and proposing tailored improvement
strategies constitute fundamental efforts to address the issue
of inefficiency in such transformations. These endeavors hold
substantial practical significance. While numerous domestic
and international scholars have delved into the efficiency
of research achievement transformation within universities,
several limitations persist in existing research. First and
foremost, many studies oversimplify the university research
achievement transformation process [3], [4], [5], either
reducing it to a single stage or narrowly focusing on specific
phases. This approach lacks a comprehensive examination of
the entire research achievement transformation process, from
initial research achievement transformation to its ultimate
commercialization, and fails to analyze it systematically
across stages. Furthermore, it overlooks the interconnected-
ness and mutual constraints of different sub-stages within
the transformation process, undermining the validity of
the research. In reality, university research achievement
transformation is a multi-faceted, multi-output, multi-stage
process with multiple inputs [6], making isolated sub-stage
analysis insufficient.

Regarding research methodology, the predominant
approach relies on empirical methods, often utilizing
stochastic frontier estimation (SFE) and data envelopment

analysis (DEA) [7], [8]. DEA stands out for its ability to
determine model weights, avoiding potential inaccuracies
associated with subjective weight assignment. This method
simultaneously assesses the relative efficiency of inputs and
outputs within decision-making units. However, in current
research, DEAprimarily computes efficiency at the initial and
final stages of the research achievement transformation chain,
neglecting intermediate links’ operational efficiency. Some
scholars employ networkDEAmodels to gauge the efficiency
of different links, but often aggregate sub-stage efficiencies
when calculating overall system efficiency. This approach
fails to adequately address mutual sub-stage influences,
dominant link identification, and the factors impacting sub-
stage efficiency. Additionally, it encounters challenges in
converting nonlinear programs to linear ones, particularly in
the second stage with added inputs.

To overcome these limitations, this paper leverages the
leader-follower model within a two-stage network DEA
framework [9]. This innovation involves the transformation
of a nonlinear program into a parametric linear program,
enabling the identification of a global optimal solution.
This enhancement furnishes more precise insights into
research achievement transformation efficiency in Chinese
universities.

To address the gaps in current research, this paper
strategically selects input and output elements, establishes
the leader-follower model in a two-stage network DEA,
and assesses the overall efficiency of university research
achievement transformation. Additionally, it incorporates
considerations of the dominant stage’s constraints on sub-
stages, mutual influences among sub-stages, and their com-
bined impact on overall system efficiency within the model.
Subsequently, it employs the Tobit model to analyze the
influencing factors on the efficiency of different sub-stages.
Notably, this paper uniquely combines the leader-follower
model with the Tobit model, offering a comprehensive
exploration of the strengths and weaknesses of various
research achievement transformation stages in Chinese uni-
versities. It delves into the factors influencing the efficiency
of different sub-stages, providing data-driven insights for
enhancing research achievement transformation efficiency
within universities.

II. LITERATURE REVIEW
Examining the existing research on the transformation of sci-
entific research results, the main focus lies on three aspects:
enterprises, research institutions, and universities. However,
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early research in China primarily concentrated on the theoret-
ical aspects of mechanisms, paths, and countermeasures [10],
[11], [12], [13], [14], with few empirical studies conducted.
In contrast, foreign scholars have increasingly measured
research efficiency. For instance, Timothy R. Anderson [15]
utilized the Data Envelopment Analysis (DEA) method to
assess technology transfer efficiency in 54 colleges and
universities in the U.S. Interestingly, the study found that the
distinction between private and public institutions, as well as
medical schools, did not affect efficiency. Similarly, SIEGEL
DS [7] evaluated the technology transfer efficiency of 80U.S.
universities using the Stochastic Frontier Approach (SFA),
considering the number of licenses, licensing revenue, inven-
tion disclosure, number of TTOpersonnel, and IP expenditure
costs as variables. Another study by Chapple [8] developed
a two-stage model to assess the relative performance of
technology transfer in UK universities, employing DEA for
initial efficiency assessment in the first stage and SFA for
statistical noise analysis in the second stage.

Currently, Data Envelopment Analysis (DEA) has emerged
as the predominant approach for assessing the efficacy of
research outcomes conversion in universities, both domesti-
cally and internationally. Berbegal-Mirabent [16] conducted
a case study examining the internal progress of 20 institutions
engaged in scientific and technological outcome conversion
in Italy. Johnes [17] employed DEA techniques to evaluate
the teaching efficiency of universities in the United Kingdom
(UK), utilizing data from the 1993 cohort of UK university
economics graduates to gain insights into educational per-
formance. Fandel [18] utilized DEA methodologies to assess
the efficiency of universities participating in the funding
allocation process in the region of North Rhine-Westphalia,
shedding light on the effectiveness of resource allocation
within this context. Moreover, Lee and Worthington [19]
expanded the investigation by adopting a two-stage network
DEA model to quantify the research efficiency of Australian
universities. Their findings exposed notable disparities in
efficiency estimations compared to traditional DEA model
calculations, thus contributing to a more nuanced compre-
hension of research productivity in the Australian higher
education milieu. Yang et al. [20] developed a directed
distance framework based on a two-stage network DEA
model and a network Luenbuerger productivity indicator
to analyze the inefficiency of universities directly under
the Ministry of Education and the evolution of university
productivity. Interestingly, the findings indicated an increase
in the average efficiency of universities during the sample
period, despite a decrease in technology level and changes
in the inefficiency of 985 project universities. Additionally,
Shamohammadi et al. [21] evaluated the teaching and
research performance trends in private universities in Korea
from 2010 to 2016, employing a two-stage network DEA
model. The outcomes highlighted that most universities
achieved high teaching outputs, surpassing higher inputs
between 2011 and 2015, while research efficiency displayed

an overall diminishing trend. Numerous analogous DEA
models have been utilized in various studies within the higher
education domain [22], [23], [24], [25], [26].

Apart from efficiency measurement, it is vital to analyze
the factors influencing efficiency. Feng [27] conducted a
separate study employing DEA and the Tobit two-step
method to evaluate the conversion rate of scientific and
technological achievements in 24 Chinese universities. The
investigation revealed several factors positively impacting the
efficiency of university science and technology achievement
conversion, such as internal R&D expenditure, develop-
ment expenses on new products, investment in scientific
and technological activities, full-time equivalent of R&D
personnel, patent application quantity, and scientific papers
published in core journals. Conversely, the cumulative
number of relevant policies in the regions where universities
are located had a negative impact on efficiency. Similarly,
Yu et al. [28] conducted a study analyzing the influence
of environmental factors on the innovation efficiency of
Chinese universities, research institutions, and enterprises.
The research employed Tobit regression and found that a
more open region had a positive effect on the innovation
of research institutions and front enterprises. However, the
regional economic environment exhibited varying negative
influences on the three major innovation entities. Moreover,
the study highlighted significant disparities in the direction
and significance of the influence of education investment,
government support, and information infrastructure on these
entities. Another study by Kounetas et al. [29] measured the
output efficiency of diverse departments in Greek universities
using the DEA method. The study also analyzed the degree
of influence of environmental factors on efficiency using
the Tobit model. The results demonstrated that departmental
infrastructure, the age of the department, and the personnel
situation significantly impacted the overall efficiency of each
respective department.

In this analysis, we have two primary objectives. Firstly,
our aim is to construct an appropriate input-output model
that effectively captures the research outcome transformation
activities carried out by universities. Previous research
has raised debates regarding the efficiency of research
outcome transformation. One contentious issue revolves
around whether the number of published papers should be
considered both as outputs and inputs. Some scholars have
applied the traditional DEA method to gauge the efficiency
of research outcome transformation [30], [31], [32], [33],
[34], [35], [36], which is founded on the assumption of
production. This method treats the production process as a
‘‘black box,’’ essentially converting inputs into outputs while
disregarding any potential intermediate processes. To address
this limitation, some researchers have employed two-stage
network DEA models to unpack the ‘‘black box’’ within
the scientific research results transformation process. This
approach allows for the evaluation of the intermediate links
and focuses on the structural relationships of subsystems
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within the production unit. While these two-stage network
DEAmodels have their merits, they do not fully elucidate the
mutual influence among subsystems and which subsystems
exert a dominant influence, leading to variations in input-
output variables.

In reality, a Decision Making Unit (DMU), such as a
university, often undertakes diverse functions and can be sub-
divided into various components that interact intricately. This
complex interplay resembles a more intricate network, where
outputs from one series can become intermediate inputs for
subsequent production, and subsequent processes can be
influenced by prior production stages. To better capture this
complex research transformation within Chinese universities,
we have chosen to utilize the leader-follower model [9]
within the network DEA framework. This leader-follower
model helps resolve the issue of the efficiency of the results
transformation stage being constrained by the efficiency
of the technology development stage, jointly affecting the
overall efficiency of research results transformation. The
inclusion of additional inputs in the second stage necessitates
a different approach, as assuming the overall efficiency as
the geometric mean [37], [38] of the two stages would lead
to the infeasibility of converting the nonlinear program into
a linear program. Our model overcomes this challenge by
converting the nonlinear program into a parametric linear
program, enabling the leader-follower model to identify the
global optimal solution, thereby enhancing the accuracy of
our study’s results.

This paper pioneers the application of this model in
evaluating the efficiency of research results transformation
within Chinese universities. By positioning the technology
development stage as the leader and the results transformation
stage as the follower, we provide a more precise assessment
of efficiency.

Our second objective revolves around exploring the
factors influencing the efficiency of research achievement
transformation in Chinese universities, a practical issue with
significant implications for future research project incuba-
tion. While the DEA method offers insights into the static
efficiency of each DMU’s research results transformation,
it falls short in identifying the factors affecting input and
output efficiency across the entire process. To bridge this gap,
we employ the Tobit regression model for a two-stage, in-
depth analysis of each decision-making unit.

In summary, this paper employs a two-stage network
DEA and Tobit regression model approach to assess and
analyze the efficiency of research results transformation and
its influencing factors within different sub-stages in Chinese
universities. The first stage employs the leader-follower
model to evaluate overall efficiency and the efficiency
of different sub-stages. In the second stage, the Tobit
model is used to conduct a regression analysis on the
factors influencing the efficiency of the two sub-stages,
namely technology R&D and results transformation. The
findings from this analysis provide valuable insights and
recommendations for enhancement.

III. METHODOLOGY
A. DEA
After the introduction of the data envelopment analysis
(DEA) method by Charnes [39] in 1978, scholars have
made significant contributions to enriching and advancing the
DEAmethod. Numerousmodels have been proposed, leading
to substantial theoretical and application achievements.
However, the traditional DEA method overlooks the internal
structure of the decision unit and only evaluates efficiency
based on initial inputs and final outputs. In reality, the produc-
tion process of a decision unit is highly complex. To address
this issue, Li et al. [9] developed a two-stage leader-follower
DEA model based on the work of Liang et al. [37] and Kao
and Hwang [38], drawing inspiration from non-cooperation
models in game theory. This model assumes the presence
of additional inputs in the second stage, along with the
outputs from the first stage. It further decomposes the overall
efficiency into the product of the efficiencies of the first and
second stages. The calculation is as follows (with the first
stage acting as the leader):

Firstly, calculate the specific first stage (leader) efficiency
using the CCR model [39].

e0∗1 = max
D∑
d=1

wd zdo

s.t.
D∑
d=1

wd zdj −
m∑
i=1

vixij ≤ 0 ∀j
m∑
i=1

vixio = 1;

vi,wd ,Qh, ur ≥ 0, ∀i, d, h, r (1)

At this point, the weights v∗i , i = 1, · · · ,m,w∗
d , d =

1, · · · ,D can be derived when the optimal efficiency value
e0∗1 of the first stage is taken. Moreover, v∗i and w∗

d are
introduced into the second stage, the efficiency of the
second stage is maximized as the objective function and the
efficiency of the first stage is fixed, and the optimal value
of the efficiency of the second stage is calculated, i.e., the
efficiency of the first stage ofDMU0 is kept constant, and the
efficiency of its second stage is optimized, and the model is
shown as follows:

e0∗2 = max

∑S
r=1 uryro∑D

d=1 wd zdo +
∑H

h=1Qhx
2
ho

s.t.

∑D
d=1 wd zdj∑m
i=1 vixij

∀j;

6S
r=1uryrj∑D

d=1 wd zdj +
∑H

h=1Qhx
2
hj

≤ 1 ∀j

∑D
d=1 wd zdo∑m
i=1 vixio

= e0∗1 ;

vi,wd ,Qh, ur ≥ 0, ∀i, d, h, r (2)

e0∗2 = max
s∑

r=1

uryrjo s.t.
D∑
d=1

wd zdj −
m∑
i=1

vixij ≤ 0 ∀j;

s∑
r=1

uryrj −
H∑
h=1

Qhx2hj −
D∑
d=1

wd zdj ≤ 0 ∀j

H∑
h=1

Qhx2ho +

D∑
d=1

wd zdo = 1
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TABLE 2. The time interval and meaning of indicators.

D∑
d=1

wd zdo − eo∗1

m∑
i=1

vixio = 0;

vi,wd ,Qh, ur ≥ 0, ∀i, d, h, r (3)

The overall efficiency of the two stages of DMU0 can be
derived from e0∗1 and eo∗2 obtained from the above arithmetic
process enon,1 = e0∗1 × eo∗2 .

The input and output of the transformation of research
results in universities are divided into two stages, the first
stage is the technology development stage, i.e., from the
initial input to the intermediate output stage, which describes
the efficiency of the input and output of the creation process
of research results. The second stage is the transformation
stage, i.e., the intermediate output is used as input and
additional inputs are added to the transformation benefit
stage, which describes the contribution of the transformation
of scientific research results to the university itself, the
industry and the society [40]. From this point of view, the
efficiency of the second stage is constrained by the efficiency
of the first stage, and the efficiency of each of the two stages
jointly affects the efficiency of the final scientific research
results transformation, so this paper takes the first stage as
the leader.

B. TOBIT
Since the efficiency of research innovation measured by
the traditional DEA model obeys a truncated distribution of
[0,1], the estimation of the traditional least squares (OLS)
function may lead to inaccurate analysis results. Therefore,
after calculating the efficiency of university research results
transformation by DEA method, Tobit regression model is
used to further analyze the factors influencing the efficiency
of university research results transformation. The standard
Tobit model is as follows:

Y ∗
i = Xiδ + εi

Yi = Y ∗
i if Y ∗

i > 0

Yi = 0 if Y ∗
i ≤ 0 (4)

Y ∗
i is the latent dependent variable, Yi is the observed

dependent variable,Xi is the vector of independent variables,
δ is the vector of correlation coefficients, and εi is the
interference term (independent and εi : N (0, σ )), thus
Y ∗
i : N (Xiδ, σ ) [41].

IV. DATA SOURCES, INDICATOR SELECTION AND
RESEARCH MODEL
A. DATA SOURCES
The data utilized in this paper is sourced from
the≪ Compilation of Science and Technology Statistics of
Higher Education Institutions≫, which provides statistics
on higher education institutions directly under the Ministry
of Education. However, it should be noted that the latest
available statistics are only updated until 2017. Out of the
76 colleges and universities under the Ministry’s jurisdiction,
a subset of 57 institutions was selected as the empirical
study sample. This selection process involved excluding
11 institutions not covered in the compilation, 7 institutions
with incomplete data, and Southwest University of Finance
and Economics, which became directly affiliated with the
Ministry of Education in 2017.

It is important to highlight the temporal gap between
the input and output phases in both stages. For this study,
a synchronized approach was adopted, assuming a fixed time
lag of 1 year between the two phases. Specifically, the input
and output data for the technology R&D phase, as well as
the output data for the results transformation phase, were
collected from years t , t + 1, and t + 2.
Detailed information regarding the corresponding years

and specific indicators can be found in Table 2.

B. INDICATOR SELECTION
The evaluation of the efficiency of scientific research results
transformation in this study emphasizes the assessment of
inputs and outputs. In line with the chosen methodology
and model, specific input and output variables from the
technology research and development stage, as well as the
results transformation stage, are selected for calculating
DEA efficiency values. Additionally, variables that influence
efficiency are identified for the subsequent Tobit regression
analysis. Detailed descriptions of the selected variables and
corresponding data are provided below.

1) INPUT VARIABLES SELECTION
Science and technology activities encompass various cate-
gories, including research and development (R&D) activities,
R&D results application activities, and science and tech-
nology service activities. The R&D activities consist of
three sub-processes: basic research, applied research, and
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experimental development, which contribute to the genera-
tion of commercially viable outcomes derived from scientific
research knowledge. In the context of universities, their
research and development activities predominantly focus on
basic research, while R&D results application activities and
science and technology service activities involve the transfor-
mation and application of these outcomes. Previous studies
have commonly utilized human and financial resources as
input indicators [18], [33], [42], [43].

Expanding on this notion, this paper primarily considers
two key aspects as input indicators: human input and financial
input. Specifically, within the technological R&D stage,
two specific indicators are emphasized, namely the number
of R&D personnel and the allocated funding for R&D
projects. In the transformation stage, the input indicators
encompass not only the number of R&D personnel and the
allocated funding for R&D results application and science
and technology service, but also the number of academic
papers and patents generated during the technological R&D
stage.

2) SELECTION OF OUTPUT INDICATORS
Previous studies have typically employed various output
indicators such as papers, patents, and research income [31],
[44], [45], [46]. In this paper, the evaluation of the
technology R&D stage focuses on innovative theoretical and
methodological research, thus the output indicators selected
are the number of academic papers published and the number
of patents granted. Academic papers represent the quantity of
knowledge achievements by universities, while the number
of patents granted reflects the quality of their knowledge
achievements.

In contrast, the evaluation of the results transformation
stage places greater emphasis on industry promotion and
social recognition. As a result, the output indicators in
this stage include the number of national-level project
acceptances, actual income from patent sales in the given
year, and income from technology transfer in the given
year. The number of national project acceptances indicates
the societal evaluation of university research outcomes.
Additionally, the two indicators of actual income from
patent sales and technology transfer income in the same
year consider disciplinary differences, taking into account
the alignment between input and output in natural science
research at universities. These indicators primarily measure
the economic and social benefits generated by university
research results.

3) SELECTION OF VARIABLES OF EFFICIENCY INFLUENCING
FACTORS
To investigate the factors that influence the efficiency of the
technology development and results transformation stages
and gain a deeper understanding of the patterns affecting
efficiency in the context of scientific research transformation
in universities, this study extends its analysis to external

environmental and internal structural factors. Despite hav-
ing the same input resources, variations in the external
environment, such as the university’s location, and the
internal structure, including the composition of personnel
and funding, can lead to diverse output results. Therefore,
it is crucial to identify the factors that impact the efficiency
of these two sub-stages, as this knowledge can assist
universities in optimizing resource allocation and enhancing
the efficiency of scientific research results transformation.

In terms of external environmental variables, two factors
are selected for both the technology development stage
and the results transformation stage. These variables are
‘‘regional GDP per capita’’ and ‘‘proportion of government
funding in university science and technology.’’ Regional GDP
per capita serves as an indicator of the economic development
level of the university’s location and reflects the overall
economic strength of the region. On the other hand, the
proportion of government funding in university science and
technology represents the policy and economic support for
research activities within the region.

Regarding internal structural variables, several indicators
are considered. Firstly, the ‘‘proportion of scientists and
engineers among R&D personnel’’ is chosen to assess
the influence of researcher involvement in the technology
development stage on efficiency. Similarly, the ‘‘proportion
of scientists and engineers among R&D results application
and science and technology service personnel’’ measures the
participation of researchers in the transformation stage. The
‘‘proportion of invention patents among granted patents’’ and
‘‘number of published academic papers’’ are used to evaluate
the impact of scientific research outputs in the technology
development stage on the results transformation stage.

Furthermore, internal structural variables reflecting the
personnel and funding structure in the two sub-stages are
identified. These include indicators such as the ‘‘proportion
of graduate students enrolled in basic research,’’ ‘‘proportion
of graduate students enrolled in applied research,’’ ‘‘pro-
portion of funding allocated to basic research in the year,’’
and ‘‘proportion of funding allocated to applied research in
the year.’’ Additionally, the ‘‘proportion of graduate students
enrolled in R&D results’’ and ‘‘proportion of funds allocated
to R&D results in the year’’ are selected as influencing factors
for the results transformation stage.

It is important to note that certain internal structural
indicators can be inferred from others. For example, a lower
investment in basic and applied research implies a higher
investment in experimental development. Similarly, a higher
level of human and financial investment in R&D results
application suggests a lower investment in science and
technology services. To address multicollinearity concerns,
it is advisable to exclude these four indicators as explanatory
variables when conducting Tobit regression analysis.

C. RESEARCH MODEL
Xue et al. [47] conducted a related study using a traditional
DEA model to measure the efficiency of university research
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TABLE 3. The influencing factors of the technology research and development stage.

TABLE 4. The influencing factors of the result transformation stage.

input based on initial input and final output. However,
this approach fails to effectively unveil the intricacies of
research activities, thus necessitating the development of an
alternative approach. In this study, an additional input type
two-stage network DEA model is proposed to address this
issue and divide the university research results transformation
activities into two stages: technology development and
results transformation. To be specific, the two-stage network
DEA model is constructed with additional inputs, and it
encompasses the stages of technology research and devel-
opment, as well as results transformation. The technology
research and development stage entails universities investing
specific scientific and technological resources to generate
intermediate knowledge results of practical value. On the
other hand, the results transformation stage represents a
crucial phase where universities utilize the knowledge results
obtained from the technology research and development
stage, along with additional scientific and technological
resources, to achieve industrialization, commercialization,
and assess the economic value of the knowledge results. The
two-stage process model of this study is illustrated in fig.1.

V. EMPIRICAL ANALYSIS
A. DEA ANALYSIS
A Python-based computational model utilizing a two-stage
network DEA approach was developed to assess the effi-
ciency of research results conversion in universities directly
under the Ministry of Education for the period spanning
2009 to 2017.

1) MEASUREMENT AND ANALYSIS OF THE OVERALL
EFFICIENCY OF THE TRANSFORMATION OF RESEARCH
RESULTS IN UNIVERSITIES
The Chinese government initiated the ‘‘Project 985’’ in
1998, aiming to cultivate globally renowned universities.

As highlighted by Yang et al. [20], the Ministry of
Education (MOE) of China has committed to allocating
1% of the nation’s annual revenue towards this initia-
tive. In this study, among the 57 universities directly
supervised by the MOE, 29 are affiliated with the ‘‘985
Project,’’ while the remaining 28 universities are not part of
it.

The average values of overall efficiency in the transfor-
mation of scientific research results for the MOE-affiliated
universities during the sample period are presented in Table 5.
The results reveal that the overall efficiency of each university
during this period is below par, with an average efficiency
value of only 0.085. Even Tsinghua University, one of
the top universities, only achieved an average efficiency
of 0.287, while the lowest efficiency value falls below
0.010. Analyzing the average efficiency values of each
university, we observe that out of the five universities with
an efficiency value exceeding 0.2, only Jiangnan University
does not belong to the ‘‘985 Project’’ (0.253). Among the
universities surpassing the overall average, there are 32,
including 22 ‘‘985 Project’’ universities, accounting for 76%
of the total number of ‘‘985 Project’’ universities in the
sample. Among the remaining 7 ‘‘985 Project’’ universities,
Chongqing University (0.074), South China University of
Technology (0.070), Sun Yat-sen University (0.054), Renmin
University of China (0.053), Hunan University (0.053),
Jilin University (0.026), and Northwest Agriculture and
Forestry University of Science and Technology (0.024)
exhibit relatively lower efficiency levels. Comparing the
average efficiency between the two types of universities,
the ‘‘985 Project’’ universities (0.107) demonstrate slightly
higher average efficiency than the non-‘‘985 Project’’ uni-
versities (0.066). However, it is important to note that the
overall efficiency of scientific research results transformation
in ‘‘Project 985’’ universities is still relatively low, indicating
ample room for improvement. This finding is consistent
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FIGURE 1. Two stage network process of universities.

TABLE 5. Results of efficiency.

with the research conducted by Lee and Worthington [19],
which suggests that inefficiency changes in ‘‘Project 985’’
universities are more favorable compared to non-‘‘Project
985’’ universities.

Jiangnan University, while not part of the 985 Project,
has made substantial strides in the field of food sci-
ence. The university has championed the integration of
industry, academia, and research, particularly in the period
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FIGURE 2. Trend of ‘‘985 project’’ and non-‘‘985 project’’ universities’
average efficiency.

from 2016 to 2020 when it successfully transferred over
1,300 scientific and technological achievements in the
food sector. Key initiatives include establishing national
key laboratories, decentralizing control over scientific and
technological achievements, and improving incentives for
researchers involved in results transformation. Moreover,
Jiangnan University provides comprehensive support to
enterprises, including technical assistance and branding
initiatives. Collaborative efforts with brands, such as the
establishment of academician workstations, have created a
dynamic synergy between the university and enterprises,
strengthening the university’s role in the ‘‘double high’’ field
of output and transformation.

Through a detailed examination of efficiency patterns
among the two categories of universities, as depicted in
Fig. 2, we observe a slight upward trend in the average
efficiency value of ‘‘Project 985’’ universities. In contrast,
there is a clear fluctuating downward trend in the average
efficiency value of non-‘‘Project 985’’ universities. Notably,
this decline is primarily attributed to a significant decrease

FIGURE 3. Trend of all universities’ average efficiency.

in the efficiency of non-‘‘Project 985’’ universities during
the transformation stage within the 2015-2017 period. As a
result, the overall performance of the scientific research out-
come transformation process has been deemed unsatisfactory.

Based on the aforementioned measurement results, it is
evident that there is a noticeable disparity in performance
between ‘‘985 Project’’ universities and non-‘‘985 Project’’
universities. However, it is not immediately evident how this
disparity specifically impacts the overall efficiency across the
different sub-stages.

2) MEASUREMENT AND EFFICIENCY ANALYSIS OF
TECHNOLOGY RESEARCH STAGE
When analyzing the temporal aspect (see Fig. 3), the average
efficiency of the technology research and development
(R&D) stage in universities directly supervised by the
Ministry of Education exhibits a general fluctuating and
increasing trend between 2009 and 2018. It is noteworthy
that during the latter years of the scientific research results
transformation process, the mean efficiency demonstrates
relatively consistent changes from 2011 to 2016. However,
from 2016 to 2017, there is a slight decline in the
mean efficiency of the technology R&D stage, although it
still exceeds the efficiency levels observed prior to 2017.
Interestingly, 2017 emerges as the year with the highest
number of universities achieving validity under the Data
Envelopment Analysis (DEA) framework during the sample
period. Specifically, six universities attained DEA validity
in the technology R&D stage. The notable improvements
in average efficiency values in both 2012 and 2017 can
be attributed to their alignment with the new national
‘‘Five-Year Plan.’’ Furthermore, in 2017, China introduced
a comprehensive plan for establishing ‘‘double first-class’’
universities, urging each institution to actively respond to the
call for fostering innovation and talent, leading to continuous
enhancements in fundamental scientific research capabilities
and notable advancements in input-output performance. The
specific calculated values are presented in the Appendix A.
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From an individual university perspective, Jiangnan Uni-
versity has consistently demonstrated effective DEA in
the technology R&D stage from 2010 to 2017. Despite
not being a ‘‘985 Project’’ university, Jiangnan University
ranks highly in terms of patent grants throughout the
sample period, particularly in 2012. This highlights the
university’s significant strength in creating scientific research
knowledge. Following closely is Shaanxi Normal University,
which achieved DEA validity for five consecutive years
from 2010 to 2014. Several other universities, including
Beijing University of Traditional Chinese Medicine, North
China University of Electric Power, China University of
Mining and Technology, Hohai University, China Ocean
University, Chongqing University, Southwest Jiaotong Uni-
versity, and Chang’an University, also achieved DEA validity
in different years. Based on the classification criteria of Xu
Min et al. (reference [48]), the efficiency levels of the sample
universities were categorized as follows: good efficiency
(0.8-0.1), better efficiency (mean efficiency [0.394] to 0.8),
average efficiency (0.3 to mean efficiency), and less good
efficiency (0-0.3). From the mean value of technological
R&D efficiency of each university in the sample period,
only Jiangnan University and Shaanxi Normal University
showcased outstanding performance with efficiency values
over 0.8. Out of the 30 universities with average efficiency
values exceeding the overall average, only 14 are ‘‘985’’
universities, less than half of them. Furthermore, the average
efficiency value of ‘‘985’’ universities in the technology R&D
stage (0.360) is lower than that of ‘‘non-985’’ universities
(0.432). It is worth noting that only China Ocean University
and Chongqing University, both ‘‘985 Project’’ universities,
achieved DEA effectiveness. Therefore, it can be observed
that the performance of non-985 universities outperforms
that of 985 universities in the technology development stage.
Nevertheless, the graph clearly illustrates that the efficiency
of both types of universities is moving in a positive direction.

3) MEASUREMENT AND EFFICIENCY ANALYSIS OF RESULT
TRANSFORMATION STAGE
Examining the temporal dimension, an analysis of the
results transformation stage in universities directly under
the Ministry of Education in China reveals inadequate
performance, with a noticeable decreasing trend observed in
the average efficiency value throughout the sample years.
The average efficiency value for the transformation stage
across seven years is 0.217, which falls below the average
efficiency value for the technology R&D stage (0.394).
The figure illustrates that the overall efficiency trend of
research results transformation in the sample universities
aligns with the efficiency trend of the sub-stage of results
transformation. Consequently, the inefficiency in the results
transformation stage strongly impacts the subpar perfor-
mance of research results transformation in the Ministry
of Education’s universities. Therefore, it is imperative for
universities to implement relevant measures and allocate

FIGURE 4. Boxplot of the distribution of university efficiency values.

resources effectively to address the current inefficiency in
results transformation. The specific calculated values are
presented in the Appendix B.

When examining individual university dimensions, among
the 30 universities with above-average efficiency in results
transformation, only Tsinghua University achieved an aver-
age efficiency value that reached DEA validity. Nankai
University closely followed, falling short of DEA validity
in only one year but achieving an average efficiency value
of 0.920, indicating close proximity to DEA validity. Eigh-
teen universities, including Peking University, Huazhong
Normal University, East China Normal University, Tianjin
University, Sichuan University, Central South University,
Fudan University, Dalian University of Technology, Xiamen
University, Wuhan University of Technology, Beijing Jiao-
tong University, China University of Petroleum (Beijing),
Renmin University of China, Southwest University, Beijing
University of Traditional ChineseMedicine, Xi’an University
of Electronic Science and Technology, China University
of Mining and Technology (Beijing), and Shaanxi Normal
University, achieved DEA validity in different years.

Overall, although more universities achieved DEA effec-
tiveness in the results transformation stage compared to the
technology development stage, the efficiency values of most
universities in the results transformation stage ranged from
0.15 to 0.35, while those in the technology development
stage ranged from 0.3 to 0.5 (see Fig. 4). This indicates
that even if some universities achieve DEA effectiveness
in the results transformation stage, the overall performance
of universities remains inferior to that in the technology
development stage. Therefore, universities need to identify
and address the internal factors contributing to this disparity.

From the perspective of university type, among the
30 universities with above-average efficiency, 21 belong to
the ‘‘Project 985’’ category. The average efficiency value
of ‘‘Project 985’’ universities in the results transformation
stage (0.297) surpasses that of non-‘‘Project 985’’ univer-
sities (0.157). Additionally, among the 20 universities that
achieved effective DEA, 11 belong to the ‘‘Project 985’’
category. Hence, the efficiency performance of ‘‘Project
985’’ universities outperforms that of non-‘‘Project 985’’
universities. ‘‘Project 985’’ universities exhibited fluctuating
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efficiency levels but did not experience a significant decline.
In contrast, non-‘‘Project 985’’ universities attained their
highest efficiency value in the sample period in 2016 and
the lowest value in 2017. Furthermore, the average efficiency
values in each year failed to surpass those of ‘‘Project 985’’
universities.

Tsinghua University’s exceptional performance in sci-
entific research results transformation efficiency can be
attributed to its well-structured policy framework and tech-
nology transfer system. In recent years, Tsinghua University
has consistently introduced policies aimed at fostering sci-
entific research achievement transformation. These policies
include defining revenue shares for individuals and teams
contributing to technological advancements and increasing
incentives for scientific and technological personnel involved
in such transformations. Furthermore, Tsinghua University
established a comprehensive technology transfer system
ahead of many other Chinese universities. This system
includes key components like the Office of Technology
Licensing (OTL), the University-Land Cooperation Research
Institute, the Research Institute, and Tsinghua Holdings.
These entities provide a robust platform and vital sup-
port for the effective transformation of scientific research
achievements.

Nankai University has also demonstrated commitment
to scientific research results transformation by enhanc-
ing its system for facilitating such transformations. The
university has actively promoted high-level collaboration
between academia and industry, as well as between the
university, land-based industry, research institutions, and
results transformation platforms. This concerted effort has
significantly boosted enthusiasm for the transformation of
scientific research results.

4) SUB-STAGE EFFICIENCY DIMENSION ANALYSIS
In order to understand the developmental trajectory of
sub-stage efficiency in the transformation of scientific
research outcomes among Chinese universities, a compar-
ative investigation was conducted between ‘‘Project 985’’
and non-‘‘Project 985’’ institutions, as shown in Figure 5.
Building upon the findings of Xu Min et al. [48], this
study classified the efficiency relationship between the two
stages of scientific research result transformation into four
distinct modes: high output high transformation, high output
low transformation, low output high transformation, and low
output low transformation. Moreover, efficiency levels were
categorized as either low, falling below the average value,
or high, surpassing it. The distribution outcomes of these
results are presented in Fig.5.

Themode of high output and high conversion encompasses
nine universities affiliated with the ‘‘985 Project,’’ including
Shanghai Jiaotong University and Fudan University, as well
as four non-‘‘985 Project’’ universities such as Jiangnan
University. Notably, the ‘‘985 Project’’ universities hold
a competitive advantage in this category, with most of
these institutions demonstrating excellence in science and

technology. The high output and low conversion model
applies to 17 universities, among them Nanjing University
and Chongqing University. Additionally, the high output low
conversion model is represented by 17 universities, with five
belonging to the ‘‘985 Project’’ category, such as Nanjing
University and Chongqing University, while the remaining
12 universities are non-‘‘985 Project’’ institutions, including
Southwest Jiaotong University and Donghua University. This
pattern highlights the lower output exhibited by non-‘‘985
Project’’ universities. The low output high conversion model
comprises 17 universities, of which 11 are ‘‘985 Project’’
universities like Tsinghua University, Peking University,
and Nankai University, while the remaining six universities
are non-‘‘985 Project’’ institutions like Beijing Jiaotong
University and Nanjing Agricultural University. Finally, the
low output and low conversionmodel encompasses four ‘‘985
Project’’ universities such as Renmin University of China and
Jilin University, and six non-‘‘985 Project’’ universities such
as East China Normal University and Southwest University.

Examining the output and conversion dimensions from
a single perspective, non-‘‘Project 985’’ universities hold
a slight advantage over ‘‘Project 985’’ universities with
two more universities in the high output mode. However,
in the high conversion mode, the number of ‘‘Project 985’’
universities significantly surpasses that of non-‘‘985 Project’’
universities.

‘‘Project 985’’ universities typically enjoymore substantial
resource support, talent advantages, academic environments,
and policy assistance. For instance, in 2023, Tsinghua
University had a budget of 41.1 billion, followed by Shanghai
Jiao Tong University, Zhejiang University, Peking University,
Sun Yat-sen University, and Shandong University. Out of
these, only Shanghai Jiao Tong University and Zhejiang
University have achieved the ‘‘double-high’’ model. This
can be attributed to the fact that the output of scientific
research results does not grow exponentially with input.
While abundant resources do improve research environ-
ments and research teams, the production of innovative
scientific research results takes time, and the output of
research does not occur at the same rate as the inflow of
resources. Consequently, the efficiency is lower compared
to colleges without a ‘‘985 Project’’ that make fewer
resource investments. Additionally, some universities have
recently prioritized the development of humanities and social
sciences, as well as diversified development. This has led to
a homogeneous pattern of scientific research and an average
allocation of scientific and technological resources, rather
than a centralized allocation. As a result, support for superior
disciplines decreases, negatively impacting the effectiveness
of technological R&D in universities.

In terms of technology transfer, several ‘‘985 Project’’
universities have made significant contributions to enhancing
scientific research results transformation efficiency. Tsinghua
University, for instance, has taken measures to break down
institutional barriers by establishing a diverse range of
science and technology transformation organizations. These
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FIGURE 5. Two-dimensional distribution of efficiency values in universities. Purple markers represent 985 universities, blue
markers represent non-985 universities.

organizations, including the Office of Achievement and
Intellectual Property Management (OTL), the Institute of
Technology Transfer (OTT), and others, collectively form
a comprehensive system for managing, transferring, and
legally safeguarding scientific and technological achieve-
ments. OTT, within this framework, focuses on national
strategic priorities and cutting-edge academic issues, facil-
itating synergistic collaborations between universities and
industries. Notably, among the global TOP50 university
Technology Transfer Offices (TTOs), five mainland Chinese
universities are listed, namely Peking University, Tsinghua
University, Fudan University, Zhejiang University, and
Shanghai Jiaotong University. These institutions adopt a
‘‘high transformation’’ approach, emphasizing quality over
quantity in their technology transfer teams. Team members
possess the ability to independently evaluate and select
optimal solutions for diverse projects, prioritizing precision
over scale.

Non-‘‘985 Project’’ institutions face a lack of platforms
for supporting the transformation of findings, as well as
limited social recognition. Moreover, they struggle with a
shortage of top researchers and research teams who have
established a broad reputation and impact in their respective
fields of study. This gap becomes evident when comparing
these institutions to those involved in the ‘‘985 Project.’’
Surprisingly, the efficiency of the transformation of findings
in non-‘‘985 Project’’ universities is not as remarkable as

that of their ‘‘985 Project’’ counterparts. This discrepancy
can be attributed to the fact that universities often evaluate
the success of scientific research based on publications and
patents, while neglecting the crucial aspect of transforming
scientific research results.

B. TOBIT ANALYSIS
Based on the empirical findings presented earlier, it is
evident that the efficiency of transforming scientific research
results varies among universities directly under the Min-
istry of Education. To comprehensively investigate the
factors influencing this efficiency, this study explores
both external environmental factors and internal structural
factors.

In terms of external factors, the regional economic strength
and government funding are considered as key variables.
Meanwhile, the internal structure is examined by assessing
the degree of research workers’ involvement in research
and development, the presence of basic research talents, the
availability of applied research talents, and the presence of
talents in experimental development.

For the technological research and development stage,
the explanatory variables include the degree of scientific
researchers’ engagement in research and development, the
presence of research talents in basic research, the availability
of research talents in applied research, and the presence
of research talents in experimental development. On the
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other hand, the transformation stage incorporates variables
such as the degree of scientific researchers’ involvement
in result application and scientific and technological ser-
vices, the quality of patents and theses, the availability
of research talents in result application, and the pres-
ence of research talents in scientific and technological
services.

Considering that the calculated efficiency of university
research results transformation falls within the range of
0 to 1, the explanatory variables are observed under certain
restrictions. Therefore, this paper employs the Tobit model
for regression analysis, as suggested by previous studies [49].
The following expressions outline the application of the Tobit
model:

Y 1
it = α0 + α1lngdpit + α2govit + α3hr1it + α4s1it

+ α5s2it + α6f 1it + α7f 2it + σit (5)

Y 2
it = β0 + β1lngdpit + β2govit + β3hr2it + β4s3it

+ β5f 3it + β6patentit + β7lnpaperit + σit (6)

In Equation 5 and Equation 6, Y 1and Y 2 represent the
efficiency values of technology R&D stage and results
transformation stage of 57 universities form 2009-2017,
respectively. α and β are parameters to be estimated, σ is
a random disturbance term, i and t denote university i and
year t . Stata16.0 software was used to calculate the empirical
results of Tobit model are shown in Table 6. The specific
analysis is as follows:

1) ANALYSIS OF THE EMPIRICAL RESULTS OF TECHNOLOGY
R&D STAGE
First and foremost, the results reveal a significant positive
relationship between the economic strength of the regions
and the efficiency of technological research and development
(R&D) in the universities included in the sample. This
indicates that the level of economic development in the
regions where the universities are situated influences the
initial R&D stage in the transformation of scientific research
achievements. A higher level of regional economic develop-
ment facilitates the assimilation of advanced technology and
enhances the efficiency of transforming scientific research
achievements, ultimately improving the overall research
efficiency in universities. Economic development forms
the foundation for scientific research innovation in higher
education institutions.

Secondly, a noteworthy negative correlation at the 10%
significance level is observed between the magnitude of
government funding investment and the efficiency of tech-
nological R&D in universities. This suggests that greater
government financial investment in universities directly
under the Ministry of Education hinders the improvement
of technological R&D efficiency in the sampled universities.
While these universities benefit from abundant research
resources and occupy a prominent position in the domestic
university landscape, excessive research funding results in
additional administrative burdens such as project application,

approval, and evaluation. Consequently, research funding
exhibits an inverted ‘‘U’’-shaped inhibitory effect on tech-
nology research and development efficiency. Overreliance
on government funding can lead to a crowding-out effect,
negatively impacting research output supported by govern-
ment funds. Increased government intervention has also been
observed to reduce the effectiveness of technology research
and development, particularly in collaborative innovation
endeavors involving high-tech industries, universities, and
research institutions. This exacerbates inefficiencies in fund
management and research activities, thereby impeding the
effectiveness of enterprises engaged in high-tech R&D and
technology transfers.

Third, the level of researchers’ participation exhibits a
significant positive relationship with technological R&D
efficiency in universities at the 10% level. A higher
percentage of scientists and engineers among the personnel
involved in research and development projects leads to
increased technological R&D efficiency. Researchers with
strong scientific research capabilities contribute to the
efficiency of technology R&D. However, it is important to
control the evaluation of full-time teachers’ titles within
universities to prevent talent redundancy and promote
technology innovation efficiency. Recent investigations have
revealed a negative correlation between the presence of
scientists and engineers in the academic community and
research productivity. Therefore, while universities should
absorb more scientific researchers, they should also focus on
maintaining strict controls over the evaluation of full-time
teachers’ titles to avoid the redundancy of talent and ensure
efficient technology innovation.

Fourthly, basic research talents show a negative, albeit not
significant, correlation with technological R&D efficiency
in universities, while applied research talents exhibit a
significant negative correlation at the 5% level. This indicates
that an increase in the number of master’s and doctoral
students invested by universities may hinder the efficiency
of scientific research output to some extent. Currently, the
number of postgraduates in Chinese universities is growing
annually; however, the depth of professional knowledge
among most postgraduates is insufficient, leading to a lack
of fruitful research outcomes. To improve research input and
output efficiency, universities should focus on controlling the
quality of graduate students rather than blindly expanding
research programs.

Fifth, the intensity of funding for basic research and
applied research is positively correlated with the efficiency
of technological R&D in universities at the 1% significant
level. This implies that increased investment by universities
in basic and applied research contributes to improved
scientific research output efficiency. Funding serves as the
foundation for research work, and limited funding for basic
and applied research can lead to outdated infrastructure and
research equipment, restricting research output. Therefore,
universities should prioritize research funding to achieve
greater scientific and technological innovation results.
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TABLE 6. Results of efficiency.

2) ANALYSIS OF EMPIRICAL RESULTS AT THE STAGE OF
TRANSFORMATION OF RESULTS
Firstly, the empirical regression findings indicate a
non-significant positive association between external envi-
ronmental variables and the efficiency of results transforma-
tion in universities. This suggests that external environmental
factors have minimal direct influence on the efficiency of
results transformation, whereas the efficiency is primarily
driven by basic science and technology research and
development (R&D) activities. This disparity may be
attributed to the distinct nature of the two sub-stages involved
in the process of scientific research results transformation.

The variables of per capita GDP and government funding
serve as indicators of regional economic development and
the availability of research funds, which play a vital role in
supporting basic scientific research. Advanced technology
R&D and innovation, in particular, require a strong industrial
foundation, sophisticated equipment, and substantial research
funding. As the regional economy develops, the industrial
level and financial investment also increase, leading to more
fruitful outcomes in basic scientific research. On the other
hand, results transformation encompasses the application
and extension of existing research findings to relevant
industries. While it is influenced by regional economic
conditions to some extent, its sensitivity is not as pronounced
as that of the technology R&D stage. Nevertheless, the
regional economic environment and government support
do have a positive impact on the efficiency of results
transformation.

Hence, local governments should prioritize the transforma-
tion of scientific research results within universities located
in their respective regions. They should provide preferential
policy support and allocate moderate research funding to
facilitate collaboration between universities, governments,
and enterprises. This collaborative approach will facilitate the
timely transformation and utilization of research outcomes,
ultimately enhancing the efficiency of results transformation.

Secondly, the degree of participation of scientific
researchers in result application and scientific services
exhibits a significant negative correlation with the efficiency
of the results transformation stage at a 1% level of
significance. Scientists and engineers play a pivotal role in
basic scientific research. However, if an excessive number
of researchers are engaged in result application work, it can
lead to redundancy and wastage of educational resources,
negatively impacting the efficiency of results transformation
in the sample universities.

Thirdly, there is a positive correlation at the 5% level of
significance between the involvement of applied scientific
research talents in R&D results and the efficiency of the
results transformation stage. This indicates that a higher
number of applied postgraduates is associated with increased
efficiency in results transformation. Cultivating applied
postgraduates is a crucial factor in enhancing the efficiency
of results transformation. Due to the current postgraduate
training mechanism in China, many postgraduates focus
solely on the output of thesis results without considering
their practical application value. This leads to a shortage
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of application-oriented talents. In their investigation into
the dissemination and translation of research outcomes
across different regional higher education institutions, Liu
(reference) observed that the inclusion of research talent
from universities positively influences research performance.
Therefore, universities should actively attract and incor-
porate application-oriented research talents to foster a
mutually beneficial relationship between research output and
application.

Fourthly, although not statistically significant, there is a
negative relationship between the intensity of investment
in R&D results application and the efficiency of scientific
research results transformation. This indicates that continued
investment in research funds for R&D results application
starts to hinder the efficiency of results transformation.
Excessive research funding can lead to a marginal decrease in
results transformation efficiency in universities, highlighting
the need to address the issue of capital crowding in result
application.

Fifthly, the quality of patents demonstrates a significant
positive correlation with the efficiency of scientific research
results transformation at a 1% level of significance, whereas
the number of published papers exhibits a non-significant
negative correlation with the efficiency of the results
transformation stage. This suggests that enterprises prioritize
the quality rather than the quantity of scientific research
output when evaluating the research results of universities.
The greater the number of invention patents, the higher the
efficiency of results transformation. Currently, the number of
scientific and technological papers produced by universities
has reached saturation, revealing an inverted ‘‘U’’ shape in
the efficiency of scientific research results transformation.
Therefore, efforts should be made to enhance the efficiency
of transformation.

VI. CONCLUSION AND IMPLICATIONS
A. CONCLUSION
This research paper focuses on investigating the efficiency
of research results conversion in Chinese universities
directly under the Ministry of Education during the period
from 2009 to 2017. To explore the intricate process of
research results conversion, a two-stage network DEA
model is employed, enabling a detailed examination of
the underlying mechanisms. Additionally, a Tobit model
is applied to analyze the factors influencing the efficiency
of research results conversion. The study yields several
noteworthy findings, as follows:

Firstly, the average overall efficiency of research results
transformation in the sampled universities is alarmingly
low, with an average efficiency value below 0.1. None of
the universities achieve DEA effectiveness in both stages
of the conversion process. The technology research and
development stage exhibits a fluctuating upward trend, with
an average efficiency value of 0.394 among the sampled
universities, peaking in 2017. Conversely, the research results
transformation stage demonstrates a fluctuating downward

trend, with an average efficiency value of 0.217. Notably,
the efficiency of the overall research results transformation
depends on the combined efficiencies of both stages. It is
worth mentioning that the efficiency of the technology R&D
stage surpasses that of the results transformation stage in each
university, indicating that the primary factor contributing
to the low efficiency and significant disparities among
universities lies in the results transformation stage, thus
emphasizing the importance of enhancing its efficiency.

Secondly, a higher number of colleges and universities
achieve DEA effectiveness in the results transformation stage
compared to the technology R&D stage. Most colleges and
universities exhibit efficiency values concentrated between
0.15 and 0.35 in the results transformation stage, while effi-
ciency values in the technology R&D stage are concentrated
between 0.3 and 0.5. Consequently, the overall performance
of the results transformation stage falls behind that of the
technology R&D stage.

Thirdly, universities participating in the ‘‘985 Project’’
generally outperform non-‘‘985 Project’’ universities in
both scientific research and results transformation stages.
However, the average efficiency value of the technology
R&D stage is lower for ‘‘985 Project’’ universities compared
to non-‘‘985 Project’’ universities. Nonetheless, the average
efficiency value in the technology research and development
stage remains lower for ‘‘985 Project’’ universities.

Lastly, the efficiency of scientific research results trans-
formation in Chinese universities is influenced by exter-
nal environmental factors and internal structural factors.
External factors encompass regional economic strength
and governmental financial investment. Different sub-stages
exhibit distinct internal structural influencing factors. The
efficiency of the technology research and development
stage demonstrates significant positive correlations with
regional economic strength, research workers’ involvement
in research and development, funding for technical research,
and funding for applied research. Conversely, it exhibits
negative correlations with government funding, applied
research talents (although not statistically significant), and
basic research talents. On the other hand, the efficiency of the
transformation stage lacks significant positive correlations
with external environmental variables. However, it exhibits
non-significant positive correlations with both external
environmental variables, significant positive correlations
with R&D application research talents and patent quality,
significant negative correlations with researcher participation
in result application and science and technology services, and
negative (but non-significant) correlations with investment in
R&D results and the number of published papers.

B. IMPLICATIONS
Based on the aforementioned findings, this paper presents the
following recommendations for optimization:

Firstly, enhance research management and improve the
allocation structure of research funds. For universities that
have not achieved DEA effectiveness, they should avoid
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TABLE 7. Appendix A: Efficiency of the technology development stage at various universities.

blindly pursuing additional research resources. Instead,
they should conduct research activities in an organized
manner, utilizing existing resources to improve achievement
transformation efficiency before focusing on technology
development efficiency.

Secondly, leverage regional advantages to enhance the
efficiency of scientific research results transformation.

Classify the sample universities into three tiers (‘‘high, mid-
dle, and low’’) based on the degree of economic development.
Universities in the high tier can serve as drivers for those in
themiddle and low tiers. Pay attention to the coordinated allo-
cation of research resources across different tiers to prevent
resource redundancy and waste, thereby effectively improv-
ing the overall transformation of scientific research results
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TABLE 8. Appendix B: Efficiency of the transformation stage at various universities.

in China. This approach is crucial to enhancing the overall
efficiency of scientific research results transformation in the
country.

Thirdly, enhance policy support for the transformation
of research achievements at the government level. Create
a liaison platform between universities and enterprises,

accompanied by corresponding preferential policies to
facilitate the transformation and application of research
achievements. Optimize the structure of government capital
investment by increasing investment in education during
the achievement transformation stage. At the same time,
moderately reduce capital investment during the technology
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research and development stage to prevent government
appropriation from inhibiting technology research, develop-
ment, and scientific innovation.

Fourthly, prioritize talent development and cultivation.
Increase the proportion of professional scientific researchers
during the technology R&D stage and promote the involve-
ment of postgraduates in the achievement transformation
stage. Emphasize strict quality control of postgraduates’
research results, shifting the focus from quantity-oriented
scientific papers. Optimize the title structure of scientific
researchers within universities and strengthen the cultiva-
tion of high-level scientific talents at the university level,
while avoiding talent redundancy. By implementing these
suggestions, the efficiency of scientific research results
transformation can be effectively improved in China.

APPENDIX A
See Table 7.

APPENDIX B
See Table 8.
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