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Abstract: The COVID-19 pandemic has profoundly impacted global economies, underscoring the
urgency of deriving lessons to enhance future crisis preparedness. This study explores the effects of
monetary recovery policies on supply chain dynamics across key global cities during the pandemic’s
initial phase, emphasising policy interactions, industry engagement, and economic resilience. Util-
ising principal component analysis (PCA), data envelopment analysis (DEA), and tobit regression,
we present a pioneering method to unravel the complex relationship between economic policies
and urban supply chains. PCA simplifies data complexity and reveals complex policy-resilience
relationships, while DEA facilitates a comparative efficiency analysis. Our findings underscore the
critical importance of supply chain resilience in fostering early economic recovery, indicating that
cities implementing diverse, sector-specific policies achieved more notable improvements in gross
domestic product (GDP). This research not only advances methodological approaches for policy
evaluation but also provides valuable insights for optimising urban economic recovery strategies
amidst global challenges.

Keywords: economic resilience; supply chain management; urban monetary economic policy; data
envelopment analysis; principal component analysis
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1. Introduction

Since its emergence in late 2019, the COVID-19 pandemic has caused profound dis-
ruptions in the global economy, particularly in supply chain management, which serves
as a cornerstone of economic stability and recovery. Lockdown measures implemented
in response to the pandemic have significantly disrupted the international flow of goods,
services, and labour, exposing the vulnerabilities of global supply chains [1,2].

This unprecedented scenario has necessitated a re-evaluation of traditional economic
recovery strategies. In response, governments worldwide have introduced a range of fiscal
and monetary measures aimed at mitigating the pandemic’s economic impact [3,4]. These
measures have varied widely, from direct financial assistance to complex monetary policy
adjustments designed to stabilise economies and support economic activity [5,6]. Local
governments in major countries such as the United States and China have typically imple-
mented specific, effective measures tailored to their unique circumstances [7,8]. However,
the confluence of supply chain disruptions and evolving consumer behaviours requires
innovative approaches tailored to these challenges [9,10].

This study focuses on assessing the effectiveness of monetary recovery policies during
the early stages of the pandemic, particularly their impact on supply chain dynamics in
key global cities [11]. By evaluating the contributions of monetary recovery policies to
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the early economic recovery stages in these cities, considering their economic structures,
pandemic impacts, and policy implementation diversity, we employ a novel methodological
framework that integrates principal component analysis (PCA) and data envelope analysis
(DEA), complemented by tobit regression analysis. This method gives a full picture of how
well policies are working by looking at the many aspects of economic recovery and how
well policies are working. This gives us new information about how economies recover
after disasters [5].

Our research is unique because it looks at the effectiveness of monetary recovery
policies in many cities around the world, uses a new method that combines PCA, DEA,
and tobit regression to evaluate policies, and looks closely at the link between policy
effectiveness and economic recovery. This comprehensive approach not only advances
the academic discourse by providing a multifaceted evaluation of policy impacts but also
delivers practical insights for policymakers on crafting more effective economic recovery
strategies in anticipation of future global crises. Our findings, rooted in a global dataset
and an innovative methodological framework, significantly contribute to understanding
the dynamics of monetary recovery policies and their implications for economic resilience.

The paper is structured as follows: Section 2 reviews the literature on economic
resilience during public crises, with a focus on supply chain impacts. Section 3 describes
the methodologies used in this study. Section 4 presents the findings from evaluating
economic recovery policies. Finally, Section 5 summarises the study and suggests directions
for future research.

2. Literature Review

The COVID-19 pandemic has highlighted the pivotal importance of economic re-
silience and the robustness of supply chains in preserving macroeconomic stability and
influencing regional and urban economic policies. It is crucial to comprehend how mon-
etary recovery policies have been implemented in key global cities and to analyse their
effects on economic resilience and supply chain dynamics. This understanding is essential
for assessing the effectiveness of government interventions in promoting recovery and
stability amid such crises.

2.1. Economic Resilience and Supply Chain Disruptions during a Public Crisis

The concept of economic resilience garnered significant attention during the COVID-19
pandemic, highlighting the crucial role of governmental strategies in mitigating economic
shocks. This period, characterised by widespread disruptions, underscored the fundamen-
tal nature of economic resilience—the capacity of a society to absorb, adapt, and recover
from economic adversities [6]. Scholars such as Gourio [12] emphasised the necessity of
governmental intervention during such crises. Martin and Sunley [13] provided a compre-
hensive framework for understanding patterns of economic resilience, which is critical for
analysing regional responses to the pandemic. The varying responses documented by the
World Bank [2] reveal an uneven global economic recovery trajectory.

Research on the economic impact of COVID-19 has focused on the interplay between
economic and public health policies [7,11], the response of the social economy [14–16], and
the specific effects on industries, highlighting the need for robust governmental strate-
gies and flexible policymaking [4,17,18]. According to Sheffi [19] and Ivanov [20], the
robustness of global supply chains is a crucial component of resilience, emphasising the
significance of adaptive strategies for supply chain management and quick recovery after
disruptions [19,20]. This comprehensive approach underscores the intricate connection
between policy effectiveness, supply chain resilience, and economic stability, emphasising
sector-specific strategies for crisis management and recovery.

2.2. Urban Response and Supply Chain Recovery

Cities worldwide have adopted diverse strategies in response to the COVID-19 pan-
demic, profoundly impacting local economies and global supply chains. For instance,
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Hong Kong bolstered liquidity in its banking sector and supported employment, aiding
businesses and the public [21]. Shenzhen leveraged technological advancements to re-
duce industrial operational costs [22], while Guangzhou prioritised international trade to
mitigate economic impacts [23].

Singapore implemented a comprehensive fiscal response, including budget extensions,
to address pandemic-related challenges [24]. Seoul focused on supporting employment
and small businesses, recognising their vital role in urban economic stability [25]. These
varied approaches underscore the complexity of urban policymaking during crises. Tokyo’s
strategies to revitalise social and commercial activities also demonstrate a multifaceted
approach to crisis management [26].

The uneven global economic recovery trajectory during the pandemic highlights the
economic resilience of different countries [5]. However, existing studies, while providing
insights into urban policy responses, often lack depth in evaluating the direct and indi-
rect impacts of these policies on local supply chains. There is a notable gap in analyses
connecting urban economic policies to the specific challenges and resilience of supply
chains. This study aims to address this gap by offering a detailed examination of how
urban monetary recovery policies have affected supply chain dynamics, thus providing a
nuanced understanding of policy effectiveness in maintaining supply chain continuity and
resilience during the pandemic.

2.3. Efficiency of Economic Support Policies in Supply Chain Context

The COVID-19 pandemic prompted various economic support measures, significantly
impacting supply chain recovery and resilience. Global initiatives included debt financing,
tax exemptions, and employment promotion [27,28]. Studies advocate for bolstering
infrastructure to support resilient supply chains [29,30] and underscore the pivotal role
of these policies in enhancing supply chain efficiency [8,31] . Moreover, policies aimed at
formalising informal trade and eliminating supply chain barriers are essential for ensuring
uninterrupted supply, particularly in regions like sub-Saharan Africa and India [31–33].

3. Methodology

This study employs a sophisticated methodology that combines established research
approaches with tailored adaptations to assess the efficiency of economic support policies
amid the COVID-19 pandemic, with a specific emphasis on their influence on supply chain
dynamics. Essential methodologies are adapted from prior studies by [34–36].

3.1. Research Design

Our two-stage experimental design first utilises principal component analysis (PCA)
to extract essential features from a broad range of policy data, emphasising variables that
directly or indirectly affect supply chain operations. Following this, data envelope analysis
(DEA) is applied to assess the scale efficiency of these policies in either sustaining or
reinstating supply chain functionality. After obtaining efficiency scores from DEA, they are
used as dependent variables in tobit regression analysis. This helps determine which factors
have the largest effects on supply chain resilience and efficiency (Figure 1). We perform the
DEA calculations using Dearun Tools (V3.2.0, https://www.dearun.net, Shanghai, China),
and computed the PCA and tobit regressions on SPSSAU (https://spssau.com, Beijing
Qing Si Technology Co., Beijing, China).

3.2. Description of Data and Variables

The study encompasses 20 globally significant cities renowned for their robust supply
chains, including Guangzhou, Shenzhen, Macao, Hong Kong, and Singapore, among
others. Policies were evaluated based on various factors, including the number of policies,
industry coverage, total capital investment, and individual subsidy investments, with
a specific focus on their implications for supply chain stability and efficiency (Table 1).

https://www.dearun.net
https://spssau.com


Mathematics 2024, 12, 673 4 of 19

Economic and supply chain-related data were normalised against each city’s specific GDP
to ensure comparability.
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Table 1. Descriptive statistics of variables.

Variable Description Mean Std. Dev.

Number of policies Number of policies implemented in each city 24.5 13.08
Industries involved Number of industries targeted by policies in each city 10.2 4.75

Total capital investment Total capital investment in policies, as a ratio of city GDP 0.034 0.019
Individual subsidy Individual subsidy investment, as a ratio of per capita GDP 0.018 0.012

All cities selected for this study rank prominently on a global economic scale and are
classified as healthy cities according to WHO standards, with their designation as 2020
cities by GaWC [37]. Furthermore, they are either core cities within religious areas or
country cities (e.g., Singapore) or serve as comparison cities (e.g., Seoul and Tokyo, LA and
San Francisco, Hong Kong and Singapore).

Data on all policies were obtained from government websites or official media sources.
To align with the research objectives, policies were quantified in terms of the number
of policies, industries involved, total capital investment, and individual subsidy invest-
ment. Given the significant variation in each city’s economic base, capital investment
was normalised by dividing it by the total urban GDP. Similarly, for subsidies, individual
subsidy investments were divided by per capita GDP to facilitate accurate and equitable
comparisons (refer to Table 2 and Supplementary Materials (Table S1)).

Consistent with the approach in De Oliveira et al. [38], import and export trade
volumes and passenger volume in civil aviation were employed as proxies for supply
resilience. However, considering the economy-wide impact of an epidemic such as the
COVID-19 pandemic [39] and the interrelated nature of indicators of normal economic
functioning such as the CPI, movement of people, and imports and exports, principal
component analysis (PCA) was utilised to aggregate this impact [40,41].

Subheadings may separate this section. It should provide a concise and precise de-
scription of the experimental results, their interpretation, and the experimental conclusions
that can be drawn.
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Table 2. Policy Analysis and the economic feature changes.

City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy

CPI Change
%

Import &
Export

Change %

Passenger
Volume of

Civil Aviation
Change %

Unemployment
Rate Change %

Year-on-Year
GDP

Change Rate

Amsterdam 1 3 0 0.01 2 21 30.2 −0.59 3.2
Auckland (NZ) 2 5 0.02 0.01 3.3 27 747.1 1.9 1.6

Bangkok 1 3 0.08 0 2.44 14.21 8.92 0.1 1.8
Dubai 1 5 0.17 0.01 −1.95 92.34 43 −1.85 2.5

Guangzhou 2 6 0.13 0 0.4 30.3 130 0.97 19.5
Hong Kong 2 5 0.1 0.03 1.48 29.7 65.3 −0.2 7.9

London 2 5 0.06 0.02 1.5 20.45 88 1.6 5.4
Los Angeles 2 5 0 0.05 3.9 27.23 70 −1.3 6.3

Macao 1 4 0.05 0.03 0.4 28.9 74.2 0.9 0.9
Milan 2 5 0.01 0.03 1.3 28.1 53.6 −14.6 4.3

Montreal 2 6 0 0.14 2.7 17.9 43.8 −0.9 3
New York 2 5 0 0.06 4.7 28.9 60 −0.3 5.7

Paris 2 5 0.16 0.03 1.492 18.9 76.9 −2 0.4
San Francisco 2 5 0 0.03 1.7 11.04 70 −7.7 6.6

Seoul 2 4 0.01 0.01 1.8 21.2 31.3 0.66 1.6
Shenzhen 1 6 0.14 0 −1.5 34.5 141.74 −0.25 17.1
Singapore 2 4 0.19 0.01 2.912 25.3 24 −0.7 0.2

Sydney 2 4 0.07 0.01 −1 11 178 −1 1.8
Tokyo 1 5 0.01 0.02 0.079 51.3 16 −0.2 2.3

Toronto 2 6 0.18 0.08 0.4 66.7 80.7 −1.3 5.6

3.3. Statistical Methods
3.3.1. Principal Component Analysis (PCA)

PCA, first introduced by Hotelling [42], serves as a powerful tool for dimensionality
reduction, emphasising variables critical for assessing supply chain dynamics. By trans-
forming original variables into new principal components, PCA retains essential data
characteristics while reducing dimensionality. The method makes sure that the first com-
ponent accounts for the most data variance before moving on to subsequent components,
making the analysis of complicated datasets more manageable.

3.3.2. Data Envelopment Analysis (DEA)

The CCR and BCC models are used to determine how economic policies affect supply
chain performance, while the DEA method, which was created by Charnes, Cooper, and
Rhodes [43], is used to compare how efficient two systems are.

CCR model: Consider a set of n decision-making units (DMUs), denoted as j = 1, n.
Let the inputs and outputs of each DMU j be represented by nonnegative and nonzero
vectors u_j = (u1_j, u2_j, . . ., un_j) and y_j = (y1_j, y2_j, . . ., yn_j), respectively. The efficiency
of DMU p evaluated by u(y) is defined as the optimal value obtained from the following
procedure, where j_0 represents the efficiency index of the decision-making unit.

maxhj0 =
∑8

γ=1 uγyrj0
∑m

i=1 vixijo

S · t ·
∑S

r=1 uryrj

∑m
i=1 vixij

≤ 1, j = 1, 2, . . . n

u ≥ 0, v ≥ 0

(1)

where xij represents the total input of the jth decision-making unit to the i-th input element,
and yrj is the total output of the rth product in the jth decision-making unit. Moreover, vi
and ur are the weight coefficients of the i-th type input and the rth type output, respectively.

The BCC model, which is named after Banker, Charnes, and Cooper, adds the idea
of variable returns to scale (VRS) to the CCR model. It lets you look at efficiency in a
more complex way by telling the difference between pure technical efficiency (PTE) and
scale efficiency (SE). This distinction is crucial for evaluating the efficiency of decision-
making units (DMUs) that may not operate at an optimal scale, particularly in the context
of economic policies affecting supply chain performance.
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The BCC model is formulated as follows:

maxθj0 =
∑s

r=1 uryrj0

∑m
i=1 vixij0−µ

s.t. ∑s
r=1 uryrj0

∑m
i=1 vixij0−µ

≤ 1, ∀j = 1, 2, . . . , n

µ ≥ 0, v ≥ 0, µ f ree

(2)

where µ represents the measure of scale efficiency, allowing the BCC model to account for
DMUs operating under variable returns to scale. The numerator and denominator represent
the weighted sum of outputs and inputs, respectively, like the CCR model but with the
addition of µ to adjust for scale differences among DMUs. This model enables the separation
of efficiency into two components: pure technical efficiency, which is independent of the
scale of operations, and scale efficiency, which reflects the impact of the scale of operations
on efficiency.

By applying the BCC model, we can assess not only the overall technical efficiency of
DMUs but also isolate the effects of scale efficiency, providing deeper insights into how
economic policies influence supply chain performance. This dual analysis is particularly
valuable in understanding the nuances of policy impacts across different scales of operation,
underscoring the importance of the BCC model in our methodological framework.

3.3.3. Tobit Model

Drawing upon the pioneering works of Peng and Lian, Nayer et al. [44,45], and Gu,
Lian, Peng, and Zhao [46], we incorporate both data envelope analysis (DEA) and tobit
regression into our methodology. These studies effectively demonstrate the utility of
combining DEA and tobit regression to analyse the efficiency of economic policies and their
impact on supply chain resilience and efficiency.

Initially, our approach employs DEA to assess the efficiency of economic policies,
with a particular focus on their contributions to maintaining and enhancing the resilience
and efficiency of supply chains. Subsequently, the tobit regression model is applied to
investigate the determinants of the efficiency scores derived from the DEA analysis. This
two-step methodology allows for a comprehensive evaluation of policy effectiveness, from
efficiency measurement to the exploration of underlying efficiency drivers.

Incorporating PCA, DEA, and tobit regression analysis, our methodology addresses
the multifaceted challenges of assessing economic recovery policies’ impacts on supply
chain resilience during the COVID-19 pandemic. Using PCA makes it easier to understand
economic indicators by reducing the complexity of the data [47], while DEA gives a more
nuanced picture of how well policies work in different situations [48]. Tobit regression
further enables the examination of censored variables, providing deeper insights into the
determinants of policy efficiency [30,49]. This combined method, which has been shown to
work in economic studies, uses the best parts of each to give a full picture of how policies
affect the way supply chains work.

The novelty of our study lies in the simultaneous application of PCA, DEA, and tobit
regression, marking a significant methodological innovation in the evaluation of monetary
recovery policies amidst a global crisis. This approach, inspired by pioneering works such
as that of Fumin Deng et al. [50], fills a critical gap in existing literature, providing a new
perspective on the effectiveness of economic policies. By combining these methodologies,
our research not only contributes to the theoretical understanding of policy impacts on
supply chain resilience but also offers practical insights for policymakers navigating the
complexities of global supply chain management during the COVID-19 pandemic.

4. Results and Discussion
4.1. CCR Evaluation and Analysis of Economic Policy Efficiency

Using the CCR model, we looked at how well economic recovery policies worked in
20 major cities. As shown in Table 3, there were big differences in how well policies were
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put into place. Cities like Sydney, Toronto, Milan, Auckland, and Dubai stand out with
the highest efficiency scores (1.000), showcasing the effectiveness of their diverse policy
approaches. This distinction is further analysed in Table 4, where we delve into the specifics
of policy implementation across different metrics.

Table 3. CCR evaluation result.

No. City/Indicator No. of Policies Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency

1 Sydney 2 4 0.07 0.01 1.000
2 Toronto 2 6 0.18 0.08 1.000
3 Milan 2 5 0.01 0.03 1.000
4 Auckland (NZ) 2 5 0.02 0.01 1.000
5 Dubai 1 5 0.17 0.01 1.000
6 Singapore 2 4 0.19 0.01 0.910
7 Montreal 2 6 0 0.14 0.909
8 Shenzhen 1 6 0.14 0 0.905
9 Paris 2 5 0.16 0.03 0.902
10 Seoul 2 4 0.01 0.01 0.884

11 Guangzhou 2 6 0.13 0 0.812
12 Hong Kong 2 5 0.1 0.03 0.746
13 San Francisco 2 5 0 0.03 0.705
14 London 2 5 0.06 0.02 0.705
15 Los Angeles 2 5 0 0.05 0.556
16 New York 2 5 0 0.06 0.524
17 Bangkok 1 3 0.08 0 0.401
18 Tokyo 1 5 0.01 0.02 0.375
19 Amsterdam 1 3 0 0.01 0.366
20 Macao 1 4 0.05 0.03 0.266

Table 4. Comparison of the impact of the number of policies.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Value A Value B

1 Sydney 2 4 0.07 0.01 1.000

9 0.8323

2 Toronto 2 6 0.18 0.08 1.000
3 Milan 2 5 0.01 0.03 1.000
4 Auckland (NZ) 2 5 0.02 0.01 1.000
5 Singapore 2 4 0.19 0.01 0.910
6 Montreal 2 6 0 0.14 0.909
7 Paris 2 5 0.16 0.03 0.902
8 Seoul 2 4 0.01 0.01 0.884
9 Guangzhou 2 6 0.13 0 0.812

10 Hong Kong 2 5 0.1 0.03 0.746
11 San Francisco 2 5 0 0.03 0.705
12 London 2 5 0.06 0.02 0.705
13 Los Angeles 2 5 0 0.05 0.556
14 New York 2 5 0 0.06 0.524

15 Dubai 1 5 0.17 0.01 1.000

14 0.5522

16 Shenzhen 1 6 0.14 0 0.905
17 Bangkok 1 3 0.08 0 0.401
18 Tokyo 1 5 0.01 0.02 0.375
19 Amsterdam 1 3 0 0.01 0.366
20 Macao 1 4 0.05 0.03 0.266

From the CCR analysis, Sydney, Toronto, Milan, Auckland, and Dubai emerge as
leaders in policy efficiency, with notable differences in their policy frameworks. Dubai, for
instance, stands out in the ‘Number of Policies’ metric, while Sydney and Toronto differ
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significantly in the ‘Industry Categories of Policy’ covered. Investment ratios, represented
as ‘Total Investment/Total GDP’, highlight Toronto and Dubai’s substantial commitments
at 0.18% and 0.17%, respectively, compared to Milan and Auckland’s 0.01% and 0.02%.
Furthermore, in the ‘Subsidies Per Capita/GDP Per Capita’ category, Toronto’s investment
is eight times higher than those of Sydney, Auckland, and Dubai.

This analysis categorises cities into three gradients of economic policy efficiency based
on CCR scores: the top performers (Sydney, Dubai, Toronto, Milan, and Auckland), the
middle tier (Singapore, Montreal, Shenzhen, Paris, Seoul, Guangzhou, Hong Kong, San
Francisco, and London), and the lower tier (Los Angeles, New York, Bangkok, Macau,
Tokyo, and Amsterdam), facilitating a nuanced understanding of policy effectiveness and
its correlation with urban economic resilience.

4.1.1. Impact of Policy Quantity and Industry Involvement

Our analysis indicates that a greater number of policies and broader industry cover-
age are associated with higher efficiency. Cities with comprehensive policy frameworks
demonstrated better adaptability in managing supply chain disruptions, underscoring the
importance of multifaceted strategies during the pandemic.

To provide a more intuitive comparison of the impact of “policy quantity” on efficiency,
we utilised Formulas (3) and (4) to average the rankings of all cities with policy quantities
of two and one. Similarly, to compare the impact on efficiency more intuitively, the
rankings of all cities with the same number of industries covered were averaged using
Formulas (5) and (6).

Value A =
∑

Nj
i=1 Ri,j

Nj
(3)

Value B =
∑

Nj
i=1 Ei,j

Nj
(4)

Value C =
∑Xm

k=1 Rk,m

Xm
(5)

Value D =
∑Xm

k=1 Ek,m

Xm
(6)

For Formulas (3) and (4), we define W as the set of the number of policies, indexed
by j, and Cj as the set of cities under different number of policies, indexed by i. Then, Eij
(∀ j ∈ W, i ∈ Cj) represents the efficiency of the

th city with a policy count of j, Similarly, Rij represents the efficiency ranking of the
ith city with a policy count of j.

For Formulas (5) and (6), we define S as the set of the industry categories of policy,
indexed by m, and Cm as the set of cities under different industry categories, indexed by
k. Then, Ekm (∀ m ∈ S, k ∈ Cm) represents the efficiency of the kth city with the number
of industry categories of m. Similarly, Rkm represents the efficiency ranking of the kth city
with the number of industry categories of m.

The analysis indicates that cities with two policies, on average, have a ranking of 9,
whereas those with only one policy have an average ranking of 14 (Table 4). Additionally,
cities with the highest number of industries covered by policies demonstrate the best CCR
efficiency performance, whereas those with the lowest policy coverage exhibit poor effi-
ciency. Policies encompassing a wide range of industries and addressing various business
aspects are likely to have a significant impact. However, solely analysing the policy effects
based on this indicator may be imprecise, as there is a notable disparity between the govern-
ment’s financial input in these cities and the number of industries covered. This suggests
that the number of policies positively influences efficiency. In practical terms, the more
policies the government implements, the more attention it dedicates to addressing urban
economic challenges during the epidemic, reflecting the comprehensiveness of the policies.
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Table 5 further examines this analysis by comparing the impact of the number of
industries involved. It highlights that broader industry coverage in policies correlates
with higher efficiency, emphasising the importance of implementing diverse and inclusive
economic strategies.

Table 5. Comparison of the impact of industries involved.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Rank Value C Value D

1 Toronto 2 6 0.18 0.08 1.000 7

7.25 0.9065
2 Montreal 2 6 0 0.14 0.909 1
3 Guangzhou 2 6 0.13 0 0.812 8
4 Shenzhen 1 6 0.14 0 0.905 11

5 Milan 2 5 0.01 0.03 1.000 16

10.8 0.7513

6 Auckland (NZ) 2 5 0.02 0.01 1.000 15
7 Paris 2 5 0.16 0.03 0.902 2
8 Hong Kong 2 5 0.1 0.03 0.746 9
9 San Francisco 2 5 0 0.03 0.705 12

10 London 2 5 0.06 0.02 0.705 13
11 Los Angeles 2 5 0 0.05 0.556 14
12 New York 2 5 0 0.06 0.524 18
13 Dubai 1 5 0.17 0.01 1.000 3
14 Tokyo 1 5 0.01 0.02 0.375 5

15 Sydney 2 4 0.07 0.01 1.000 20

9.25 0.765
16 Singapore 2 4 0.19 0.01 0.910 4
17 Seoul 2 4 0.01 0.01 0.884 6
18 Macao 1 4 0.05 0.03 0.266 10

19 Bangkok 1 3 0.08 0 0.401 19
18 0.383520 Amsterdam 1 3 0 0.01 0.366 17

4.1.2. Total Capital Investment and Individual Subsidy Analysis

The analysis indicates a positive correlation between total capital investment and policy
efficiency. Cities with moderate investment levels often achieve better efficiency, highlighting
the effectiveness of well-targeted policies in maintaining supply chain continuity.

Table 6 highlights the correlation between high capital investment and policy efficiency.
Conversely, Table 7 examines cities with minimal investment, demonstrating that even
with lower investment levels, some cities manage to achieve high efficiency, indicating the
effectiveness of well-targeted policies.

Table 6. The reverse order of the total capital investment.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Rank

1 Singapore 2 4 0.19 0.01 0.910 6
2 Toronto 2 6 0.18 0.08 1.000 3
3 Dubai 1 5 0.17 0.01 1.000 2
4 Paris 2 5 0.16 0.03 0.902 9
5 Shenzhen 1 6 0.14 0 0.905 8
6 Guangzhou 2 6 0.13 0 0.812 11
7 Hong Kong 2 5 0.1 0.03 0.746 12
8 Bangkok 1 3 0.08 0 0.401 17
9 Sydney 2 4 0.07 0.01 1.000 1

10 London 2 5 0.06 0.02 0.705 14
11 Macao 1 4 0.05 0.03 0.266 20
12 Auckland (NZ) 2 5 0.02 0.01 1.000 5
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Table 6. Cont.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Rank

13 Milan 2 5 0.01 0.03 1.000 4
14 Tokyo 1 5 0.01 0.02 0.375 18
15 Seoul 2 4 0.01 0.01 0.884 10
16 Montreal 2 6 0 0.14 0.909 7
17 San Francisco 2 5 0 0.03 0.705 13
18 Los Angeles 2 5 0 0.05 0.556 15
19 New York 2 5 0 0.06 0.524 16
20 Amsterdam 1 3 0 0.01 0.366 19

Table 7. Competition between cities with 0% and 0.01% investment.

City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Rank

Milan 2 5 0.01 0.03 1.000 1
Montreal 2 6 0 0.14 0.909 7

Seoul 2 4 0.01 0.01 0.884 10
San Francisco 2 5 0 0.03 0.705 13
Los Angeles 2 5 0 0.05 0.556 15
New York 2 5 0 0.06 0.524 16

Tokyo 1 5 0.01 0.02 0.375 18
Amsterdam 1 3 0 0.01 0.366 19

4.1.3. Comparative Analysis of Investment Strategies

Table 8 presents a detailed comparative analysis of cities, categorising them based on
their capital investment levels and subsidy allocations. The findings indicate that cities
implementing moderate investment strategies tend to achieve superior policy efficiency.
This highlights the significance of balanced and strategic financial planning in policy
formulation. The results emphasise the critical need for judicious investment, ensuring
that such financial commitments align closely with the core needs of urban economies,
especially in enhancing and sustaining supply chain resilience.

Furthermore, a closer look at specific subsidy levels shows that a moderate approach
to subsidies is often more effective in terms of policy efficiency. Cities such as Montreal
and Toronto, which maintain balanced subsidy levels, demonstrate enhanced efficiency.
This indicates the success of precise subsidy allocations in facilitating economic recovery
and ensuring supply chain stability.

Conversely, cities like New York and Los Angeles, despite their higher subsidy contri-
butions, show reduced efficiency due to insufficient capital investment. This trend suggests
that an excessive dependence on subsidies, without parallel investment in vital economic
sectors like supply chain infrastructure, can diminish the impact of recovery policies.

In conclusion, the CCR analysis has revealed that numerous factors, such as the extent
of capital investment, the scope of industry involvement, and the balance of subsidies,
play pivotal roles in determining the effectiveness of a policy. Cities that have adopted
an all-encompassing strategy, combining financial investment with thoughtfully allocated
subsidies, have shown a higher success rate in policy execution and economic revival.
These findings highlight the necessity for a versatile policy approach, especially vital for
overcoming supply chain obstacles in crisis situations like the COVID-19 pandemic. It
is of utmost importance for governments to be both responsive and adaptable, ensuring
that policies are not only abundant but also carefully crafted to support key sectors and
maintain economic stability.
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Table 8. Ranking of cities by individual subsidy levels in reverse order.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Efficiency Rank

1 Montreal 2 6 0 0.14 0.909 7
2 Toronto 2 6 0.18 0.08 1.000 1
3 New York 2 5 0 0.06 0.524 16
4 Los Angeles 2 5 0 0.05 0.556 15
5 Milan 2 5 0.01 0.03 1.000 1
6 Paris 2 5 0.16 0.03 0.902 9
7 Hong Kong 2 5 0.1 0.03 0.746 12
8 San Francisco 2 5 0 0.03 0.705 13
9 Macao 1 4 0.05 0.03 0.266 20

10 London 2 5 0.06 0.02 0.705 14
11 Tokyo 1 5 0.01 0.02 0.375 18
12 Dubai 1 5 0.17 0.01 1.000 1
13 Sydney 2 4 0.07 0.01 1.000 1
14 Auckland (NZ) 2 5 0.02 0.01 1.000 1
15 Singapore 2 4 0.19 0.01 0.910 6
16 Seoul 2 4 0.01 0.01 0.884 10
17 Amsterdam 1 3 0 0.01 0.366 19
18 Shenzhen 1 6 0.14 0 0.905 8
19 Guangzhou 2 6 0.13 0 0.812 11
20 Bangkok 1 3 0.08 0 0.401 17

4.2. BCC Efficiency Evaluation (Dynamic Efficiency Evaluation)

The BCC methodology provides a detailed analysis of policy implementation effi-
ciency by categorising cities into various performance-based gradients. Cities that excelled
demonstrated exceptional policy efficiency, a key factor in maintaining and enhancing
supply chain operations throughout the pandemic.

4.2.1. Gradient Analysis of BCC Results

The gradient analysis offers insights into different levels of efficiency and identifies
potential areas for improvement, especially in the realm of supply chain management. The
performances of cities are categorised as follows:

First Gradient: cities achieving the highest scores across all indicators, exemplifying
peak policy efficiency; examples include Sydney, Dubai, and Toronto.

Second Gradient: cities with strong Crste and Vrste scores yet exhibiting lower scale
efficiency, pointing to potential enhancements needed in scale management.

Third Gradient: cities with moderate scores, indicating a requirement for a more
balanced approach to technical and scale efficiency.

Fourth Gradient: cities that score lower across various indicators, underscoring the
necessity for comprehensive policy refinement.

The scale efficiency analysis, as depicted in Table 9, reveals that the majority of cities
possess a scale efficiency exceeding 0.8, albeit with varying degrees of performance across
the gradients.

4.2.2. Policy Quantity and Efficiency

This study, as shown in Figure 2, shows that cities with more comprehensive policy
frameworks consistently had higher dynamic efficiency. This proves the importance of
having a lot of different policies to deal with complicated supply chain problems. Our
observations clearly show that cities with more comprehensive policies including at least
two policies clearly perform better than cities with less comprehensive policies across all
benefit indicators we looked at (‘Crste’, ‘Vrste’, and ‘Scale’). This revelation underscores
the vital importance of adopting a comprehensive and robust policy strategy for efficacious
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economic revival, thereby reinforcing the need for diverse and well-rounded policies to
navigate the complexities of supply chain challenges effectively.

Table 9. BCC evaluation results.

City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Crste C-Rank Vrste V-Rank Scale S-Rank Returns

to Scale

Sydney 2 4 0.07 0.01 1.000 1 1.000 1 1.000 1 -
Dubai 1 5 0.17 0.01 1.000 1 1.000 1 1.000 1 -

Toronto 2 6 0.18 0.08 1.000 1 1.000 1 1.000 1 -
Milan 2 5 0.01 0.03 1.000 1 1.000 1 1.000 1 -

Auckland (NZ) 2 5 0.02 0.01 1.000 1 1.000 1 1.000 1 -
Singapore 2 4 0.19 0.01 0.910 6 1.000 1 0.910 11 -
Montreal 2 6 0 0.14 0.909 7 1.000 1 0.909 12 drs 1

Shenzhen 1 6 0.14 0 0.905 8 1.000 1 0.905 13 drs
Paris 2 5 0.16 0.03 0.902 9 1.000 1 0.902 14 drs

Guangzhou 2 6 0.13 0 0.812 11 1.000 1 0.812 17 drs
Seoul 2 4 0.01 0.01 0.884 10 0.930 11 0.951 9 drs

Hong Kong 2 5 0.1 0.03 0.746 12 0.837 12 0.891 15 drs
London 2 5 0.06 0.02 0.705 14 0.773 13 0.911 10 drs

San Francisco 2 5 0 0.03 0.705 13 0.735 14 0.960 8 drs
Los Angeles 2 5 0 0.05 0.556 15 0.572 16 0.971 7 irs 2

New York 2 5 0 0.06 0.524 16 0.524 17 0.999 6 drs
Bangkok 1 3 0.08 0 0.401 17 0.473 20 0.849 16 irs

Tokyo 1 5 0.01 0.02 0.375 18 0.632 15 0.593 19 drs
Amsterdam 1 3 0 0.01 0.366 19 0.498 19 0.735 18 irs

Macao 1 4 0.05 0.03 0.266 20 0.512 18 0.518 20 irs

1 ‘drs’ represents the diminishing returns to scale ‘Decrease Returns to Scale’. 2 ‘irs’ means the diminishing returns
to scale ‘increase Returns to Scale’.
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4.2.3. Industry Involvement and Policy Efficiency

The research shown in Figure 3 and Table 10 looks at how industry involvement affects
policy efficiency. It shows that cities with policies that cover a wider range of industries are
more efficient overall. This finding is in harmony with the insights from the CCR analysis,
which showed a direct correlation between the level of comprehensive efficiency (‘Crste’)
and the extent of industry coverage. Intriguingly, policies that span four industries tend to
yield higher technological and comprehensive benefits compared to those covering five
industries. This is attributed to the higher average value of technological benefits in the
former category. This observation underscores the critical significance of technological
benefits as a primary driver of comprehensive policy efficiency. It highlights the necessity
of adopting multi-sectoral policy approaches to effectively address the economic impacts
of the pandemic on supply chains, further emphasising the importance of a diversified
approach in policy formulation and implementation.
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Table 10. Comparison of different classes of cities that behave well or badly.

No. City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Crste Vrste Scale Returns

to Scale
Classes of

Cities

14 Dubai 1 5 0.17 0.01 1.000 1.000 1.000 drs 1 Trade,
Travel

11 Sydney 2 4 0.07 0.01 1.000 1.000 1.000 drs Synthesis
13 Bangkok 1 3 0.08 0 0.401 0.473 0.849 drs Travel
5 Tokyo 1 5 0.01 0.02 0.375 0.632 0.593 irs 2 Synthesis
18 Amsterdam 1 3 0 0.01 0.366 0.498 0.735 irs Travel
4 Macao 1 4 0.05 0.03 0.266 0.512 0.518 irs Travel

1 ‘drs’ represents the diminishing returns to scale ‘Decrease Returns to Scale’. 2 ‘irs’ means the diminishing returns
to scale ‘increase Returns to Scale’.

4.3. Summary of DEA Analysis

In our DEA analysis, we juxtaposed the economic recovery strategies of the four
least-effective cities with those of the two most-effective ones during the initial phase of
the COVID-19 pandemic. The lagging cities, predominantly reliant on tourism, typically
implemented singular policies with limited industrial scope, modest financial investment,
and an emphasis on personal subsidies. Dubai, a key tourist hub, emerged as a benchmark
in this context. For cities like Bangkok, Amsterdam, and Macau, we advocate for an
expansion of policy reach across diverse industries, an increase in total capital investment,
prudent management of individual subsidies, and a focus on amplifying scientific and
technological benefits.

Tables 11 and 12 included in the analysis shed light on the returns to scale indicators.
Cities showcasing high levels of scientific and technological advancement, along with
comprehensive scale benefits, are advised to scale down economic activities (as denoted by
“drs”) to refine policy efficiency. In contrast, “irs” encourages cities with modest benefits to
increase their technological scale in order to increase efficiency.

This DEA analysis provides a contrasting view of city performances during the pan-
demic, underscoring the substantial challenges faced by tourism-dependent cities. In
contrast, cities like Dubai, with their varied policy approaches, demonstrated greater re-
silience, thus highlighting the importance of balanced and holistic strategies in managing
supply chain intricacies and driving economic recovery.
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Table 11. Comparison of cities with the “drs” in the Scale Returns.

City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Crste C-Rank Vrste V-Rank Scale S-Rank Returns

to Scale

Montreal 2 6 0 0.14 0.909 7 1 1 0.909 12 drs 1

Shenzhen 1 6 0.14 0 0.905 8 1 1 0.905 13 drs
Paris 2 5 0.16 0.03 0.902 9 1 1 0.902 14 drs

Guangzhou 2 6 0.13 0 0.812 11 1 1 0.812 17 drs
Seoul 2 4 0.01 0.01 0.884 10 0.93 11 0.951 9 drs

Hong Kong 2 5 0.1 0.03 0.746 12 0.837 12 0.891 15 drs
London 2 5 0.06 0.02 0.705 14 0.773 13 0.911 10 drs

San Francisco 2 5 0 0.03 0.705 13 0.735 14 0.96 8 drs
Tokyo 1 5 0.01 0.02 0.375 18 0.632 15 0.593 19 drs

New York 2 5 0 0.06 0.524 16 0.524 17 0.999 6 drs

1 ‘drs’ represents the diminishing returns to scale ‘Decrease Returns to Scale’.

Table 12. Comparation of economic recovery strategies in Los Angeles, Macao, Amsterdam,
and Bangkok.

City/Indicator No. of
Policies

Industries
Involved

Total Capital
Investment

Individual
Subsidy Crste C-Rank Vrste V-Rank Scale S-Rank Returns to

Scale

Los Angeles 2 5 0 0.05 0.556 15 0.572 16 0.971 7 irs
Macao 1 4 0.05 0.03 0.266 20 0.512 18 0.518 20 irs

Amsterdam 1 3 0 0.01 0.366 19 0.498 19 0.735 18 irs
Bangkok 1 3 0.08 0 0.401 17 0.473 20 0.849 16 irs

Recommendations for Tourism-Oriented Cities: Addressing the challenges confronted
by tourism-centric cities like Bangkok, Amsterdam, and Macau requires a multifaceted
strategy. This includes broadening the spectrum of policy application across various indus-
tries, enhancing total capital investment, and judiciously balancing individual subsidies.
Moreover, it is crucial to upgrade the technological facets of city policies and optimise scale
benefits where possible to significantly improve policy efficacy.

Factors for Policy Effectiveness: In summary, our study emphasises that the success of
economic recovery policies in cities is contingent upon multiple factors. These encompass
diversifying policy outreach, executing appropriate financial investments, and customising
subsidy allocations. For urban centres, particularly those with a heavy reliance on tourism,
adapting policy strategies to cover a wider array of industries and focusing on both
technological and scale aspects are key to strengthening economic resilience and facilitating
a robust recovery.

4.4. Decisive Effect Analysis (Tobit Regression)

Upon scrutinising the factors that shape the efficacy of policy implementation in each
city amidst the pandemic and their impact on economic recovery, we applied the tobit
model to pinpoint the elements exerting a decisive influence on these factors. Herein,
comprehensive efficiency, as gauged by the DEA model, is employed as the dependent
variable. To make a tobit panel model of policy efficiency that considers how policy
efficiency is different in each city, we look at several independent variables, such as the
number of policies, the number of industry categories, the total amount of investment, and
the amount of subsidies given per person. The specific model is structured as follows:

EFF = c0 + 0.196 × A + 0.011 × B + 0.357 × C − 0.257 × D (7)

In this model, EFF denotes the efficiency of economic support policies during the
early stages of the COVID-19 pandemic, with D as a constant. A represents the number
of policies, B the scope of policy coverage, C the ratio of total investment, and D the
individual subsidy.

Table 13 delineates the outcomes of the factors influencing policy efficiency. The
fact that the L.R. value passed the test at the 0.05% significance level shows that each
model has a significant individual effect. This proves that the random-effects tobit panel
model can be used in our regression design. Among the selected influential factors, the
quantity of policies (0.196) significantly impacts the efficiency of economic recovery policies.



Mathematics 2024, 12, 673 15 of 19

Additionally, the ratio of total investment to overall GDP (0.357) emerges as a positive
factor. The data reveal that the range of industries encompassed by the policies positively
affects efficiency, albeit with a minimal coefficient of merely 0.011. In contrast, subsidies are
inversely related to policy efficiency (−0.257).

Table 13. Random tobit regression results on factors influencing policy efficiency.

eff Coef. St. Err. T Value p-Value 95% Conf. Interval Sig

Number of policies 0.196 0.069 2.84 0.005 0.061–0.331 ***
Industry categories 0.011 0.04 0.28 0.78 −0.068–0.09
Total Investment tot 0.357 0.484 0.74 0.461 −0.591–1.305
Subsidies per capita −0.257 1.106 −0.23 0.817 −2.424–1.911
Constant-1 0.508 0.18 2.81 0.005 0.154–0.861 ***
Constant-2 0 37.28 0.00 1 73.068
Constant-3 0.125 0.024 5.23 0 0.172 ***

Mean dependent var 0.891 SD dependent var 0.135
Number of obs. 20 Chi-square 10.666
Prob > chi2 0.031 Akaike crit. (AIC) 2.966

*** p < 0.01.

Notably, the quantity of economic support policies exerts a positive and significant
effect on efficiency. A higher number of policies indicates a government’s heightened
focus on the urban economy’s challenges during the pandemic, partially reflecting the
comprehensiveness of the policies. Under such circumstances, their economic efficiency is
naturally enhanced. Inputs for economic recovery policies can be strategically released in
phases during their development, allowing for flexible adjustments based on the effective-
ness of the policies [8]. This approach amplifies societal expectations of the government’s
ongoing dissemination of positive developments, in turn bolstering market confidence and
public sentiment.

The tobit regression analysis elucidates key factors that influence policy efficiency,
with an emphasis on their impact on supply chain resilience. The findings suggest that
both the number of policies and the proportion of total investment are crucial determinants
of policy efficiency, significantly affecting the cities’ capacity to maintain effective supply
chain operations during the pandemic.

5. Implications and Limitations
5.1. Conclusions

This research provides a thorough analysis of the efficacy of economic recovery policies
in major global cities during the early stages of the COVID-19 pandemic, with a particular
focus on their influence on supply chain resilience and efficiency. The findings highlight the
crucial role that various policy frameworks and astute financial planning play in boosting
the overall success of economic recovery efforts.

We observed that cities boasting a broad spectrum of policies customised to their
unique economic structures and the distinct challenges of different sectors typically exhib-
ited superior policy efficiency. This underscores the need for comprehensive and adaptable
strategies not merely addressing immediate economic challenges but also bolstering supply
chain operations, a key element in upholding urban economic stability.

Moreover, our analysis revealed that a balance between total capital investment and
subsidy allocation is significantly impactful in determining policy efficiency. Strategic
investments in public infrastructure and employment support, particularly in sectors critical
to supply chain management, emerged as key for effective economic recovery. However,
an overreliance on personal subsidies without substantial investment in crucial economic
sectors could lead to inefficiencies, potentially compromising long-term recovery efforts.

In conclusion, this study advocates for future policy development to merge diverse
and extensive policy frameworks with balanced financial strategies. Tailoring these policies
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to the specific needs of various sectors, especially those vital to the supply chain, will
maximise the impact of recovery efforts. This dual approach is fundamental to developing
resilient urban economies capable of weathering future crises, ensuring both immediate
recovery and prolonged stability and resilience of supply chains.

5.2. Implications
5.2.1. Theoretical Implications

This study marks a pioneering application of the DEA–PCA–tobit model to intricate
urban policies, presenting a more objective depiction of real-world scenarios by minimis-
ing subjectivity. Traditional methods such as social experiments and other econometric
tools [51], while valuable, often fail to fully capture the multi-dimensional impacts of crises
on urban economies and supply chains. In line with recent methodologies underscoring
the need for innovative policy evaluation approaches [52–54], our DEA–PCA–tobit model
offers a comprehensive and accurate analysis of policy effectiveness in enhancing supply
chain resilience and efficiency. Importantly, the introduction of an industry coverage in-
dicator in policy assessment recognises the extensive damage inflicted by the COVID-19
pandemic on various industries and supply chains, underscoring its significance in evaluat-
ing policy effectiveness. Additionally, this study addresses a significant gap in the current
literature concerning urban crisis responses, providing empirical insights into the efficacy
of economic support policies during the early stages of the COVID-19 outbreak.

5.2.2. Implications for Practice

The varied economic instruments necessitated by the COVID-19 crisis, as elucidated
in our research, suggest that policymakers ought to broaden the range of industries en-
compassed by their policies and refine the total investment-to-GDP ratio. It is imperative
to maintain a balanced subsidy per capita relative to GDP, augment industry-specific
policy coverage, and capitalise on technological advancements in policy development.
Furthermore, our analysis underpins the notion that amplifying investments, particularly
in underexploited capacities, could be markedly beneficial.

In tackling the challenges posed by the COVID-19 pandemic, our research aligns with
the insights of Fu [55], who underscores the pivotal role of digital technology in fostering
sustainable economic recuperation, and Hassankhani et al. [56], who advocate for intelli-
gent urban solutions in crisis management. Our DEA–PCA–tobit model accentuates the
necessity of widening the ambit of policy interventions and honing investment strategies.
For instance, metropolises such as Los Angeles, which have adopted technological advance-
ments, stand to gain considerably from our model’s guidance on escalating investments,
especially in underutilised sectors. In a similar vein, cities categorised under the ‘increasing
returns to scale’ metric, including Macau, Amsterdam, and Bangkok, are counselled to
augment their operational scales to fully exploit technological and economic benefits. This
could be achieved, for example, by utilising existing research infrastructures (universities,
R&D departments in major organisations, etc.) to attract and foster talented technologists
for innovation and entrepreneurial ventures and by aggressively enhancing the funding
and support for start-ups and the development of technology, both in scale and intensity.

5.3. Limitations and Future Research

While this study offers valuable insights, it is crucial to recognise its limitations,
including a relatively brief observation period and potential data gaps. Future research
could expand these aspects as follows:

1. Extending the data observation period to encompass a longer economic cycle, enabling
a more holistic analysis of policy efficiency;

2. Incorporating policy implementation as an additional factor in the efficiency evalua-
tion to provide a more nuanced understanding of policy impacts;

3. Integrating time series analysis to assess the evolving effectiveness of policies across
different stages of economic recovery.
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