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Abstract: Over the past few years, the uncertain business environment has shaped the resilient
development thinking of firms. Measuring and predicting innovation resilience plays a crucial
role in fostering the sustainable development of enterprises. This paper used the entropy-weight
TOPSIS model and FGM(1,1) model to measure the innovation resilience of companies based on an
indicator system, covering aspects such as tolerance for factor scarcity, R&D safety, core technology
self-sufficiency, and organizational change capacity. The results show that the MAPE of the FGM(1,1)
model is 0.0136, which is lower than that of the GM(1,1) model, with the predicted annual growth
rate of the resilience being —0.95% from 2020 to 2025. Consequently, the study investigated what
policy configuration may improve innovation resilience using the fuzzy-set qualitative comparative
analysis (fsQCA) model. It identified four policy configuration paths, of which the combination of
a tax policy for an additional deduction of enterprise R&D expenses and an income tax reduction
policy is an effective policy configuration. This research expands the application of the FGM(1,1)
model and inspires managers to develop innovative policies to enhance corporate resilience.

Keywords: FGM(1,1) model; PSO algorithm; innovation resilience; the fuzzy-set qualitative compara-
tive analysis model

1. Introduction

The emergence of the VUCA (volatility, uncertainty, complexity, and ambiguity) era is
significantly influencing the mindset regarding the development of resilience in enterprises.
Resilience generally pertains to the capacity of an entity to withstand and adapt in the
face of challenging circumstances while effectively responding to them [1]. Innovation
resilience denotes the intrinsic ability of innovation systems to endure external shocks,
exhibit stability in the face of such shocks, adapt and recover from them, and potentially
evolve into a more advanced and efficient state [2]. Firms with high resilience possess
strong early warning signal detection capabilities and can initiate preventive measures.
On the other hand, firms with low resilience often demonstrate weak risk perception and
identification abilities, thus struggling to respond timely [3]. Therefore, given the ever-
changing, complex, and unpredictable nature of uncertainty factors, firms can enhance
their resilience to overcome the adverse effects of emergencies.

At present, most scholars measure firm resilience from three or four dimensions; for
example, Lin Liang et al. [4] combined four perspectives—defense capability, resistance
capability, recovery capability, and growth capability—to measure firm resilience. How-
ever, innovation resilience has not yet formed a unified system. Moreover, the existing
measurements of innovation resilience only focus on the impact of the time point when a
major emergency occurs, neglecting the hysteresis of the influence of an emergency on the
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firm. To deal with the impact of future uncertainty on firm innovation, it is crucial to use
appropriate forecasting methods to predict innovation resilience.

The grey prediction model refers to a model that predicts systems with limited samples
or weak data information. Due to the presence of uncertain factors in the data, the model
incorporates the concept of grey. The grey system refers to a system that encompasses both
known and unknown information, placing itself in an intermediate position between a
white system characterized by complete knowledge and a black system characterized by
absolute information uncertainty [5]. The grey model leverages the relationships between
data, capturing relevant information from historical data to complement new data. By
studying the relationship between information and additional data, the model establishes a
predictive model to forecast future data through restoration. In this paper, we have selected
the particle swarm optimization algorithm due to its succinct concepts, rapid convergence
rate, and minimal parameter requirements for predicting innovation resilience.

The main contributions of this research can be summarized as follows: (1) This study
describes innovation resilience from five dimensions: shortage tolerance, independent R&D
security, core technology self-sufficiency rate, market discipline tolerance, and marketing
innovation achievable rate. The chosen dimensions provide a comprehensive understand-
ing of innovation resilience, reflecting its practical relevance in enterprise development
more effectively than previous research. (2) The paper conducts exploratory research on
predicting innovation resilience using the FGM(1,1) model, which demonstrates a higher
level of prediction accuracy compared to the GM(1,1) model. (3) This article uses the fuzzy-
set qualitative comparative analysis (fsQCA) model to study what policy configurations
help improve innovation resilience and inspire managers to develop innovative policies to
enhance corporate resilience.

2. Literature Review

Resilience was originally used in physics to describe a material’s ability to absorb
energy during plastic deformation and fracture. Over time, resilience has gained atten-
tion in many fields, such as psychology, sociology, and management. However, there is
currently no unified definition of the concept of resilience in the academic community. At
present, relevant research on resilience in the field of management covers various aspects.
For example, Hamidu et al. [6] found that supply chain technological innovation serves as
a constructive mediator between supply chain resilience and supply chain performance.
Previous studies have focused on the following areas. (1) Kyrdoda et al. [7] proposed that
firm resilience plays a moderating role between learning from crises and firm survival.
Conz and Magnani [8] propose a dynamic perspective on firm resilience, viewing it as an
evolving process that unfolds over time. They contribute to this perspective by concep-
tualizing resilience as a dynamic process comprising absorption- and adaptation-related
capabilities. This conceptualization enhances our understanding of the temporal nature of
resilience in organizations. Firm resilience refers to a firm’s ability to respond to challenges,
adapt to new scenarios, and actively learn to “survive well” [9]. (2) Organizational re-
silience is a framework for organizations to respond to crises, eliminate intervention factors,
and adapt to new environments [10]. Organizational resilience reflects an organization’s
ability to recover after facing difficulties and challenges [11]. Wang and Cai [12] regarded
organizational resilience as a process, that is, in a challenging situation, firms try to avoid
adverse reactions and construct and use all of their ability to interact with the environment,
thus realizing positive adjustment and maintaining effective operation. Organizational
resilience is influenced by various factors, such as digital corporate social responsibility,
corporate resources, corporate social relationships, and so on [13,14]. (3) There is limited
literature on the theory of innovation resilience. Hu and Yu [2] define innovation resilience
as the ability of innovation systems to withstand external shocks, recover, and progress to a
higher state. The innovation resilience of an ecosystem refers to the ability of innovation
subjects to recover and adapt to the impact and disturbance of the external environment [4].
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Wei and Ren [15] describe the resilience of cooperative innovation as the ability of regional
innovation entities to recover and evolve through self-adaptation after external shocks.

The GM(1,1) model, as the fundamental model of grey prediction theory, is widely
employed for short-term prediction of limited data quantities [16]. To enhance prediction
accuracy, Lifeng Wu et al. [17] proposed a fractional order FGM(1,1) model. Zhang et al.
and Zafar et al. [18,19] introduced this model that accumulates the original sequence by
multiplying each sequence by a different fractional order and then accumulating it. This
approach leads to more flexibility and accurate prediction results compared to the first-order
accumulated sequence. When the fractional order value is 1, it represents the traditional
grey GM(1,1) model. In the GM(1,1) model, all past data have the same value. FGM(1,1),
grounded on the principle of prioritizing information, assigns higher weights to the new
data when accumulating the original data. The specific weight allocation is calculated
using fractional order, which can be determined using heuristic algorithms. Currently,
the FGM(1,1) model has been widely utilized for various predictions, including energy
consumption, environmental quality [20-24], express delivery business volume [25], the
added value of high-tech industries [26], and the total output value of China’s construction
industry [27].

Furthermore, innovation plays a crucial role in enhancing a firm’s competitiveness.
Business model changes are recognized as key strategies for long-term innovation [6].
In the face of external impact, how to maintain a firm’s innovation system and ensure
its development ability is the problem that a firm needs to solve. With the deepening of
research, how to shape the innovation resilience of firms in a dynamic complex environment
to resist the impact of future uncertainty or risk on firms has become an important topic
for scholars.

3. The Index of a Firm’s Innovation Resilience

According to the implied meaning of resilience. Resilience involves the ability to
withstand setbacks and recover from them [28]. And, based on this, it is believed that the
connotation of innovation resilience is, when a firm’s innovation is faced with external
shocks, the ability to resist shocks, maintain system stability, adapt to recovery, and even
evolve into a better state [2]. Drawing on existing research, technological innovation can
significantly enhance resilience and have a significantly higher impact on manufacturing
resilience than other industries [29]. Factors such as R&D and market uncertainty can
also influence innovation resilience [15]. Market uncertainty, for example, can affect the
resilience of the manufacturing industry and regional economic resilience [30]. According
to the above research, the paper describes innovation resilience from five dimensions. The
five dimensions respectively are as follows: shortage tolerance, independent R&D security,
core technology self-sufficiency rate, market discipline tolerance, and marketing innovation
achievable rate. Among them, factor shortage tolerance includes the shortage of internal
funds not being a major obstacle to innovation, the shortage of venture capital not being a
major obstacle to innovation, etc. Independent R&D security includes independent R&D
and cooperative R&D with firms in the group. The core technology self-sufficiency rate
includes holding national or industry technical standards, holding secret technology, etc.
Market discipline tolerance includes the shortage of market information not being a major
obstacle to innovation, the market that has been occupied not being a major obstacle to
innovation, etc. The marketing innovation achievable rate includes the number of firms
that achieved organizational or marketing innovation, achieved organizational innovation,
and achieved marketing innovation. The specific indicators are shown in Table 1.
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Table 1. Innovation resilience indicators.

Level Indicators

Questionnaire/Concept

Secondary Indicators

(1) Factor shortage
tolerance

Is the lack of internal capital an obstacle to a
firm’s innovation under the impacts of
unexpected events or a sudden shock?

The proportion of firms which hold that the shortage
of internal capital is not a major obstacle to innovation.

Is the lack of venture funding an obstacle to a
firm’s innovation?

The proportion of firms which hold that the shortage
of venture funding is not a major obstacle
to innovation.

Is the lack of bank lending an obstacle to a
firm’s innovation?

The proportion of firms which hold that the shortage
of bank loans is not a major obstacle to innovation.

Are high costs an obstacle to a
firm’s innovation?

The proportion of firms which hold that high costs are
not a major obstacle to innovation.

Is a lack of talent or brain drain a barrier to a
firm’s innovation?

The proportion of firms which hold that the shortage
of talent or brain drain is not a major obstacle
to innovation.

Is the lack of entrepreneurship a barrier to a
firm’s innovation?

The proportion of firms which hold that the
entrepreneurship has no high impact on innovation.

(2) Independent R&D
security

Does the firm have independent research and
development capabilities?

The proportion of enterprises independently
developing new products.

Does company not need to rely on external
firms for the development of new products?

The proportion of companies that collaborate with
internal firms in the group to develop new products.

(3) Core technology
self-sufficiency

Does the enterprise establish national or
industry technical standards?

The proportion of enterprises formulating national or
industry technical standards.

Do enterprises have complex technologies that
are difficult to replicate?

The proportion of enterprises holding complex
technologies that are difficult to replicate.

Does the enterprise possess technical secrets
and provide internal protection for them?

The proportion of enterprises that possess technical
secrets and provide internal protection for them.

Does the enterprise have core technologies
with first-mover advantage?

The proportion of enterprises that hold core
technologies with first-mover advantage.

Does the enterprise have brand ownership of
main products?

The proportion of enterprises that have brand
ownership of their main products.

(4) Market uncertainty
tolerance

Is the lack of market information an obstacle to
a firm’s innovation?

The proportion of firms which hold that shortage of
market information is not a major obstacle
to innovation.

Is the market being occupied by other
enterprises an obstacle to a firm’s innovation?

The proportion of firms which hold that the market
being occupied by others is not a major obstacle
to innovation.

Is uncertainty in market demand caused by
major emergencies or a sudden shock an
obstacle to a firm’s innovation?

The proportion of firms which hold that the
uncertainty of market demand is not a major obstacle
to innovation.

Do companies have the ability to explore
international markets when the local market is
affected by unexpected events?

The proportion of enterprises that develop new
products in the international market.

(5) Flexible capability

Faced with the impacts of unexpected events,
enterprises have the ability to undergo

organizational change or marketing innovation.

Log(the number of firms that achieved organizational
or marketing innovation).

The proportion of enterprises that achieve
organizational innovation.

The proportion of enterprises that achieve
marketing innovation.
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4. Methodology
4.1. Entropy-Weight TOPSIS

This paper builds upon the works of Liu et al. [31] and Luo et al. [32] and utilizes the
entropy-weight TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution)
model as a means to assess innovation resilience. Firstly, the indicators are objectively
assigned weights based on standardized processing, which yields the entropy utility value
of the indicator information. Subsequently, the development index is derived by assessing
the gap between the evaluation unit and both the optimal solution and the worst solution,
thereby minimizing redundancy and employing scholarly language. The specific steps for
application are as follows.

Standardize the original data of various indicators and adopt extreme value standard-
ization:
xij — min (xi]')

Yij = max(xij) — min(xij) o+ (1-p) 1)

max (xij) — xij

= ) = mim(y P ) @)

where x;]- is the standardized value of each index; x;; is the evaluation index of item j of
province i; min (xij) is the minimum value of the index; and max (xl-j) is the maximum
value of the index; setting 0 < p < 1. Referring to Liu et al. [31], we take p = 0.995 in this
paper to circumvent the possible inability to compute the natural logarithm.

The following is used to calculate the value of entropy Uj;:

1

Uj = =3 [("fj/ Y xz/'j) 1“("51'/ Y xf,-)] ©

The following is used to calculate the index weight w;:

1-U;
T (0<wW;<1,Y" W =1 4
S IR ?

(U]'Z

The following is used to establish a standardized decision matrix M:

j“m
M:xlfjij: : : 5)

/ /
xllwl xl

/ /
Xjw1 e XjWn

The following is used to determine the positive and negative ideal solutions:

(S+ = [maXMilf maXMiZ/ e /maXMim]> (6)

S~ = [minM;;, minMj, - - - , minM;y,,]

where St and S~ are positive and negative ideal solutions, respectively.
The following is used to calculate the distance between the positive and negative ideal
solutions for each province:

(Gi* =\ (M- 5+)z>

@)
G = /X (M —57)

where G:" and G; are the distances of the positive and negative ideal solutions, respectively.
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The following is used to calculate the score of comprehensive evaluation:

D= 0 ®)
"G +G
where 0 < D; < 1. The larger the value of D;, the stronger the indication of a firm’s
innovation resilience; the smaller the value of D;, the weaker a firm’s innovation resilience
is. The results of the firm’s innovation resilience are listed in Table 2.

Table 2. The results of innovation resilience.

Province 2016 2017 2018 2019 2020
Beijing 0.2040 0.2133 0.2169 0.2228 0.2115
Tianjin 0.2260 0.2118 0.2067 0.2145 0.1955
Hebei 0.2199 0.2131 0.1915 0.2114 0.1996
Shanxi 0.1625 0.1624 0.1533 0.1571 0.1472

Inner Mongolia 0.1618 0.1918 0.1760 0.1731 0.1574
Liaoning 0.2069 0.2063 0.1970 0.2106 0.1916
Jilin 0.1652 0.1588 0.1521 0.1650 0.1457
Heilongjiang 0.1583 0.1597 0.1439 0.1586 0.1552
Shanghai 0.2328 0.2288 0.2313 0.2479 0.2417
Jiangsu 0.4753 0.4605 0.4732 0.4999 0.5044

Zhejiang 0.4133 0.4218 0.4343 0.4831 0.4871
Anhui 0.2921 0.2925 0.2969 0.3035 0.3148
Fujian 0.2270 0.2331 0.2368 0.2483 0.2478
Jiangxi 0.1967 0.2108 0.2099 0.2286 0.2423

Shandong 0.3687 0.3718 0.3482 0.3413 0.3568
Henan 0.2299 0.3921 0.2275 0.2496 0.2597
Hubei 0.2413 0.2355 0.2430 0.2642 0.2448
Hunan 0.2209 0.2364 0.2547 0.2732 0.2798

Guangdong 0.3746 0.4443 0.4814 0.5423 0.5515

Guangxi 0.1802 0.2740 0.1607 0.1693 0.1447

Hainan 0.2624 0.1782 0.1904 0.1912 0.1776

Chonggqing 0.3189 0.2191 0.2247 0.2430 0.2317
Sichuan 0.2334 0.2321 0.2350 0.2405 0.2417
Guizhou 0.1952 0.1859 0.1944 0.1998 0.2060
Yunnan 0.2175 0.2292 0.2035 0.2121 0.1881
Shaanxi 0.2078 0.1992 0.2009 0.2111 0.1898
Gansu 0.1994 0.2002 0.1887 0.1884 0.1745

Qinghai 0.1926 0.1827 0.2050 0.1929 0.1665

Ningxia 0.1970 0.1982 0.1976 0.2039 0.1772

Xinjiang 0.1716 0.1658 0.1757 0.1709 0.1337

4.2. PSO Algorithm

The particle swarm optimization algorithm shares similarities with many other evo-
lutionary optimization algorithms as it is based on a population that collaborates and
competes to discover the optimal solution within a complex search space.

Suppose the target search space has a search dimension of D and the community
consists of N particles. Within this D-dimensional space, the position and velocity of the
i-th particle are represented as vectors P; = (pj1, pio, - -+ , pip) and V; = (vj1, i, - -+ ,Vip),
respectively, and the individual and global extremum of the i-th particle and the entire
particle swarm is denoted as Hpest = (hj1, hip, - -+, hip) and Gpest = (8i1,8i2,** ,&iD),
respectively. The particle updates its velocity and position by using the formula below.

{ v;j(t +1) = woy(t) + crr1 () [hy(t) — pij(t)] + cara () [&ii () — pij(t)] ©)
pij(t+1) = pij(t) + p;i(t +1)

where c; and ¢; are the learning factors, w is the inertia weight, and r1 () and r(t) are uni-
form random numbers in the range of [0,1]. v;;(f + 1) consists of the inertia or momentum
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part, the cognitive part, and the social part [33,34]. To avoid particles “oscillating” near the
global optimal solution, the inertia weight w is linearly transformed between the maximum
and minimum values [35].

wmax—wmin
w=wmax—t X ——— (10)
tmax

where t is the number of current iterations.

4.3. PSO-FGM(1,1) Model

The accuracy of the model prediction is directly influenced by the data of r. To enhance
the predictive capability of the model, heuristic algorithms can be employed to identify
the optimal fractional order r. In this study, we propose the PSO-FGM(1,1) model and the
specific process is outlined as follows.

The fitness value of the particle swarm optimization (PSO) algorithm is adopted as the
criterion for determining the prediction result. In this case, the mean absolute percentage
error (MAPE) is utilized:

0 ~
M % 100% (11)
y O (k)

The grey fractional order function for calculating the mean absolute percentage error
is then established.

Construct the r-order accumulation sequence.

The original non-negative sequence of the original data was written as Y(©) = {y(©)(1),
y©(2),---,y(n)}, and the cumulative sequence of order r was obtained by calculating

YO = [y (1), 50 (2), -,y (m) ), where

MAPE = L x
no 3

() ch itr— 1]/()()

C" ; e T 1) (k—i+r—2)-(r+1)r (12)
k—itr—1 — (k—i)!

0 _ k+1 _
O, =1CH1=0

The whitening differential equation is established as follows:

dy"(#)
at

+ay")(t) =b (13)

where a and b are called the developmental grey number and endogenous control grey
number, respectively. The solution of the above equation is as follows:

YO (E+1) = [yO) - Yot 4 2 (14)

a a

Using the least squares method, the numerical solutions of parameters 4 and b are

(Z) = (BTB)~'BTZ, where

—-05(y" (1) +y"(2)) 1 ¥ (2) =y (1)
—0.5 ,_

(15)
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The time response function is as follows:
R b, a b
POk +1) = [0 1) — Tl 4 ) 6
where §") (k 4 1) is the value at time k + 1.
The reduction sequence of Y(") = {ﬁ(r) (1),91(2),---, 9" (n)} is as follows:
ANy — {a(l)yA(r)(lfr)(1)/0((1)9(?)(1*7) (), /a(l)y(r)(lff)(n)} (17)

where

g1 () = )= () _ g A=1) ( _ 1)

Thus, the prediction sequence is

y(©) — {?(0)(1),9(0) (2),--- ,g(o)(n)}

Configure the parameters of the particle swarm optimization algorithm. Initially, the
velocity and position of each particle are initialized with the fractional value r as the initial
position. Subsequently, the fitness values are computed under the initial conditions. The
velocity and position of the particles are then updated through iterations to identify the
minimum fractional value r associated with the minimum fitness value.

The algorithm flowchart of the PSO is presented in Figure 1 below.

| Establish a function for calculating |

the MAPE

¥

Initialize the particle swarm
and the fitness

v

Find the best location for the initial
particle swarm

Update the velocity and location of
the particle groups by the formula

l Random generation of a new rether the particles me®

particle to join calculation the requirements

Update the inertia factor and
iterations

N
Solving the new fitness values

aximum iteration3

eached or

criteria met

Figure 1. Flow chart of the PSO-FGM(1,1) model.

4.4. The Fuzzy-Set Qualitative Comparative Analysis (fsQCA) Model

Qualitative comparative analysis (QCA) is a research method that surpasses both
qualitative and quantitative approaches, adopting a holistic perspective to examine the
configurational relationships among complex phenomena. It is highly applicable for an-
alyzing the indispensability of an individual condition and the adequacy of multiple
condition configurations while simultaneously reducing repetition and employing schol-
arly language [36]. In contrast to traditional quantitative analysis methods, QCA exhibits
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characteristics such as multiple concurrencies, equivalence, and causal asymmetry. It facili-
tates a comprehensive investigation of the influence of various combinations of conditions
on outcomes, enabling researchers to delve deeper into the mechanisms underlying the re-
lationships between conditional variables and results. Consequently, the QCA method has
garnered notable attention and application in research domains such as entrepreneurship,
innovation, marketing management, and strategic management in recent years. QCA can be
further categorized into crisp set QCA (csQCA), fuzzy-set QCA (fsQCA), and multi-value
QCA (mvQCA). Among these, fsQCA overcomes the limitations of traditional methods
that solely analyze binary variables. It allows for the analysis of categorical variables and
offers the flexibility to explore issues related to partial membership and degree changes
that occur within a wide range of contexts, rendering it highly applicable and operative.

In this study, the fuzzy-set qualitative comparative analysis (fsQCA) method is utilized,
employing fsQCA 3.0 software to conduct the analysis. The specific analysis comprises the
following steps.

Calibration of conditions. Following the instructions provided by the fsQCA software,
the variables specified in the article are transformed into fuzzy membership scores ranging
from 0 to 1.

Construction of the truth table. In the QCA method, the analysis unit consists of
combinations of conditions rather than individual cases. By assigning each conditional
variable according to a predefined standard, we generate a truth table comprising all
possible combinations of conditional variables and the outcome variable. It is important to
identify and rectify any contradictory groups within the truth table.

Univariate necessity analysis. Univariate necessity analysis entails evaluating consis-
tency and coverage indicators. Leveraging fsQCA 3.0 software, we conduct the univariate
necessity analysis on the truth table. The consistency indicator helps determine whether a
condition is essential for generating the observed outcomes, while coverage is utilized to
assess the explanatory power of the outcome variable.

Conditional configuration analysis. By employing fsQCA 3.0 software, we obtain three
types of solutions: parsimonious solutions, intermediate solutions, and complex solutions.
Subsequently, we identify the core and edge conditions among numerous conditional
variables and derive the conditional configuration path.

Robustness testing. For robustness testing, we employ two methods: altering the
original consistency and modifying the PRI consistency.

Result analysis. To analyze the obtained configuration path, we regress it onto the
case, identify various types of impact paths, and provide targeted policy recommendations.

The algorithm flowchart of the QCA method is illustrated in Figure 2 below.

‘ Calibration of conditions ‘

!

‘ Construction of truth table ‘

¥

‘ Univariate necessity analysis ‘

!

‘ Conditional configuration analysis ‘

¥

‘ Robustness testing ‘

!

‘ Result analysis ‘

End

Figure 2. Flow chart of the QCA algorithm.
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5. Results

The data presented in this article are obtained from the National Survey of Enterprise
Innovation Yearbooks conducted by the National Bureau of Statistics of China from 2017 to
2021. However, it should be noted that the study sample does not include certain regions of
China, namely Xizang, Hong Kong, Macao, and Taiwan province, due to missing data. The
findings, as depicted in Table 2, illustrate the results of innovation resilience of companies
based on the entropy-weight TOPSIS method. On the whole, the overall trend of innovation
resilience of firms appears to be stable. Taking a regional perspective, the top 10 regions
with a five-year average ranking are Jiangsu (0.483), Guangdong (0.479), Zhejiang (0.448),
Shandong (0.357), Anhui (0.300), Henan (0.272), Hunan (0.253), Chonggqing (0.247), Hubei
(0.246), and Fujian (0.239). Furthermore, the “peak areas” of enterprise innovation resilience
are concentrated in Jiangsu, Zhejiang, and Guangdong, indicating that regions with higher
economic levels tend to possess stronger innovation resilience. After the outbreak of
COVID-19, some regions have experienced significant increases in their resilience levels.
Jiangxi province has a 6% increase, followed by Shandong (4.5%), Henan (4%), and Anhui
(3.7%).

5.1. Data Preprocessing

To analyze the variations in innovation resilience development across different regions,
the sample was divided into four parts. Region 1 represents the eastern region of China,
encompassing Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong,
Guangdong, Hainan, Liaoning, Jilin, and Heilongjiang. Region 2 represents midwestern
China, including Shanxi, Anhui, Jiangxi, Henan, Hubei, Hunan, Inner Mongolia, Guangxi,
Chonggqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, and Ningxia. Region
3 represents the Yangtze River economic belt of China, consisting of Shanghai, Jiangsu,
Zhejiang, Anhui, Jiangxi, Hubei, Hunan, Chongqing, Sichuan, Guizhou, and Yunnan.
Lastly, Region 4 represents the Yellow River basin of China, encompassing Shanxi, Inner
Mongolia, Shandong, Henan, Sichuan, Shaanxi, Gansu, Qinghai, and Ningxia. The results
of innovation resilience across the four regions are presented in Table 3. The eastern region
of China and the Yangtze River economic belt exhibit a declining-growing—declining trend,
while midwestern China, the Yellow River basin, and the overall trend for China show a
growing-declining—growing—declining pattern. However, it should be emphasized that the
future direction of these data changes is uncertain, and predicting these trends accurately
is crucial.

Table 3. Innovation resilience in different regions and the whole of China.

Time Region 1 Region 2 Region 3 Region 4 The Whole of China
2016 0.2719 0.2129 0.2761 0.2170 0.2384
2017 0.2693 0.2240 0.2684 0.2367 0.2436
2018 0.2695 0.2087 0.2728 0.2147 0.2350
2019 0.2874 0.2165 0.2905 0.2175 0.2473
2020 0.2820 0.2059 0.2893 0.2079 0.2389

5.2. Data Prediction

To adapt the grey fractional order FGM(1,1) model for iterative optimization, the
parameters of the particle swarm algorithm were set as follows. Initially, based on the
characteristics of the particle swarm algorithm, the learning factor was set to ¢; = ¢ = 2.
The number of particle swarms was chosen as N = 50, with a maximum iteration limit of
100. For the stopping criterion, eps was set to 10~°. Additionally, considering the concept
of the FGM(1,1) model fractional order, the value range of r was set as [0,1]. The weight, w,
was varied linearly within the range of 0.1 to 0.9. Using MATLAB, the national and regional
data were predicted, employing both the GM(1,1) and FGM(1,1) models. The prediction
results are presented in Tables 4 and 5.
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Table 4. GM(1,1) prediction results.

Time Region 1 Region 2 Region 3 Region 4 The Whole of China
2016 0.2719 0.2129 0.2761 0.2170 0.2384
2017 0.2687 0.2208 0.2683 0.2320 0.2415
2018 0.2742 0.2160 0.2761 0.2232 0.2413
2019 0.2798 0.2114 0.2841 0.2148 0.2411
2020 0.2855 0.2068 0.2924 0.2067 0.2409
2021 0.2913 0.2023 0.3008 0.1988 0.2408
2022 0.2972 0.1980 0.3095 0.1913 0.2406
2023 0.3032 0.1937 0.3185 0.1841 0.2404
2024 0.3094 0.1895 0.3277 0.1771 0.2402
2025 0.3157 0.1854 0.3372 0.1704 0.2400

r 1 1 1 1 1
MAPE 0.0117 0.0155 0.009 0.0156 0.0138
Table 5. FGM(1,1) prediction results.

Time Region 1 Region 2 Region 3 Region 4 The Whole of China
2016 0.2719 0.2129 0.2761 0.2170 0.2384
2017 0.2693 0.2208 0.2684 0.2297 0.2406
2018 0.2743 0.2161 0.2763 0.2203 0.2419
2019 0.2791 0.2114 0.2842 0.2131 0.2411
2020 0.2829 0.2068 0.2901 0.2079 0.2392
2021 0.2855 0.2023 0.2941 0.2039 0.2369
2022 0.2871 0.1980 0.2965 0.2007 0.2345
2023 0.2880 0.1937 0.2975 0.1980 0.2322
2024 0.2881 0.1895 0.2974 0.1956 0.2301
2025 0.2878 0.1854 0.2965 0.1936 0.2281
r 0.0999 0.9999 0.2004 0.0922 0.0782
MAPE 0.0099 0.0155 0.0075 0.0152 0.0136

(1) Figure 3 depicts the convergence plot of the fractional order (r) and the mean absolute
percentage error (MAPE) values for the data derived from eastern China, which
underwent iterations through the IPSO algorithm. The convergence map plateaus at a
number of iterations of about 20. At this stage, the fractional order (r) obtains a value

of 0.0999, while the MAPE reaches its minimum value of 0.0099.
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Figure 3. The convergence process of r and MAPE in Region 1.

40 50



Fractal Fract. 2024, 8, 2 12 of 24

(2) Figure 4 illustrates the convergence diagram of the fractional order (r) and the mean
absolute percentage error (MAPE) values for the data in central and western China.
The convergence map stabilizes at approximately 20 iterations. At this specific point,
the fractional order (r) reaches a value of 0.9999, while the MAPE reaches its minimum

with a value of 0.0155.
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Figure 4. The convergence process of r and MAPE in Region 2.

(3) Figure 5 presents the convergence plot of the fractional order (r) and the MAPE
values for the CHES data, which underwent iterations using the IPSO algorithm. The
convergence map reaches a stable state after approximately 20 iterations. At this
specific point, r takes on a value of 0.2004, while the MAPE reaches its minimum
value of 0.0075.
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Figure 5. The convergence process of r and MAPE in Region 3.

(4) Figure 6 demonstrates the convergence diagram of the fractional order (r) and the
MAPE values specifically for the Yellow River region in China. The convergence map
reaches a stable state after approximately 20 iterations. At this specific point, r attains
a value of 0.0922, while the MAPE achieves its minimum value, which is 0.0152.



Fractal Fract. 2024, 8, 2

13 of 24
1r 0.0166
09 1 ootes]
081 1 |
‘ 0.0162 -‘
07Ff
06k | 00ts |
W \
~ 051 7 cé; 0.0158 ‘\‘
04T 1 ootssl|
03 | |
\ 00154 | |
02r \
o LL | 00152 —
0 0015 . . . .
0 20 40 60 80 100 0 20 40 60 80 100
The number of iterations The number of iterations

Figure 6. The convergence process of r and MAPE in Region 4.

(5) Figure 7 shows the convergence plot of the fractional and MAPE values of data
covering the whole of China. The convergence map plateaus at a number of iterations
of about 15. At this specific point, r is calculated as 0.0782, while the MAPE reaches
its minimum value of 0.0136.
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Figure 7. The convergence process of r and MAPE for the whole of China.

To investigate the benefits of the FGM(1,1) model, a comparison was made between
the MAPE values of the FGM(1,1) and GM(1,1) models. The corresponding results are
presented in Table 6. It can be observed that the mean absolute percentage error (MAPE)
consistently demonstrates lower values for the FGM(1,1) model, indicating the superior
performance of the FGM(1,1) model.

Table 6. The comparison of MAPE between the FGM(1,1) model and GM(1,1) model.
Region Region 1 Region 2 Region 3 Region 4 The Whole of China
MAPE of GM(1,1) model 0.0117 0.0155 0.009 0.0156 0.0138
MAPE of FGM(1,1) model 0.0099 0.0155 0.0075 0.0152 0.0136

5.3. Data Analysis

Table 4 indicates a high level of fitting between the forecasted data and the actual data.
This suggests that the forecasted values can accurately reflect the fluctuations observed
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in the original data, particularly in cases where the volume of actual data is limited.
Consequently, the growth rate and annual growth rate for the period of 2020-2025 are
presented in Table 7.

Table 7. The predicted growth rate and annual growth rate from 2020 to 2025.

Time Region 1 Region 2 Region 3 Region 4 The Whole of China
Growth rate 1.73% —10.35% 2.21% —6.88% —4.64%
Annual growth rate 0.34% —2.16% 0.44% —1.42% —0.95%

The trend in innovation resilience of enterprises at the national level, in the central
and western regions, and in the Yellow River basin is declining in the upcoming years.
The annual decreases in these regions amount to 0.95%, 2.16%, and 1.42%, respectively.
Conversely, the resilience index trends in the eastern region and the Yangtze River economic
belt exhibit an upward trajectory, with annual increases of 0.34% and 0.44%, respectively.
The data highlight a significant disparity between the decline and the increase in resilience.
Several factors contribute to the downward trend. Firstly, unforeseen events such as
the COVID-19 pandemic present substantial challenges and pressures for businesses. In
response, companies must allocate limited resources to implement appropriate strategies
and measures, albeit with the positive impacts of these events being overshadowed by their
negative influences. Secondly, the central and western regions, along with the Yellow River
basin, have a higher concentration of small and medium-sized enterprises or traditional
industries. These entities often possess limited resources, low transformation efficiency,
and inadequate capacity to withstand external shocks. Thirdly, due to the relatively lower
economic level in these regions, inadequate policy support coupled with an unfavorable
business environment has hindered their ability to sustain innovation.

Conversely, the Yangtze River economic belt and the eastern regions exhibit stronger
innovation resilience due to several factors. Firstly, these regions benefit from various
resource advantages, including abundant natural and human resources, strong financial
capabilities, and technological accumulation. These advantages create a conducive environ-
ment for continuous technological innovation and market expansion, resulting in a leading
position for enterprises in these regions. Secondly, enterprises in the eastern region, partic-
ularly in the Yangtze River economic belt, possess substantial technological strength and
innovation capabilities. These companies prioritize technology research and development
and are supported by robust government initiatives that foster technological innovation.
Consequently, significant investments are made in technology research and development,
enabling product and industrial upgrades that enhance their core competitiveness. Thirdly,
the vast market demand in these regions provides ample application scenarios and devel-
opment opportunities for enterprises. This market-driven demand stimulates corporate
innovation vitality, thereby driving continuous product and business model innovation.
Fourthly, substantial policy support, including financial subsidies, tax incentives, and talent
recruitment, is provided by the government, especially in the Yangtze River economic belt
and eastern regions. These policies reduce operating costs and enhance corporate innova-
tion capabilities, further promoting innovation development. Lastly, the eastern region and
the Yangtze River economic belt exhibit sound business environments, well-functioning
market mechanisms, and high levels of information transparency. These conducive factors
encourage companies to make informed decisions, adhere to standardized operations, and
ultimately strengthen innovation resilience.

Overall, the innovation resilience of enterprises in the coming years is anticipated to ex-
perience a downward trajectory. To counteract this trend, appropriate policy measures must
be implemented to drive and enhance the sustainability of innovation within enterprises.
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6. Policy Configuration

In this section, we investigate the policy configuration that may enhance the resilience
of enterprise innovation. Table 8 presents a compilation of macro- and micro-policies
that have been found to have a significant impact on corporate innovation. In order to
investigate the potential policy configurations that contribute to high innovation resilience,
this research employs the fuzzy-set qualitative comparative analysis (fsQCA) model, as
outlined in the framework presented by Witt et al. (2022). It is necessary to define the
conditional variables and outcome variables to apply this model. For the conditional
variables, we consider the effectiveness of each policy as measured by the proportion of
entrepreneurs who believe that the policy listed in Table 6 has a significant effect on firm
innovation. These effectiveness ratings serve as the condition variables in our analysis.
In terms of the outcome variable, we utilize the corporate innovation resilience measure
calculated earlier in the study. This outcome variable represents the level of resilience
displayed by enterprises in terms of their innovation capabilities.

Table 8. Calibration values and descriptive statistics.

Fuzzy Set Calibration Descriptive Statistics
Condition Full Crossover  Full Non- .
Membership Point Membership AV. SD. Min.  Max.
Innovation resilience 0.152 0.203 0.330 0239 0.107 0.134 0.552

1. Tax incentives for additional
deduction of enterprise R&D expenses

2. Income tax reduction and exemption

0.395 0.485 0.575 0474 0.083 0314  0.608

0.333 0.425 0.507 0.414 0.079 0285  0.555

policy for high-tech enterprises

Micro- 3. Accelerated depreciation policy for
policies  special instruments and equipment for 0.255 0.330 0.411 0331 0.074 0212 0.49%
the R&D activities of enterprises
4. Income tax incentives for technology 0.220 0.258 0.347 0271 005 0178 0419
development and transfer
5. Technology introduction tax policy 0.152 0.204 0.281 0.212 0.060 0123  0.346
6. Policies related to enterprise talent 0.345 0.395 0.495 0407 0061 0330  0.546
recruitment and training
7. Financial policies 0.323 0.387 0.499 0395 0.076 0262  0.563
" 8. Policies on intellectual 0.358 0.423 0500 0424 0067 0299 0556
acro-  property protection
policies 9. Policies on the transformation of
scientific and technological 0.317 0.377 0.461 0377 0.070 0271  0.530
achievements
10. Policies concerning mass 0.258 0.331 0.445 0349 0.078 0240 0.528

entrepreneurship and innovation

6.1. Calibration of Conditions and Outcome

Based on prior research, we employ the direct calibration method [37] to transform
the data into fuzzy-set affiliation scores, taking into account the available theoretical and
empirical knowledge for each type of condition and outcome data. Given the lack of
empirical knowledge as a calibration basis for the results and conditional variables under
investigation, we draw upon prior studies [38,39] and utilize the 85th, 50th, and 15th
percentiles as thresholds for full membership, crossover point, and full non-membership,
respectively. These thresholds are applied to ten conditional variables and one outcome
variable (innovation resilience). Table 8 offers a comprehensive overview of our calibrations
along with the results of descriptive statistical analysis.
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6.2. Analysis of the Necessity of a Single Policy

Before conducting the analysis of conditional configurations, it is crucial to indi-
vidually assess the “necessity” of each policy. Following the mainstream QCA research
approach, we examined whether each individual policy is a necessary condition for en-
terprise innovation resilience. Within qualitative comparative analysis methodologies, a
condition is deemed necessary when its presence invariably coincides with the occurrence
of the result [37]. To test the necessary conditions for high-level innovation resilience, we
utilize fsQCA 3.0 software. The findings are illustrated in Table 9, which presents the results
of the analysis. Based on the established criteria for determining significance, a policy is
considered necessary for attaining innovation resilience if its consistency level surpasses
0.9 and demonstrates extensive coverage [40]. Nevertheless, the findings in Table 9 indicate
that the consistency level of all conditions is less than 0.9. Thus, we can logically infer that
the presence of a solitary policy is not a prerequisite for achieving a superior degree of
innovation resilience in organizations. Consequently, it is crucial to further investigate the
influence of policy configurations on innovation resilience.

Table 9. Analysis of necessary conditions.

Condition

Outcome Variable Outcome Variable

Condition

Innovation Resilience Innovation Resilience

Micro-policies

Consistency Coverage Macro-policies Consistency Coverage

Tax incentives for additional deduction

of enterprise R&D expenses

~Tax incentives for additional deduction

of enterprise R&D expenses

Policies related to enterprise

Income tax reduction and exemption
policy for high-tech enterprises
~Income tax reduction and exemption
policy for high-tech enterprises
Accelerated depreciation policy for
special instruments and equipment for
the R&D activities of enterprises
~Accelerated depreciation policy for
special instruments and equipment for
the R&D activities of enterprises

Income tax incentives for technology
development and transfer

~Income tax incentives for technology
development and transfer

Technology introduction tax policy

~Technology introduction tax policy

0.778 0.802 . . . 0.757 0.781
talent recruitment and training

0.425 0.390 ~Policies re}ated to enterpr1§e 0.482 0.443
talent recruitment and training

0.753 0.794 Financial policies 0.747 0.783

0.440 0.396 ~Financial policies 0.474 0.429

0.775 0806 L olicies onintellectual 0.844 0.855
property protection

0.436 0397  ~Policies on intellectual 0.417 0.389
property protection
Policies on the transformation

0.775 0.804 of scientific and technological 0.749 0.827
achievements
~Policies on the transformation

0.461 0.420 of scientific and technological 0.456 0.396
achievements
Policies of mass

0.778 0.795 entrepreneurship 0.806 0.762
and innovation
~Policies of mass

0.423 0.392 entrepreneurship 0.418 0.417

and innovation

6.3. Sufficiency Analysis

In contrast to the examination of necessary conditions, the purpose of configuration
analysis is to ascertain the adequacy of outcomes generated by various configurations that
encompass multiple conditions. Configuration analysis aims to determine whether an
outcome created by a composition of multiple conditions, represented by a configuration, is
a subset of the result set from a set theory perspective. Consistency is utilized to evaluate the
sufficiency of a configuration through the calculation methods and the acceptable minimum
standards from those employed in the analysis of necessary conditions. Schneider and
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Wagemann (2012) advocate for a consistency level of no less than 0.75 for determining
sufficiency, and the frequency threshold should be determined based on the sample size. In
the case of small to medium-sized samples, it is advisable to set the frequency threshold
at 1, whereas for larger samples, it is recommended to establish a frequency threshold
exceeding 1.

Based on relevant studies, the initial consistency threshold was determined to be
0.8, while the PRI (parsimonious reduction index) consistency threshold was set at 0.6.
Additionally, the case frequency threshold of 1 was applied to exclude non-representative
combinations of conditions. The rationale behind these choices is to filter out inconsistent
and unrepresentative configurations. Using fsQCA 3.0 software, we performed group
analysis and determined the key groupings based on the comparison of results between the
parsimonious solution and the intermediate solution. Table 10 showcases the results of our
analysis. Specifically, core conditions are identified as conditional variables that manifest in
both the intermediate and parsimonious solutions, which attests to their influential role
in enhancing the innovation resilience of enterprises at a high level. In contrast, auxiliary
conditions refer to conditional variables that appear in the intermediate solution but are
not present in the parsimonious solution. This implies that their contribution to fostering
high-level innovation resilience in enterprises is supplementary. Among the findings, there
are three configurations (Gla, G1b, G2) of micro-policy conditions that generate high levels
of innovation resilience in enterprises, and two configurations (G3, G4) of macro-policy
conditions that yield the same outcome. To facilitate a more comprehensive analysis of the
distinctions between these configurations, we further categorized the three configurations
(Gla, G1b, G2) that generate high-level innovation resilience under micro-policy conditions
into two groups, where Gla and G1b share the same core conditions and constitute an
equivalent grouping [27]. The subsequent discussion provides a detailed analysis of each
configuration’s impact on enterprise innovation resilience.

Table 10. Configurations for high innovation resilience.

Configurations Configurations i i
& High Innovation Resilience 8 High Ir'u.lovatlon
Resilience
Causal Conditions Gla G1b G2 Causal Conditions G3 G4
1. Tax incentives for additional .. .
. . 6. Policies related to enterprise
deduction of enterprise [ o . e ® [
talent recruitment and training
R&D expenses
2. Income tax reduction and
exemption policy for o [ ® 7. Financial policies ® o
high-tech enterprises
3. Accelerated depreciation policy
for special instruments and ® . P 8. Policies on intellectual PY PY
equipment for the R&D activities property protection
of enterprises
4. Income tax incentives for 9. Policies on the transformation of
technology development . scientific and technological o
and transfer achievements
5. Technology introduction 10. Policies concerning mass
. ® . [ ) . . ® L
tax policy entrepreneurship and innovation
Consistency 0.814 0.850 0.900 Consistency 0.876 0.878
Coverage, raw 0.277 0.588 0.316 Coverage, raw 0.335 0.664
Coverage, unique 0.100 0.350 0.113 Coverage, unique 0.134 0.463
Solution consistency 0.841 Solution consistency 0.878
Solution coverage 0.801 Solution coverage 0.798

Note: [ indicates that the condition exists as a core condition; e indicates that the condition exists as an auxiliary
condition; ® indicates that the condition is missing as a core condition; ® indicates that the condition is missing as
an auxiliary condition; blank indicates that the presence or absence of this condition has no impact on the results
and can exist or not.
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Within the context of micro-policy conditions, the consistency value of the single
solution exceeds 0.8, suggesting that these configurations serve as sufficient conditions for
attaining high-level innovation resilience. Moreover, the overall solution exhibits a consis-
tency level of 0.841, indicating that among all cases satisfying these three condition configu-
rations, 84.1% of policy configurations have achieved a high level of innovation resilience.
Furthermore, the coverage of the overall solution is 0.801, indicating that these three
configurations possess a strong explanatory power for enterprise innovation resilience.

Configuration Gla suggests that the core condition for generating high-level innova-
tion resilience is the availability of tax incentives for additional deductions on enterprise
R&D expenses, accompanied by the policy of income tax reduction and exemption for
high-tech firms. The complementary marginal condition, in this case, entails the absence
of an accelerated depreciation policy for specialized instruments and equipment used in
R&D activities, as well as the absence of a technology introduction tax policy. The tested
configuration demonstrates a consistency value of 0.814, a distinct coverage of 0.100, and a
raw coverage of 0.277. As a result, this specific pathway can account for roughly 27.7% of
cases exhibiting high-level innovation resilience, with only 10.0% of such cases having this
pathway as their sole explanatory factor. Contrastingly, the G1b configuration emphasizes
that optimal innovation resilience can be attained through core conditions that incorporate
tax incentives for enterprise R&D expenses, along with income tax reduction and exemption
policies tailored to high-tech firms. Additionally, the complementary conditions include an
accelerated depreciation policy for specialized instruments and equipment used in R&D
activities, as well as a technology introduction tax policy. The evaluated configuration
exhibits a consistency value of 0.850, a distinct coverage of 0.350, and a raw coverage of
0.588. Therefore, this particular pathway can explain around 58.8% of cases characterized
by high-level innovation resilience, with approximately 35.0% of these cases exclusively
attributed to this pathway. To summarize, configurations Gla and G1b emphasize the
positive impact of tax incentives for additional deductions on enterprise R&D expenses,
as well as income tax reduction policies for high-tech enterprises, on the micro-policy
conditions conducive to high-level innovation resilience in enterprises. When both of these
conditions coexist, regardless of the favorable or unfavorable status of other relevant policy
conditions, enterprises can engage in sustained and effective innovation activities even in
the face of complex and dynamic environmental changes.

According to Configuration G2, optimal innovation resilience is achieved through a set
of core conditions, which include the absence of the policy of income tax reduction and ex-
emption for high-tech firms, the presence of an accelerated depreciation policy specifically
for specialized instruments and equipment utilized in enterprise R&D activities, as well as
the implementation of a technology introduction tax policy. Additionally, complementary
conditions include the existence of policies on tax incentives for technology development
and technology transfer. This configuration highlights the positive effects of accelerated
depreciation policies for specialized instruments and equipment used in enterprise research
and development activities, as well as import tax policies for technological innovation, on
high-level innovation resilience in enterprises. Configuration G2 demonstrates a consis-
tency value of 0.900, a distinctive coverage of 0.113, and a raw coverage of 0.316. As a
result, this pathway can account for approximately 31.6% of cases exhibiting high-level
innovation resilience, with approximately 11.3% of such cases being exclusively explained
by this pathway.

The observed consistency value of the single solution surpasses 0.8 within the macro-
policy conditions context, signifying that these configurations serve as adequate conditions
for attaining a heightened degree of innovation resilience in enterprises. The comprehensive
resolution exhibits a consistency level of 0.878, suggesting that among the policy conditional
configurations that meet both conditional configurations, 87.8% have achieved a higher
level of innovation resilience. Furthermore, the overall solution boasts a coverage value
of 0.798, indicating that these two configurations possess a strong explanatory power for
enterprise innovation resilience.
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Configuration G3 highlights that high-level innovation resilience can be attained when
there is a lack of policies related to enterprise talent recruitment and training, as well as
policies concerning mass entrepreneurship and innovation. Moreover, the presence of
policies on intellectual property protection, coupled with the absence of financial policies,
serves as a marginal condition. This configuration underscores the positive influence of
policies related to the creation and safeguarding of intellectual property rights on high-level
innovation resilience in enterprises. The configuration’s consistency coefficient is calculated
as 0.876. It exhibits a unique coverage value of 0.134 and an original coverage value of
0.335. Consequently, this specific pathway can explain around 33.5% of cases pertaining to
high-level innovation resilience. Additionally, it solely accounts for an additional 13.4% of
innovation resilience cases.

Configuration G4 posits that the core conditions for high-level innovation resilience
include the presence of policies on enterprise recruitment and training, finance, intellectual
property rights protection, mass entrepreneurship, and innovation, as well as the conversion
of scientific and technological accomplishments. The consistency of this configuration is
0.878. The path also demonstrates a raw coverage value of 0.664 and a unique coverage
value of 0.463. Consequently, this pathway can explain approximately 66.4% of high-level
innovation resilience cases. Furthermore, about 46.3% of innovation resilience cases can
only be attributed to this path. This configuration emphasizes that all policies within
the macro-policy context serve as core conditions and asserts the significant impact of
macro-policies on the innovation resilience of enterprises.

6.4. Robustness Testing

To ascertain the accuracy and dependability of the results, a robustness test was per-
formed on the preliminary configuration of innovation resilience to examine the potential
influences of extraneous factors. Firstly, the consistency threshold was elevated from 0.8
to 0.85 and presented the resulting outcomes in Table 11, which demonstrated a high de-
gree of consistency with the original configuration. Secondly, we elevated the consistency
threshold for policies related to the PRI from 0.6 to 0.65, and the results also exhibited
a robust nature. Limitations relating to space necessitated the focus of this study being
specifically on the robustness test aimed at improving the consistency threshold.

Table 11. Robustness test for improving the consistency threshold.

Configurations

Configurations i i
High Innovation Resilience & High Innovation

Resilience
Causal Conditions Gla G1b G2 Causal Conditions G3 G4
1. Tax incentives for additional o ° 6. Policies related to enterprise talent ® Y
deduction of enterprise R&D expenses recruitment and training
2. Income tax reduction and exemption . . -
policy for high-tech enterprises ® ® @ 7. Financial policies ® ®
3. Agcel.erated depreciation Pohcy for 8. Policies on intellectual
special instruments and equipment for ® o ( roperty protection ( J (]
the R&D activities of enterprises property p
. . 9. Policies on the transformation of
4. Income tax incentives for technology S .
& . scientific and technological [ )
development and transfer .
achievements
. . . 10. Policies concerning mass
5. Technology introduction tax policy ® . [ ) entrepreneurship and innovation ® [ )
Consistency 0.814 0.908 0.900 Consistency 0.876 0.878
Coverage, raw 0.277 0.236 0.316 Coverage, raw 0.335 0.664
Coverage, unique 0.100 0.035 0.150 Coverage, unique 0.134 0.463
Solution consistency 0.863 Solution consistency 0.878
Solution coverage 0.486 Solution coverage 0.798

Note: o indicates that the condition exists as a core condition; e indicates that the condition exists as an auxiliary
condition; ® indicates that the condition is missing as a core condition; ® indicates that the condition is missing as
an auxiliary condition; blank indicates that the presence or absence of this condition has no impact on the results
and can exist or not.
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6.5. Result Analysis

In the face of a complex and dynamic environment, improving innovation resilience is
a key focus of government attention in facilitating sustainable development for enterprises.
Both micro- and macro-policies play crucial roles in enhancing enterprise innovation capa-
bilities. Hence, by utilizing a policy configuration framework alongside the fsQCA method,
this research investigates the relationship between policy conditions and entrepreneurial
resilience from a configurational standpoint.

From the viewpoint of horizontal individual conditions, it is evident that neither micro
nor macro policy conditions can be isolated as sole determinants in augmenting the innova-
tion resilience of enterprises. This indicates that the innovation resilience of enterprises is
not driven by a single factor, but rather is the outcome of the collective effects of multiple
factors. In other words, micro- and macro-policy conditions exhibit a “multiple concurrent”
nature and effectively combine to influence the innovation resilience of enterprises in a
manner characterized by “different paths leading to the same destination”.

Moreover, the results of the configuration analysis reveal five distinct pathways for
enhancing the innovation resilience of enterprises under micro- and macro-policy condi-
tions. Regarding the enhancement of enterprise innovation resilience, the configuration
of micro-policy conditions reveals that tax incentives for an additional deduction of R&D
expenses, the policy of income tax reduction and exemption for high-tech firms, and accel-
erated depreciation policies for specialized instruments and equipment utilized in R&D
activities exert direct influence on the overall innovation resilience of enterprises. Even
in the absence of favorable conditions in other relevant policy areas, enterprises can still
engage in continuous and effective innovation activities under such circumstances. On the
other hand, the two pathways of macro-policy configuration highlight the critical role of
policies pertaining to intellectual property protection in enhancing innovation resilience
as core conditions. As evident from the results, the enhancement of enterprise innovation
resilience is a result of interconnectedness and synergy among multiple factors. This ne-
cessitates that managers strengthen the coordination and integration between micro- and
macro-policy conditions when formulating policies. Taking a holistic perspective, it is vital
to strive for the harmonization and alignment of multiple conditions while formulating
targeted policies to improve enterprise innovation resilience. Additionally, attention should
be given to the potential substitution effect amongst policy conditions. Even in situations
where micro-policy support is insufficient, the government’s strong emphasis on policies
related to intellectual property protection can still serve as an effective means to enhance
innovation resilience.

7. Conclusions
7.1. Main Results

To examine the influence of future uncertainty on corporate innovation, this study
employed entropy-weighted TOPSIS and FGM(1,1) models to assess and forecast corporate
innovation resilience. The findings of the predictive analysis indicated a downward trend
in innovation resilience in the future. Consequently, the fsSQCA method was adopted to
investigate which policy configurations could enhance the innovation resilience of enter-
prises, providing valuable insights for policymakers. The key findings can be summarized
as follows.

Firstly, the indicator system encompassing factors such as tolerance for factor short-
ages, research and development security, and core technology supply manifested the
innovation capabilities of enterprises within the context of uncertainty. The development
trend of enterprise innovation resilience from 2016 to 2020, as identified through this indi-
cator system, exhibited robustness from a national perspective, with variations observed
across different regions. Enterprises in the eastern region demonstrated higher innovation
resilience compared to those in the western region, and enterprises within the Yangtze
River economic belt exhibited greater innovation resilience than those in the Yellow River
basin, which is attributable to their resource endowments.



Fractal Fract. 2024, 8, 2

21 of 24

Secondly, according to the findings of the FGM(1,1) model, a general anticipation
of decreasing innovation resilience in upcoming years was observed across enterprises,
with particular emphasis on those located in central and western regions, as well as the
Yellow River basin. Conversely, a noteworthy trend of enhanced innovation resilience was
identified among the sampled enterprises situated in the eastern region and the Yangtze
River economic belt. This trend could be linked to the economic level, policy enforcement,
business environment, and enterprise scale prevalent in these regions.

Thirdly, the fsQCA findings revealed two distinct pathways for enhancing firm in-
novation resilience, as viewed from the perspective of micro-policy configurations. One
path involved implementing tax incentives to enable additional deductions of enterprise
R&D expenses alongside income tax reduction and exemption policies specifically targeted
at high-tech enterprises. These measures were found to positively impact innovation re-
silience. The second path entailed the implementation of accelerated depreciation policies
for R&D-related instruments and equipment alongside income tax incentives for technol-
ogy development and transfer. These policies were identified as key drivers for improving
the innovation resilience of firms. Interestingly, this configuration indicated that the policy
of income tax reduction and exemption for high-tech firms demonstrated a substitution
relationship with the aforementioned identified policies. This finding suggests that there is
an interplay among policies in terms of corporate innovation resilience. In terms of macro-
policy configuration, two distinct approaches were identified to strengthen resilience. One
approach involved combining all macro-policies together, while the other approach focused
on eliminating all policies except for those pertaining to intellectual property protection.
Both approaches were found to enhance innovation resilience, and these conclusions were
further validated through robustness testing.

7.2. Discussion

In terms of theoretical analysis, previous scholars have primarily focused on the impact
of the timing of major emergencies on the measurement of innovation resilience, overlook-
ing the delayed effects on enterprises. Hence, building upon prior research, we propose
an index system for assessing enterprise innovation resilience from various perspectives,
including factor shortage tolerance, R&D safety, core technology supply, and more. To
measure and predict the future development trends of enterprise innovation resilience, we
employ the entropy-weighted TOPSIS and FGM(1,1) models. This investigation enhances
the research scope and approaches for evaluating corporate innovation resilience. It allows
for the analysis of recent changes in the innovation resilience level of enterprises across
different regions, along with informed projections of future trends in enterprise innovation
resilience levels. Moreover, from a configurational standpoint, we explore the causal ef-
fects of policy conditions at both micro and macro levels on the innovation resilience of
enterprises. The interplay between different policy conditions offers diverse pathways to
enhance enterprise innovation resilience, thereby enhancing relevant research on enterprise
innovation resilience from a policymaking perspective.

In terms of practical implications, the configuration results analyzed using the fsQCA
method can inform governments and enterprises in formulating pertinent policies and
systems to enhance enterprise innovation resilience. In the current uncertain environment,
policymakers must prioritize enhancing the adaptability and adjustment capacity of in-
novation. From a micro-policy standpoint, the government should further promote tax
incentives for additional deductions of enterprise R&D expenses, as well as income tax
reductions and exemptions for high-tech enterprises. Additionally, implementing policies
such as accelerated depreciation for specialized instruments and equipment in R&D ac-
tivities, along with income tax incentives for technology development and transfer, will
help improve the composition of innovation chain entities such as enterprises, customers,
research institutions, and financial departments. These measures will optimize the regional
innovation ecosystem. In terms of macro-policy configuration, a comprehensive assessment
of macro-policies or a specific focus on enhancing intellectual property protection policies
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will create an environment conducive to enterprise innovation and consequently enhance
innovation resilience.

7.3. Limitations and Steps for Further Research

This study is subject to several limitations that warrant consideration. Firstly, the
sample size used in this research was relatively small, and it did not differentiate between
the size and type of firms. The dataset included data from only 30 provinces in China
spanning the period between 2016 and 2020, which served as the research sample for
measuring enterprise innovation resilience. While this study has provided valuable insights
and drawn meaningful conclusions, it is important to note that corporate resilience has
multidimensional characteristics and that there may be differences in behavior among
enterprises of different scales and types. Therefore, the findings of this research may have
certain limitations in terms of generalizability. Additionally, this study did not consider the
influence of time factors when analyzing the policy configuration that affects organizational
resilience using the QCA method. In other words, the fsQCA method does not provide
information about the chronological order in which policy conditions occur, nor does it
indicate whether the sufficiency configuration obtained will remain stable over time. Future
research should address these limitations and further explore the following two aspects.
First, there is a need to construct more comprehensive measurement indicators for corporate
innovation resilience to improve the applicability of the conclusions. Second, conducting a
time series configuration analysis using the T-QCA method would allow for an exploration
of how the sequence of policy condition implementation affects the level of innovation
resilience in enterprises. By addressing these limitations, future research can provide a
more nuanced understanding of enterprise innovation resilience and its determinants.
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