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Abstract 

Background  The global COVID-19 pandemic has significantly impacted public health and socio-economic develop-
ment worldwide. This study aims to investigate the effects of non-healthcare system interventions on the daily new 
cases of COVID-19 from January 2020 to October 2022.

Methods  With the aid of multilevel approach, we identified income group, region and country as stratification 
factors that affect the number of COVID-19 daily new cases. Data on COVID-19 cases collected by Johns Hopkins 
University were used, and policy implementation details were recorded through the Oxford COVID-19 Govern-
ment Response Tracker dataset. To analyze the effects of national, regional, and income group factors on the num-
ber of daily new COVID-19 cases, we implemented three multilevel sequential mixed-effects models and applied 
restricted maximum likelihood to estimate the variance of random effects.

Results  Our results indicate a correlation between income group and the rise in intercepts of random effects 
in the multilevel sequential mixed-effects models. High-income countries recorded the highest intercept at 713.26, 
while low-income countries showed the lowest at -313.79. Under the influence of policies, the implementation 
of "Canceling public events" and "International travel restrictions" has been shown to significantly reduce the daily 
number of new COVID-19 cases. In contrast, "Restrictions on gatherings" appear to have the opposite effect, poten-
tially leading to an increase in daily new COVID-19 cases.

Conclusions  In designing epidemic control policies, due consideration should be given to factors such as income 
group, as well as medical, demographic, and social differences among nations influenced by economic factors. In 
policy-making, policymakers should pay greater attention to policy implementation and people’s responses, in order 
to maximize the effectiveness and adherence of such policies.

Keywords  COVID-19, Non-healthcare system interventions, Multilevel model, Policy implementation, Income group, 
Region

Introduction
In 2020, the world was struck by a global outbreak of 
the Coronavirus Disease 2019 (COVID-19), which had 
significant impacts on health, economy, and society [1]. 
Governments worldwide have implemented various 
measures to prevent the spread of the virus, including 
city lockdowns, travel restrictions, and restrictions on 
gatherings, among others. The success of these policies 
depends on many factors, such as the timing of policy 
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implementation, policy type, population density, and 
economic conditions [2].

The rapid spread of SARS-CoV-2 has outpaced the 
response of many governments. In response to initial 
shortcomings in epidemic control, non-pharmaceutical 
interventions (NPIs) targeting specific populations were 
implemented [3, 4]. Within the scope of NPIs, we focus 
on policies categorized as non-healthcare interventions, 
as these policies impose societal-level restrictions rather 
than individual-level recommendations. However, the 
effectiveness of non-healthcare interventions remains 
controversial, and the impacts of larger scale on the effec-
tiveness of these interventions are frequently ignored. 
The effectiveness of epidemic prevention measures in a 
country is significantly influenced by its region and level 
of economic development.  For instance, with a higher 
economic development level, Europe has access to more 
convenient tools to implement ideal isolations such as 
more effective curfews based on quality government and 
infrastructure, while only a few African countries possess 
such capabilities [5]. Thus, even if the intensity of policies 
is identical, the effects after policy implementation may 
differ, or even contradict each other. The objective of this 
study is to conduct a stratified analysis across as many 
countries as possible to determine how region and eco-
nomic indicators influence the effectiveness of epidemic 
prevention and control.

Regional economic inequality is apparent, and it is 
widely acknowledged that the COVID-19 pandemic 
poses a greater threat to the lives and livelihoods of 
lower-income populations in comparison to higher-
income populations. However, when income is carefully 
considered as a factor, the converse result was obtained. 
Studies have found that the pandemic has reduced inter-
national income inequality, manifested in the lower 
COVID-19 death rates per capita in poorer countries 
than in richer ones in 2020 [6]. Although it cannot be 
ruled out that the case numbers in lower-income coun-
tries may have been underestimated, other factors such 
as population age structure and climate can explain this 
situation, making the results still practically significant 
but full of ambiguity.

The objective of this study is to explore the effects of 
non-healthcare interventions on daily new cases dur-
ing the COVID-19 pandemic. We applied multilevel 
approaches, stratifying by income group (measured by 
per capita Gross National Income), region, and country 
to evaluate the impact of these factors on cases. Further-
more, we aim to furnish essential data for formulating 
preventive policies for COVID-19 and identifying factors 
associated with epidemic prevention and control.

Materials and methods
Data
Independent variable
The Oxford COVID-19 Government Response Tracker 
(OxCGRT) dataset from the OxCGRT / COVID-policy-
tracker repository provides comprehensive information 
on the policies adopted by different countries [7]. In this 
study, we utilized the economic policies and the contain-
ment and closure policies, along with their sub-indices. 
The economic policies reflect the level of economic sup-
port offered to households, such as income support for 
those who lost their jobs or were unable to work and 
debt relief such as a freeze on loan payments. The con-
tainment and closure policies record the strictness of 
the ‘lockdown style’ policies that primarily restrict peo-
ple’s behavior. All these indicators measure policies on 
an ordinal scale of severity, with 0 being the least severe 
and higher numbers indicating the more severe. Please 
refer to the OxCGRT codebook for the relevant code 
list (https://​github.​com/​OxCGRT/​covid-​policy-​track​er/​
blob/​master/​docum​entat​ion/​codeb​ook.​md) [8].

Dependent variable
The COVID-19 data used in this study was sourced from 
Johns Hopkins University (JHU)  a leading institution in 
tracking the spread and impact of COVID-19 worldwide. 
JHU’s data provides a comprehensive record of cases, 
deaths, tests, hospitalizations, and vaccinations (https://​
github.​com/​govex/​COVID-​19/​tree/​master/​data_​tables/​
demog​raphic_​data) [9].  This study used the daily new 
cases of COVID-19 from the database as the dependent 
variable.

Covariates
The covariates used in this study were obtained from 
"Our World in Data" an organization founded by the 
University of Oxford(https://​ourwo​rldin​data.​org/​coron​
avirus) [10]. In monitoring global COVID-19 data, their 
initial consultation was based on three data sources: the 
World Health Organization (WHO), the European Cen-
tre for Disease Prevention and Control (ECDC), and 
Johns Hopkins University. In selecting covariates, we 
consider the choices made in similar studies and focus on 
key factors related to the control of COVID-19 that align 
with the objectives of this research. Eventually, the covar-
iates included hospital beds per thousand, population 
density, proportion of individuals aged 65 or older, and 
hand-washing facilities. Variables were screened using 
the Variance Inflation Factor (VIF), calculated based on 
the classical linear regression model (Ordinary Least 
Squares, OLS). Variables with a VIF exceeding 10 will be 
excluded due to collinearity.

https://github.com/OxCGRT/covid-policy-tracker/blob/master/documentation/codebook.md
https://github.com/OxCGRT/covid-policy-tracker/blob/master/documentation/codebook.md
https://github.com/govex/COVID-19/tree/master/data_tables/demographic_data
https://github.com/govex/COVID-19/tree/master/data_tables/demographic_data
https://github.com/govex/COVID-19/tree/master/data_tables/demographic_data
https://ourworldindata.org/coronavirus
https://ourworldindata.org/coronavirus
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Classification standards
In accordance with the World Bank’s latest standards 
updated in July 2022, countries were stratified into four 
income groups: Low-income (GNI per capita less than 
$1,085), Lower-middle-income (GNI per capita between 
$1,086 and $4,255), Upper-middle-income (GNI per 
capita between $4,256 and $13,205), and High-income 
(GNI per capita exceeding $13,205). The WHO’s global 
regional classification method divided the world into six 
regions: Africa, Americas, South-East Asia, Europe, East-
ern Mediterranean, and Western Pacific.

Analytical strategy
The analyzed data covers the period from January 2020 
to October 2022. After October 2022, several countries 
and regions ceased to implement policies such as quar-
antine and nucleic acid testing and instead adopted a 
policy of coexisting with the epidemic, rendering policies 
ineffective.

Computational experiments in this study were carried 
out using R-4.2.3 tools to examine the impact of govern-
ment policy responses on the number of COVID-19 daily 
new cases. Multilevel sequential mixed-effects models 
were fitted, and Restricted Maximum Likelihood (REML) 
was used to estimate the random effects [11]. Multilevel 
mixed-effects models allow for simultaneous estima-
tion of fixed and random effects, thereby providing a 
more accurate description of data variability. Modeling 
data from different hierarchical sources enhances the 
precision of parameter estimates and effectively handles 
nested data structures, preventing biases introduced by 
ignoring the hierarchical nature of the data. REML con-
siders the uncertainty in fixed effect parameter estimates 
when estimating the variance of random effects, thus 
reducing bias in variance estimates. In contrast, ordinary 
Maximum Likelihood (ML) estimation may overestimate 
the variance of random effects, especially with smaller 
sample sizes. REML estimation is theoretically sound, 
exhibiting consistency and asymptotic normality.

The REML first adjusted the random effects and then 
estimated the parameters of the fixed effects, thereby 
eliminating the influence of fixed effects and more accu-
rately estimating the variance of the random effects. 
Three models were utilized, including Model 1 (stratifica-
tions by income group and country), Model 2 (stratifica-
tions by region and country), and Model 3 (stratifications 
by region, income group, and country). Stratification fac-
tors were  implemented to capture the multilevel struc-
ture and potential heterogeneity of the data and to 
overcome potential ecological fallacies. As independ-
ent variables, economic policies and containment and 
closure policies were manipulated and controlled and 

regarded as the fixed effects. The data used in this study 
exhibits significant time-series characteristics and a 
hierarchical nested structure. To accurately capture 
these features, the model employs an autoregressive 
structure of order 1 [AR(1)] with a time series autocor-
relation coefficient to describe the degree of correla-
tion between adjacent observations [12]. Based on prior 
research, the AR(1) model effectively links the current 
observation to the previous one by modeling it as a lin-
ear function of the preceding value and incorporating a 
random error term [13]. Through recursive predictions, 
the AR(1) model captures the dynamic evolution of the 
entire time series and accurately represents dependen-
cies between adjacent time points. When combined with 
the REML method, the AR(1) model efficiently handles 
the hierarchical structure and nested nature of the data 
while addressing interactions between fixed and random 
effects. Additionally, it mitigates the risks of overfitting or 
interference with multilevel mixed-effects models, which 
are common in ARIMA or higher-order AR models. 
This study employed an exploratory analysis approach, 
using the False Discovery Rate (FDR) to control for the 
false positive rate in multiple comparisons (FDR = 0.05). 
Results with FDR-adjusted P-value below 0.05 were con-
sidered statistically significant.

Results
Our study covers a total of 176 countries, divided into 
six WHO regions: 33 countries in the Americas, 42 in 
Africa, 24 in the Eastern Mediterranean, 19 in the West-
ern Pacific, 8 in Southeast Asia, and 50 in Europe. Using 
Model 1, which incorporates income groups and country 
stratifications, the analysis found that the number of new 
cases was highest in high-income countries (713.26) and 
lowest in low-income countries (−313.79). Compared to 
the overall reference level, low-income countries exhib-
ited relatively fewer new cases, and there was a clear 
upward trend in the number of new cases as income lev-
els increased, as shown in Table 1. Despite the inclusion 
of hierarchical factors at the regional level, this phenom-
enon persists, albeit with a significantly reduced propor-
tion in the random effects.

The intercept term of a random effect in a multi-
level model represents the unexplained variation in 
the dependent variable across different levels that is 
attributed to unobserved factors such as cultural or 
educational differences, rather than the independent 
variable. In Table 2, the random effects of Model 2 indi-
cate that the case number is lowest in the African region 
(−1208.81) and highest in the Americas region (805.65).

In the set of fixed effects, certain variables including 
Cancel public events, Restrictions on gatherings, Inter-
national travel controls, and Hospital beds per thousand 
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were found to be statistically significant. Cancel public 
events (β = −629.88, P = 0.002) and International travel 
restrictions (β = −522.26, P < 0.001) were found to sig-
nificantly reduce the number of new cases. In contrast, 
restrictions on gatherings (β = 352.77, P < 0.001) and 
an increased number of hospital beds per thousand 
(β = 553.65, P < 0.001) were associated with an increase in 
the number of new cases (Table 3).

To examine the correlation among the variables, Spear-
man’s correlation analysis was employed. The results 
of the analysis revealed a correlation (absolute value of 
0.432) between "Cancel public events" and "Restrictions 
on gatherings," while "Income support" and "Debt relief" 
also exhibited a correlation (absolute value of 0.318). 
These findings are not unexpected, as these variable pairs 
represent closely related policy measures that are often 
implemented together. However, the presence of such 
correlations could potentially inflate the standard errors 
of the regression coefficients, thereby affecting the preci-
sion of the estimates for these variables. Despite this, our 
VIF analysis confirmed that multicollinearity is not a sig-
nificant concern, as all VIF values were within acceptable 
limits. While these correlations indicate some overlap in 

Table 1  Random effects of different income groups in multilevel models

NA Not applicable. Samples did not meet grouping requirements
a The random intercept in multilevel models is considered as the random effect value, representing the unobserved factors between different groups that affect the 
dependent variable
b Multilevel sequential mixed effects model stratified by income group and country
c Multilevel sequential mixed effects model stratified by region, income group, and country

Model IDa Income groups

Low income Lower-middle income Upper-middle income High income

Model 1b

−313.79 −270.54 −128.94 713.26

Model 3c

  Africa −0.35 −0.29 −0.11 −0.04

  America NA −0.24 −0.02 0.78

  Europe NA −0.16 −0.19 0.45

  Southeast Asia NA 0.39 0.01 NA

  Western Pacific 0.20 −0.14 −0.11 0.20

  Eastern Mediterranean −0.12 −0.08 −0.04 −0.15

Table 2  Random effects of the region in multilevel models

a Multilevel sequential mixed effects model stratified by region and country
b Multilevel sequential mixed effects model stratified by region, income group, and country

Model ID Africa America Eastern Mediterranean Western Pacific Europe Southeast Asia

Model 2a

−1208.81 805.65 −606.47 226.32 154.20 629.10

Model 3b

−1209.10 805.86 −606.69 226.42 154.12 629.38

Table 3  Fixed effects results in region, income group and 
country multilevel model

a The coefficient refers to the regression coefficient of each independent 
variable. It indicates the impact of a one-unit change in an independent variable 
on the dependent variable, while holding all other variables constant
b Asterisks denote level of statistical significance: ** P < 0.001; * P < 0.05

Parameters—fixed Coefficient a SE t-value P-valueb

Independent variable
  School closing −33.22 123.93 −0.268 0.789

  Workplace closing 2.57 156.44 0.016 0.987

  Cancel public events −629.88 200.73 −3.138 0.002*

  Restrictions on gatherings 352.77 99.34 3.551  < 0.001**

  Close public transport 277.94 192.42 1.444 0.149

  Stay at home require-
ments

257.11 155.68 1.652 0.099

  Movement restrictions −229.42 156.42 −1.467 0.142

  International travel 
controls

−522.26 105.52 −4.950  < 0.001**

  Income support −28.28 211.24 −0.134 0.894

  Debt relief −19.51 181.03 −0.108 0.914

Covariate
  Hospital beds per thou-
sand

553.65 149.24 3.710  < 0.001**

  Population density −0.39 0.29 −1.363 0.173
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the information captured by the variables, they do not 
compromise the robustness or validity of our multilevel 
models (Table 4).

Table  5 presents the indicators used to evaluate the 
model fit. The ICC values of the four models range from 
0.225 to 0.242, with Model 2 explaining 24.2% of the 
variance through random effects. An ICC between 0.11 
and 0.40 is generally considered to indicate moderate 
explanatory power, making this an important metric in 
the present study. Considering the inclusion of 173,888 
records from 176 countries, the AIC and BIC values are 
within an acceptable range. Although the AIC, BIC, and 
log-likelihood values are almost identical across models, 
Model 2 (stratifications by region and country) demon-
strated a higher ICC and slightly better performance 
compared to the others. Additionally, the Phi values of 
all models (approximately 0.816–0.817) indicate strong 
within-group correlation, which is instrumental in cap-
turing group-level effects and dependencies. This further 
supports the use of multilevel modeling to account for 
such dependencies.

Discussion
In this study, income group is an important variable 
that deserving of attention. The results show that as 
income group increases, the initial value of the case also 
increases. We believe that this phenomenon is influ-
enced by multiple factors. Firstly, from a data perspec-
tive, higher income countries have greater efficiency in 
reporting cases compared to countries with lower income 
groups. This increased efficiency can be attributed to 
better medical facilities, more testing and treatment 
resources, and an increased likelihood of conducting 
large-scale nucleic acid testing [14]. Additionally, people 
with higher income groups subjectively pay more atten-
tion to their health and are more likely to seek medical 
help [15]. This effect ultimately also manifests in different 
disease reporting rates. This phenomenon does not imply 
that people from lower income groups do not desire or 
deserve medical resources. Rather, they may suppress 
their medical seeking due to the lack of facilities, cultural 
practices, and privacy concerns. Meadows AJ et al. dem-
onstrated that a country’s preparedness was positively 
associated with reporting [16]. To improve reporting 
rates, govern correlation ments need to make the cor-
rect decisions and adequately prepare for outbreaks in 
a timely fashion. Thirdly, from a policy execution per-
spective, the centralized nature of decision-making in 
autocracies should enable their leaders to react swiftly. 
Therefore, low-income countries may be more decisive in 
policy execution because democratic countries account 
for only about 45% of low-income countries, compared to 
90% of high-income countries. However, this advantage 

is not absolute, as the distorted information flow, lack of 
national capacity, and a tendency to ignore problems may 
limit the potential for decisive action [17]. Therefore, this 
aspect needs to be looked at specifically on a country-by-
country basis.

From an epidemiological perspective, firstly, by com-
paring population groups, it can be observed that 
younger populations are more prevalent in low-income 
countries, while older populations are higher in high-
income countries. According to a study by O’Driscoll 
et  al., French people over 65  years old had a 1.70 times 
higher incidence of infection than the general population. 
Similarly, many European countries reported a higher 
incidence of deaths in older individuals than expected 
[18]. Although COVID-19 can infect people of all ages, 
older populations are more susceptible to severe out-
comes, which may increase the reporting rate due to 
their higher tendency to seek medical treatment. Sec-
ondly, climate and environmental conditions can affect 
the spread of the virus. Low-income countries are often 
located in tropical and subtropical regions, which are 
less conducive to virus transmission compared to high-
latitude regions. The virus is easily inactivated in high-
temperature and high-humidity environments [19]. It is 
worth noting that many epidemiological characteristics 
are difficult to change. Therefore, it is crucial to develop 
the most appropriate policy for the country based on the 
epidemiologist’s and the government’s understanding of 
the national situation.

We cannot fully explain the differential incidence of 
cases due to geographical factors with a single or several 
variables, but there are still some noteworthy aspects. 
First, employment status: in areas where labor-intensive 
industries are relatively concentrated, workers have more 
frequent contact. Due to the instability of the labor mar-
ket, some workers may have to live in areas where work 
is concentrated, increasing the risk of virus transmission 
[20]. This phenomenon is more common in develop-
ing countries. Second, trade exchanges: frequent trade 
exchanges may cause the virus to spread to other areas 
through the flow of goods and personnel. This situation is 
more prominent in economically developed areas. Third, 
population density: it is closely related to urbanization. 
According to the study of Ganasegeran K et al., the prop-
agation effect and the spread of disease were greater in 
urbanized districts or cities [21]. The increase in popula-
tion density reflects not only the easier transmission, but 
also the dual challenges of protecting susceptible popula-
tions [22, 23].

The timing of intervention measures can significantly 
affect their effectiveness. In the early stages, such as early 
2020, global responses to COVID-19 were often swift but 
may have lacked experience and precise data support. 



Page 6 of 9Ma et al. BMC Public Health         (2025) 25:1251 

Ta
bl

e 
4 

Sp
ea

rm
an

’s 
co

rr
el

at
io

n 
an

al
ys

is
 b

et
w

ee
n 

va
ria

bl
es

Va
ri

ab
le

s
In

te
rc

ep
t

Sc
ho

ol
 

cl
os

in
g

W
or

kp
la

ce
 

cl
os

in
g

Ca
nc

el
 

pu
bl

ic
 

ev
en

ts

Re
st

ri
ct

io
ns

 
on

 
ga

th
er

in
gs

Cl
os

e 
pu

bl
ic

 
tr

an
sp

or
t

St
ay

 a
t h

om
e 

re
qu

ire
m

en
ts

M
ov

em
en

t 
re

st
ri

ct
io

ns
In

te
rn

at
io

na
l 

tr
av

el
 

re
st

ri
ct

io
ns

In
co

m
e 

su
pp

or
t

D
eb

t r
el

ie
f

H
os

pi
ta

l b
ed

s 
pe

r t
ho

us
an

d

Sc
ho

ol
 c

lo
si

ng
−

0.
00

2

W
or

kp
la

ce
 

cl
os

in
g

−
0.

02
4

−
0.

14
8

Ca
nc

el
 p

ub
lic

 
ev

en
ts

−
0.

03
2

−
0.

14
7

−
0.

23
9

Re
st

ric
tio

ns
 

on
 g

at
he

rin
gs

−
0.

01
4

−
0.

04
7

−
0.

11
1

−
0.

43
2

C
lo

se
 p

ub
lic

 
tr

an
sp

or
t

0.
00

0
−

0.
05

7
−

0.
13

8
−

0.
00

8
−

0.
04

1

St
ay

 a
t h

om
e 

re
qu

ire
m

en
ts

−
0.

00
2

−
0.

08
7

−
0.

17
4

−
0.

01
7

−
0.

15
3

−
0.

12
3

M
ov

em
en

t 
re

st
ric

tio
ns

0.
00

9
−

0.
08

9
−

0.
07

8
−

0.
06

3
−

0.
02

6
−

0.
18

4
−

0.
21

9

In
te

rn
at

io
na

l 
tr

av
el

 re
st

ric
-

tio
ns

−
0.

08
6

−
0.

19
6

−
0.

03
5

−
0.

08
5

−
0.

08
3

−
0.

04
7

−
0.

03
9

−
0.

07
8

In
co

m
e 

su
p-

po
rt

−
0.

02
7

−
0.

03
2

−
0.

03
6

−
0.

02
2

−
0.

07
4

0.
02

0
−

0.
01

7
0.

01
3

−
0.

07
2

D
eb

t r
el

ie
f

−
0.

02
9

−
0.

06
0

0.
00

0
−

0.
02

3
−

0.
04

4
−

0.
01

1
−

0.
03

2
−

0.
03

5
−

0.
09

3
−

0.
31

8

H
os

pi
ta

l b
ed

s 
pe

r t
ho

us
an

d
−

0.
27

8
−

0.
02

3
−

0.
01

9
−

0.
03

0
−

0.
03

1
−

0.
00

1
0.

01
3

0.
00

1
−

0.
01

6
−

0.
07

8
−

0.
03

8

Po
pu

la
tio

n 
de

ns
ity

0.
03

4
0.

00
8

−
0.

00
6

0.
01

4
−

0.
00

8
0.

00
2

0.
00

4
0.

00
6

0.
00

4
−

0.
01

3
0.

02
1

−
0.

35
2



Page 7 of 9Ma et al. BMC Public Health         (2025) 25:1251 	

Measures such as canceling public events, restricting 
gatherings, implementing international travel controls, 
and increasing hospital beds were quickly implemented 
to curb virus spread [24]. These measures could have a 
crucial impact on controlling the initial outbreak, despite 
initial challenges in execution and societal acceptance. As 
time progressed and the pandemic evolved, the effective-
ness of these measures and societal responses may have 
varied. Increased public understanding of virus trans-
mission and protective measures, along with optimiza-
tions in healthcare treatment and management, could 
have diminished the impact of these interventions or 
revealed new challenges [25]. For instance, prolonged 
implementation of restrictions may have led to societal 
and economic fatigue and public opposition [26, 27]. 
Furthermore, the speed and severity of measures imple-
mented varied among countries and regions, influenc-
ing the assessment of their effectiveness. The impact of 
international travel restrictions and increases in hospital 
resources could differ based on the country’s epidemic 
situation, healthcare system resilience, and levels of gov-
ernment and public cooperation. Therefore, evaluating 
the effectiveness of intervention measures requires con-
sideration of temporal factors and implementation con-
texts to comprehensively understand their contributions 
and limitations in controlling the pandemic.

Canceling public events and international travel con-
trols have positive effects on mitigating epidemics 
because reducing gatherings and personnel flow is an 
effective way to cut off transmission routes and can lead 
to positive effects [28, 29]. However, the policy of restric-
tions on gatherings, which can also cut off transmission 
routes, would increase the number of confirmed cases. 
We believe that this is due to the issue of "initiative". 
The policies of canceling public events and controlling 

international travel controls are being executed by the 
government, so their effects can be guaranteed. However, 
the policy of restricting on gatherings is being executed 
by the people, which means that the effect of the policy 
relies on the people’s initiative. This kind of adherence 
did not happen overnight, as a study by Sehar-Un-Nisa 
Hassan et al., gender, psychological quality of life, social 
quality of life, and environmental quality of life are sig-
nificantly associated with healthcare adherence [30]. The 
point is to improve the quality of people’s lives and to 
boost the government’s prestige. There are other explana-
tions for the negative effects of restrictions on gatherings. 
As policies last longer, people become more eager for 
face-to-face communication. In such situation, private 
gatherings may occur, and it will be more difficult to have 
qualified disease prevention conditions in these private 
places than in gatherings organized by responsible par-
ties. Moreover, the government or relevant authorities 
lack sufficient resources to detect and stop such behav-
ior. While a lot of attention had focused on large gath-
erings, Boyer CB et al. had shown that small gatherings, 
due to their frequency, can also be important contribu-
tors to transmission dynamics [31]. How to appease the 
emotions of the masses and improve the compliance of 
the people is something that many countries need to 
consider.

Researchers often consider hospital beds per thousand 
as a proxy for the extent of health expenditures [32]. Hos-
pital beds per thousand is statistically significant in our 
study. We do not believe that the increase in cases is due 
to the number of hospital beds, but rather that increased 
healthcare spending has detected more cases. If we dis-
card the p-value, we will find policies that that people can 
disobey, such as restrictions on gatherings, close public 
transport, stay at home requirements. All of these poli-
cies can be resisted by the people using their own means 
and may have hidden negative effects. Does this imply 
that policies relying on people’s autonomy to achieve 
their effects have hidden risks? And if so, how significant 
are these risks? These are questions worth considering.

Recommendations
Based on our research results, we should not only con-
sider the country’s economic factors as a single variable 
in research but also consider the multiple factors behind 
the economy. We should carry out more detailed research 
on differences in different regions and populations. This 
also indicates that it is not appropriate to simply copy the 
epidemic prevention policies of other countries. Instead, 
we should have in-depth thinking based on the national 
conditions.

In policy-making, governments should pay more atten-
tion to the effectiveness of policy execution and people’s 

Table 5  Evaluation of the goodness-of-fit of the multilevel 
analysis

a ICC refers to Intra-class correlation, which measures the proportion of the total 
variance that is due to the differences in random effects
b Phi refers to the phi correlation coefficient, which represents the correlation 
between data points and their previous data points

Model ID ICCa AIC BIC Log Likelihood Phib

Null model
0.241 3690985 3691036 −1845488 0.817

  Model 1
0.240 3690818 3690989 −1845392 0.816

  Model 2
0.242 3690818 3690989 −1845392 0.816

  Model 3
0.225 3690820 3691001 −1845392 0.816
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reactions. Policy-making and execution should be more 
aligned with the needs and feelings of the people to 
improve the effectiveness of policy execution and peo-
ple’s compliance.

Conclusions
In summary, this study shows that income groups can 
deeply influence the effect of prevention policies. While 
taking into account income groups, it is also important 
to consider inherent medical, demographic, and social 
differences within the country itself. As for policies, we 
believe that more attention should be paid to those rely-
ing on people’s autonomy to achieve their effects, as these 
may have significant pitfalls and uncertainties. We hope 
that more in-depth and specific studies will be carried in 
the future to provide recommendations for controlling 
COVID-19.

Strengths and limitations
We believe that our study had several strengths, including 
the use of multilevel models to consider country, region 
and individual factors, as well as the comprehensive anal-
ysis of the impact of epidemic control factors. This study 
conducted an in-depth exploration of the role of different 
income groups and epidemic control factors and the pos-
sible outcomes, providing a reference for epidemic con-
trol measures. However, the study also has its limitations. 
Although we used the REML method to estimate ran-
dom effects more accurately, fixed effects may still have 
biases. Additionally, REML cannot show ICC. Moreover, 
the population density should not be simply used, due to 
the lack of corresponding data, we still used the unpro-
cessed population density of the country. Finally, due to 
various constraints, we were unable to find sufficient data 
suitable for our analysis. Therefore, the COVID-19 data 
used in our study does not specifically account for vari-
ant specificity and measure population compliance with 
government policies. Finally, there are missing values 
(NA) for three regions in Model 3 (Table 1), which may 
cause fluctuations in the estimation of fixed effects and 
an underestimation of between-group variance for these 
regions. As a result, the applicability of this study’s con-
clusions to these regions may be diminished.
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