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Abstract. At present, the allocation efficiency of Chengdu’s sci-tech finance re-
sources, along with the alignment between its service system and the demands of
sci-tech innovation, still lacks quantitative verification. There is an urgent need
to examine the efficiency of the city’s sci-tech finance system. Based on the con-
struction of an evaluation index system for sci-tech finance efficiency, this study
employs a super-efficiency DEA model to measure Chengdu’s sci-tech finance
efficiency from 2000 to 2023. Furthermore, a VECM model is applied to analyze
the long-term equilibrium and dynamic interactions within the input—output sys-
tem. The results indicate that while Chengdu’s sci-tech finance efficiency shows
an upward trend, it has not yet reached an optimal allocation state. It is essential
to optimize the structure of sci-tech finance inputs, enhance the synergy within
the input—output system, and improve the transformation efficiency of financial
resources into innovation outcomes.

Keywords: Sci-Tech Finance Efficiency, Super-Efficiency DEA Model,
VECM.

1 Introduction

Sci-tech finance efficiency serves as a key metric for assessing how well sci-tech fi-
nance systems meet the strategic demands of technological innovation. Although pro-
vincial and municipal regulations have provided institutional support, the efficiency
and adaptability of Chengdu’s sci-tech finance system still lack empirical validation..
Karaki (2023) observed that technology, measured by high-tech exports, serves as a
positive driver of economic growth in Palestine, whereas investment exhibits a signifi-
cant negative effect!!).; Kanwal et al.(2023) noting that financial technology and con-
tinuous digital growth exert a significant impact on financial inclusion.™
Wonglimpiyarat (2019) emphasized the strong connection between R&D and enter-
prises’ long-term technological competitiveness of enterprises, underscoring the im-
portance of evaluating its contribution to innovation value through financial models®;
Abad-Segura et al. (2020) ™ and Nelson (2001) ™ both identified a mutually reinforcing
relationship between technology and the economy, with Dosi et al. (2002) further spec-
ifying that their coordinated evolution—shaped by factors such as constraints on tech-
nological progress, asymmetries in enterprise capabilities, and institutional
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adaptability—drives economic growth(® Xue et al. (2017) noted that financing meth-
ods for sci-tech innovation positively influence the efficiency of sci-tech finance in
China, while bank sci-tech credit has a negative impact!”l. Xu et al. (2021) investigated
the impact of sci-tech finance on the innovation efficiency of China's marine industry!®!,

The potential contributions of this study are as follows: (1) To address the limitation
of conventional DEA models in distinguishing among DMUs that are DEA-effective
with an efficiency score of 1, this study employs a super-efficiency DEA model to as-
sess the efficiency of sci-tech finance in Chengdu and to rank the DEA-effective units.
(2) Building on the efficiency measurements, a VECM is introduced, combined with
stationarity tests and cointegration analysis, to examine both the long-term equilibrium
relationships and short-term adjustment mechanisms among Chengdu’s sci-tech fi-
nance input—output variables. (3) Given the limited existing research on sci-tech finance
in Chengdu, this study focuses specifically on the city, providing targeted empirical
evidence to inform the optimization of its sci-tech finance development path.

2 Input-Output Efficiency Measurement Based on the Super-
Efficiency DEA Model

2.1  Super-Efficiency DEA

DEA is a classic method for evaluating the relative efficiency of DMUs with multiple
inputs and outputs. Gao (2024) ) and Tang and Zuo (2024) ['% employed DEA models
to measure sci-tech finance efficiency in Shandong Province and Liaoning Province,
respectively. Huang, et al. (2021) ! pointed out that, compared to traditional CCR and
BCC models, the Super-Efficiency DEA model excludes the evaluated unit from the
production frontier construction. This allows efficiency values of effective units to ex-
ceed 1, thereby enabling comparative analysis among highly efficient DMUs.
The mathematical expression of the Super-Efficiency DEA Model is as follows:

min[0 — e(XTZ;si + Xr=157)]
S. t'z7=1 x”/lj + Si_ = Hxik
j#k
Z;‘L:l yrj;lj - S; = Vrk
Jj*k
420,57 20,5720

(1

Among the variables, x;; and y,; represent input and output indicators, respec-
tively; 4; denotes the weight coefficient; s;” and s; are slack variables, which reflect
input redundancy or output insufficiency; € is a non-Archimedean infinitesimal; and
6 =1 indicates that the DMU is in an efficient state, and a larger 6 value signifies
higher efficiency of the unit; when 6 < 1, it means the DMU is in an inefficient state.

This study utilizes the Super-Efficiency DEA Model to assess the development effi-
ciency of sci-tech finance in Chengdu over the period 2000-2023. In this framework,
each annual observation is treated as a DMU, resulting in a total of 24 DMUSs for anal-
ysis.
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2.2 Indicator Selection and Data Sources

The evaluation of sci-tech finance efficiency is based on a set of input and output indi-
cators. Guided by research objectives and data availability, the selected input indicators
capture core resource contributions from the government, financial markets, and R&D
entities. These include: RD_expense(RD), representing capital investment in R&D ac-
tivities in Chengdu; and Gov_tech expense(GTE), reflecting government financial
support in the field of sci-tech finance.. The output indicators comprise: Pa-
tent_grants(PQG), indicating the level of technological output resulting from scientific
and technological innovation; and Tech_market value(TMV), measuring the economic
value generated by the transformation of scientific and technological achievements.

Data for this study were obtained from the Sichuan Statistical Yearbook, Chengdu
Statistical Yearbook, and the Wind database. Missing data for certain years were sup-
plemented using linear interpolation, proportional allocation, and trend extrapolation
methods.

2.3  Empirical Results and Analysis

Figure 1. illustrates the trend in Chengdu’s sci-tech finance input—output efficiency, as
measured by logarithmically transformed super-efficiency values, over the period
2000-2023.
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Fig. 1. Variation Trend of Super-Efficiency Values of Sci-Tech Finance in Chengdu.

During this period, Chengdu’s sci-tech finance efficiency generally exhibited a
phased and fluctuating upward trajectory. In 2000, the super-efficiency value was ap-
proximately 0.80, falling within the non-fully effective range, which reflects relatively
low efficiency in the allocation of sci-tech finance resources during the early years.
Between 2000 and 2010, the efficiency value fluctuated considerably, driven by the
implementation of Chengdu's High-Tech Action Plan Outline (2003-2010), which en-
hanced fiscal investment and financial support guidance for high-tech sectors, the value
peaked at 1.69 in 2007. However, it subsequently declined sharply to 0.67 in 2008,
influenced by the Wenchuan Earthquake and the global financial crisis. From 2010 to
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2023, sci-tech finance efficiency gradually recovered and increased. In 2019, a series
of policies were issued by the State Council, the CPC Central Committee, and the
Chengdu municipal government, providing continued support for the development of
Chengdu’s sci-tech finance sector. By 2022, the super-efficiency value reached a peak
of 1.70, marking a breakthrough in the input—output efficiency of sci-tech finance.

3 Empirical Study Based on VECM

3.1 ADF and Johansen Cointegration Test

To mitigate the risk of spurious regression in time-series analysis—which can under-
mine the validity of empirical results—a stationarity test must be conducted prior to
model estimation. In this study, ADF test was applied to the original data using Stata.
The results indicate that, at the 5% significance level, all series achieve stationarity after
first-order differencing, confirming that each variable is integrated of order one (I(1)).

VECM is appropriate for modeling non-stationary time series that share a cointegra-
tion relationship. Before specifying a VECM, it is therefore essential to examine
whether a long-term equilibrium relationship exists among the variables. Common
cointegration testing approaches include the Engle—Granger two-step method and the
Johansen cointegration test. The former is suitable for bivariate analysis, while the latter
is designed to identify complex long-run relationships among multiple variables. This
study employs the Johansen method to test for cointegration among the variables.

Prior to conducting the cointegration test, it is necessary to determine the optimal
lag order for the VAR model. This study employs four selection criteria: LR, FPE, AIC,
and SBIC. When a majority of these criteria support the same lag order, that value is
selected as optimal. Based on the results, a lag order of 2 is chosen.

The lag order for the cointegration test is defined as the VAR lag order minus one.
Accordingly, with the optimal VAR lag order set to 2, the cointegration test is per-
formed using a lag order of 1. The null hypothesis for the cointegration rank test, de-
noted as r < 1, posits that there exist at most r cointegration vectors among the vari-
ables. As summarized in Table 1, Given that the trace statistic for r < 2(15.3423) is
slightly below the 5% critical value (15.41) while the p-value (0.0430) remains below
0.05, and considering the marginal significance of this cointegration test result along-
side the research objectives—as well as the strong rejection of the null hypothesis for
r < 1 and the absence of cointegration evidence for r < 3—this study concludes that
two cointegration vectors exist among the variables.

Table 1. Johansen Cointegration Test Results.

H, Eigenvalue LL Trace Statistic 5% Critical Value P-value
=0 0.966962 -965.47592 115.2982 47.21 0.0000
<l 0.669378 -927.49043 40.2764 29.68 0.0022
r<2 0.515092 -915.33719 15.3423%* 15.41 0.0430

<3 0.000167 -907.66864 0.0051 3.76 0.9505
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The Johansen cointegration test results, conducted within the VAR framework, in-
dicate the presence of two long-run equilibrium relationships among RD expense,
Gov_tech_expense, Patent grants, and Tech market value at the 5% significance
level. These relationships are specified in Equations (1) and (2):

CoinEql = RD (—1) — 373.08 X PG(—1) — 0.0011 x TMV(—1) + 20948.27 (2)
CoinEq2 = GTE(—1) + 12.39 X PG(—1) — 0.0091 x TMV (—1) — 2646.82  (3)

Equation (1) indicates that Patent grants exerts a significant negative long-run effect
on RD_expense. Meanwhile, Equation (2) reveals a significant positive long-term rela-
tionship between Patent grants and Gov_tech_expense, suggesting that higher patent
output stimulates sustained government investment. Additionally, Tech market value
shows a significant negative impact on Gov_tech_expense.

3.2 Impulse Response Analysis

VECM with a lag order of 1 and cointegration rank of 2 was estimated. To assess the
stability of the model, an AR root test was performed. All inverse roots lie on or inside
the unit circle, indicating that the estimated VECM is stable.

Figure 2. displays the impulse responses of output variables to shocks in input vari-
ables. The solid line represents the reponses of output indicators to input shock, while
the dashed lines indicate the 95% confidence intervals, constructed using a standard
quantile bootstrap method with 999 replications.
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Fig. 2. Impulse Response Results of Output Variables on Input Variables.

Patent_grants exhibits a continuously increasing positive response to RD_expense
over periods 1-8. After a slight decline beyond period 8, it stabilizes at a high level.
Meanwhile, Tech market value shows a generally fluctuating but upward-trending
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positive response to RD_expense throughout periods 1-9. These results suggest that
RD_expense stably supports long-term growth in Patent grants and contributes effec-
tively to the expansion of Tech market value.

Patent_grants maintains a positive and generally increasing response to
Gov_tech_expense during periods 1-10, reflecting its sustained role in promoting pa-
tent output. Tech market value also exerts a positively fluctuating influence on
Gov_tech_expense over the same period, indicating a moderate but somewhat unstable
contribution to market-value growth.

Figure 3. presents the impulse responses of input variables to shocks from output
variables. RD_expense shows a fluctuating but generally upward positive response to
Patent grants over periods 1-10, indicating a reciprocal driving relationship with R&D
expenditure. Gov_tech_expense also maintains a positive and overall increasing re-
sponse to Patent_grants during the same period, suggesting that growth in patent grants
encourages fiscal authorities to increase sci-tech funding.

RD expense exhibits alternating positive and negative impacts on Tech mar-
ket value throughout periods 1-9, followed by a rapid rise to a sustained positive re-
sponse after period 9. This pattern implies a phased reciprocal influence on R&D spend-
ing: initial instability due to factors such as market volatility, followed by a stronger
driving effect in later stages. Regarding Gov_tech expense fluctuates between positive
and negative effects over periods 1-10 to Tech _market value, with limited stability in
its impact. This reflects the absence of a sustained and stable reciprocal driving rela-
tionship from Tech market value to government sci-tech investment.
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Fig. 3. Impulse Response Results of Input Variables on Output Variables.
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3.3  Variance Decomposition

To further examine the contribution of each input indicator to fluctuations in output
indicators, variance decomposition was conducted on the forecast errors of Pa-
tent_grants and Tech market value, accounting for contemporanecous correlation
among variables. The results are presented in Table 2.

RD_expense demonstrates the strongest explanatory power for Patent grants, indi-
cating that R&D investment serves as the primary driver of patent output. Meanwhile,
the self-explanatory power of Tech market value declines steadily from 32.12% to
1.37%, suggesting that the development of the technology market relies increasingly
on external innovation inputs and the transformation of achievements, rather than its
own inherent momentum.

Table 2. Variance Decomposition Results

Patent_grants (PG) Tech_market value (TMV)
Period
S.E. RD GTE PG ™™V S.E. RD GTE PG TMV
1 67.70 58.52 9.70 31.78 0.00 1741671 14.723  45.05 8.10 32.12
2 81.72 43.14  20.08 28.76 8.02 2373885 3724 2462 9.17 28.96
3 160.85 49.35 3930 8.24 3.11 4721466 56.33  30.04 621 7.43

4 237.82 5742 3224 4.65 5.69 8866075 70.99 2233 435 233

5 346.16 65.07 24.26 421 6.45 13919031 7351 2028 4.73 1.50

6 399.62 6197  23.63 8.85 5.55 20676642 7424 1822 6.29 1.24

7 424.69 56.85  25.88 9.19 8.08 27859988 7379 1734 7.84 1.03

8 732.68 70.10  24.07 3.09 2.74 33164032 7324 1555 996 1.25

9 1662.63 73.50  23.75 2.09 0.66 35507630 71.65 14.11 12.81 1.42

10 3246.81 7490  21.37 3.20 0.54 36556289 69.11 1529 1423 1.37

4 Conclusion

This study applies a super-efficiency DEA model to evaluate Chengdu's sci-tech fi-
nance efficiency from 2000 to 2023 and establishes a VECM model incorporating sta-
tionarity tests and cointegration analysis to examine long-run equilibrium relationships
among sci-tech finance input-output variables and their short-term adjustment dynam-
ics. However, several limitations should be noted. The absence of regional comparisons
makes it difficult to contextualize Chengdu's sci-tech finance efficiency relative to peer
cities. The study does not analyze sectoral variations in sci-tech finance efficiency,
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limiting the generalizability of findings. Additionally, it does not specify the opera-
tional mechanisms through which policy instruments influence outcomes. As an ex-
ploratory investigation, this study provides a foundation for subsequent research and
aims to stimulate further inquiry to advance understanding in this field.
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