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Abstract

Background: COVID-19 risk perception isafactor that influences the pandemic spread. Understanding the potential behavioral
responses to COVID-19, including preparedness and adoption of preventive measures, can inform interventions to curtail its
Spread.

Objective: We assessed self-perceived and latent class analysis (LCA)—based risks of COVID-19 and their associations with
preparedness, misconception, information gap, and preventive practices among residents of a densely populated city in Nigeria.

Methods: We used data from a cross-sectional survey conducted among residents (N=140) of Onitsha, Nigeria, in March 2020,
before the government-mandated lockdown. Using an iterative expectation-maximization algorithm, we applied LCA to
systematically segment participants into the most likely distinct risk clusters. Furthermore, we used bivariate and multivariable
logistic regression model s to determine the associ ations among knowledge, attitude, preventive practice, perceived preparedness,
misconception, COVID-19 information gap, and self-perceived and LCA-based COVID-19 risks.

Results: Most participants (85/140, 60.7%) had good knowledge and did not perceive themselves as at risk of contracting
COVID-19. Three-quarters of the participants (102/137, 74.6%; P<.001) experienced COV|D-19—rel ated information gaps, while
62.9% (88/140; P=.04) of the participants had some misconceptions about the disease. Conversely, most participants (93/140,
66.4%; P<.001) indicated that they were prepared for the COVID-19 pandemic. The majority of the participants (94/138, 68.1%;
P<.001) self-perceived that they were not at risk of contracting COVID-19 compared to 31.9% (44/138) who professed to be at
risk of contracting COVID-19. Using the LCA, weidentified 3 distinct risk clusters (P<.001), namely, prudent or low-risk takers,
skeptics or high-risk takers, and carefree or very high-risk takers with prevalence rates (probabilities of cluster membership that
represent the prevalencerate[y,]) of 47.5% (95% Cl 40%-55%), 16.2% (95% Cl 11.4%-20.9%), and 36.4% (95% Cl 28.8%-43.9%),
respectively. We recorded a significantly negative agreement between self-perceived risk and LCA-based segmentation of
COVID-19risk (k=—0.218, SD 0.067; P=.01). Knowledge, attitude, and perceived need for COVID-19 information were significant
predictors of COVID-19 preventive practices among the Onitsha city residents.

Conclusions: The clustering patterns highlight the impact of modifiable risk behaviors on COVID-19 preventive practices,
which can provide strong empirical support for health prevention policies. Consequently, clusters with individuals at high risk
of contracting COVID-19 would benefit from multicomponent interventions delivered in diverse settings to improve the
popul ation-based response to the pandemic.
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https://ojphi.jmir.org/2023/1/e50967 Online J Public Health Inform 2023 | vol. 15 | 50967 | p. 1
(page number not for citation purposes)


mailto:omgbere@uh.edu
http://dx.doi.org/10.2196/50967
http://www.w3.org/Style/XSL
http://www.renderx.com/

ONLINE JOURNAL OF PUBLIC HEALTH INFORMATICS

KEYWORDS

Mgbere et d

COVID-19; latent class analysis; risk perception; preparedness; preventive health behaviors; Nigeria

Introduction

Sincethedeclaration of COVID-19 asapublic health emergency
of international concern by the World Health Organization on
January 30, 2020, the global case counts have reached 644
million, with more than 6.6 million deaths [1]. Despite
recommended guidelines such as mask wearing, physical
distancing, isolation, and good personal hygiene (handwashing)
to prevent COVID-19 spread [ 2], someindividualstend to flout
these guidelines, including government restrictions and rules.
Government measures to contain the COV1D-19 pandemic can
only be effective with widespread compliance by the general
public [3]. The fact that individuals in these challenging times
act so differently indicates that the risk perception relating to
this novel virus strongly differs between different places and
individuals [4]. This situation, coupled with the pervasiveness
of misinformation about the virus [5-9], is raising significant
concerns, especialy in Africa, where the fragile health systems
put additional pressure on preparedness and effective pandemic
response efforts. Conseguently, COV1D-19 risk perception may
be a strong modifier of the evolution of the epidemic [4]. This
means that access to and type of information received and
political and economic situations may influence how people
perceivetherisk of COVID-19 and how they act onit, including
their patterns of adhering to preventive actions[10].

In an early COVID-19 modeling study, Nigeria was identified
as having a high coronavirus importation risk and high
vulnerability, with moderate capacity to contain the outbreak
[11]. Thecity of Onitshain Nigeriaisahighly populated town
and home to the largest market in West Africa [12,13]. This
city is known for the daily influx of people and frequent
international, regional, and local interactionsthrough commerce,
which can facilitate the spread of COVID-19 within and outside
the city. Previous studies in Onitsha have assessed
COVID-19—~elated knowledge, attitude, and practice (KAP)
[14]; public opinions regarding government response to the
pandemic [3]; impact of COVID-19 misconceptions on the
control efforts [15]; COVID-19—related information sources;
and gaps [16]. However, it is unclear how the residents of
Onitsha perceived the risk of COVID-19 and whether their
initia risk perceptionsinformed their preparedness and decisions
to adopt recommended protective measures. Risk perceptions
tend to guide individuals' judgments and eval uations of threats
and can limit public compliance with and response to
information from public health authorities [4,10,17,18].

Cori et al [4] espouse the need to apply established theories of
risk perception research to COVID-19 and use this knowledge
toimprove health risk communication, build trust, and contribute
to collaborating governance. People who perceive greater risks
are believed to be more motivated to implement protective
behaviors [10,17,18]. Although the global consequences of
COVID-19 are hard to predict, an assessment of the initial
population-level response to the disease in Onitsha regarding
risk perception, preparedness, and preventive health behaviors
could provide helpful information for interventions and improve
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current and future public health response. Understanding the
risk perceptions of community residentsiscritical for planning,
risk communication, and intervention.

In light of the foregoing situation, this study aimsto (1) assess
the association of self-perceived risk of COVID-19,
preparedness, and preventive practices among residents of
Onitsha, (2) apply latent classanalysis (L CA) to systematically
segment the heterogeneous sample population into the most
likely distinct risk clusters by using selected measures, and (3)
examine the predictive factors for COVID-19 preventive
practices among Onitsha city residents. An understanding and
application of the interplay of these factors in the real world
could influence behavior change, improve risk management
decision-making, and inform a more targeted and effective
COVID-19 intervention strategy to prevent and control the
disease spread in the city.

Methods

Data Source, Study Design, and Participants

We conducted a secondary analysis of cross-sectional data
obtained from a KAP survey in Onitsha, Anambra, Nigeria, in
March 2020 (period of the pandemic before the
government-mandated lockdown on March 29, 2020) [14]. A
convenience sampling method was used to recruit 140 study
participants from different representative locations within the
city of Onitsha that includes commercial markets and housing
units. The city of Onitsha is the largest commercial city in
south-eastern Nigeriaand hasapopulation of nearly 8.1 million
residents with apopulation density of 4100 per square kilometer
[19]. This survey was conducted through in-person interviews
of consenting adults aged 18 years and older living and working
in Onitsha. A more detailed description of the survey instrument
used, data collection procedures, and the study area can be found
in the study by Iloanusi et a [14].

Analytical Measures

The analytical measures used in this study were obtained from
baseline data collection [14]. The data set captured KAP data
as quantitative and categorical measures coded dichotomously
aspoor or good [14]. The quantitative part represented the KAP
indices. COVID-19 misconceptionswere assessed based on the
study of Iloanusi et al [14] and categorized as none, low, and
high [15]. Participants were asked to indicate what they
considered to be their risk perception for COVID-19 by using
a5-point Likert scale (ranging from not at risk to extremely at
risk). This was classified into 3 categories (not at risk at all,
somewhat or likely at risk, likely or extremely likely at risk)
and, subsequently, reclassified as 2 categories (not at risk vs at
risk). To assessthe participant’s perceived level of preparedness,
they were asked how prepared they were for the impending
COVID-19 outbreak, with the response options being
“undecided or not prepared at al,” “somewhat prepared for
COVID-19,” and “prepared for COVID-19." This was later
classified into 2 categories for subsequent analysis, with the
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last 2 options grouped as one and referred to as “ prepared for
COVID-19." To assess information gaps, participants were
asked if they needed COVID-19 information and coded
dichotomousdly as Yes or No [14,17]. The demographic
characteristics of the sample population used in this study have
been described in detail previously by lloanusi et a [14].

Statistical Analysis

Using the chi-sguare test, we conducted univariable analyses
of measures of interest, namely, risk perception for COVID-19
outbreaks, KAP participants level of preparedness,
misconceptions, and the COVID-19 information gap. To
examine the relationships between KAP indices by
self-perceived COVID-19 risk, preparedness, and information
(gap), we conducted alinear regression analysis with a density
contour overlay to show the potential patterns (clusters) within
the measures. The bivariate fit models produced equations that
described the relationshi ps between the measures.

LCA was used to fit alatent class model to determine the most
likely cluster or latent class for each observable measure by
using an iterative expectati on-maximization algorithm [20,21].
LCA was considered appropriate for understanding and
exploring the meaning behind the participants’ risk perception.
Using L CA alowed for estimating the popul ation characteristics
derived from the sampl e data, adjusting the measurement error,
and determining the number of classes[22]. The LCA produced
thelatent class prevalence (Y,) and the conditional probabilities
(p) for each cluster and response category. Estimates of the
effect size and likelihood ratio logworth obtained from a
contingency table analysis of expected counts for cluster
membership by levels or categories of aY column were used
to quantify differences within the response scales. The fina
LCA mode fitnesswas determined using negativelog-likelihood
(Hog-likelihood), Bayesian information criterion, and Akaike
information criterion to compare clusters with the smallest
values of each, indicating the best fit. In addition, we considered
entropy values, latent class probabilities, and interpretability of
the model classidentified in selecting the final model [21,23].
Based on these characteristics, definitions for each latent class
were created. We identified 3 distinct risk clusters named as
“prudent or low-risk takers,” “ skeptics or high-risk takers,” and
“carefree or very high-risk takers” To enhance the ease of
interpretation and clearer application to practice, therisk clusters
were recoded dichotomously as‘“not at risk (0)” for prudent or
low-risk takers and “at risk (1)” for both skeptics or high-risk
takers and carefree or very high-risk takers. Furthermore, we
determined the independent association between self-perceived
COVID-19 risk and LCA-assessed COVID-19 risk and the
study population characteristics by using a chi-square test or
Fisher exact test (cell number <5), when applicable.
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To identify factors associated with the adoption of COVID-19
preventive practice, we conducted multivariable logistic
regression analyses to estimate the unadjusted odds ratios and
adjusted odds ratios (aORs) along with 95% Cls and the
corresponding P values for each factor. We applied the mosaic
plot data visualization with the associated chi-square test to
display theintersection between self-perceived COVID-19risk,
L CA-based risk subgroup, and preventive practices by perceived
preparedness. All statistical tests performed were 2-tailed, with
a probability value of .05 used as the minimum threshold for
declaring statistical significance. Data management, statistical
analyses, and visualizations were conducted using SAS JMP
Statistical Discovery Software (version 16.2; SAS Institute).
Thisstudy wasreported following the STROBE (Strengthening
The Reporting of Observational Studies in Epidemiology)
statement [24] and aligns with the minimum specific reporting
requirements in the cross-sectional study checklist [25].

Ethics Approval

All relevant ethical guidelines, including institutional review
board approval and oral informed consent, were provided by
al participants and documented during the primary data
collection period [14]. Data used for this study were codified
and anonymized to protect confidentiality and ensureindividual
participants privacy. The study protocol for this secondary data
analysis was reviewed and approved (approval 00002363) by
the ingtitutional review board of the University of Houston.

Results

Descriptive Analysis of Measures

The descriptive characteristics of the study participants have
been presentedin detail by lloanusi et al [14]. The demographic
characteristics of this study population is displayed in
Multimedia Appendix 1. The univariable analysis of the
measures evaluated is shown in Table 1. We noted a significant
difference in participants COVID-19 knowledge levels, with
more than half of them (85/140, 60.7%; P=.01) having a high
knowledge of the disease. However, the majority (85/140,
60.7%; P<.001) did not perceivethey were at risk of contracting
COVID-19. About 62.9% (88/140; P=.047) of the participants
had some misconceptions about COVID-19, while only 37.1%
(52/140; P=.047) had no misconceptions about the disease. As
much as 74.6% (102/137; P<.001) indicated the need for more
COVID-19—~elated information. However, most participants
(93/140, 66.4%; P<.001) indicated that they were prepared for
the COVID-19 pandemic. Overall, the study participants
(N=140) wereindifferent (P>.05) in their attitude and preventive
practice levels.
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Table 1. Univariable analysis of the study measures (N=140).

Mgbere et d

Characteristic Values, n (%) P vaue

K nowledge 012
Low 55 (39.3)
High 85 (60.7)

Attitude 13°
Poor 61 (43.6)
Good 79 (56.4)

Preventive practice 300
Poor 65 (46.4)
Good 75 (53.6)

COVID-19 misconception 047°
None 52 (37.1)
Low 55 (39.3)
High 33(23.6)

Perceived need for COVID-19 information <.0019
No 35(25.5)
Yes 102 (74.5)

Perceived preparedness <0019
Not prepared for COVID-19 47 (33.6)
Prepared for COVID-19 93 (66.4)

8gignificant at P<.01.
BNot significant (P>.05).

CSignificant at P<.05.
dSignificant at P<.001.

Relationships Between KAP Indices

The relationships among KAP indices by COVID-19 risk
perception are shown in Figure 1A. A linear relationship was
observed across the measures among individual swho perceived
that they were at risk or not at risk of COVID-19. The contours
show the regions of data density relative to the indices. Among
the at-risk group, increased COVID-19 knowledge index and
attitude index scoresresulted in anincreased level of preventive

practiceimplementation (R?=0.206 for knowledgeindex; P<.001

vs R?=0.107 for attitude index; P=.05). In contrast, knowledge
index and attitude index significantly (P<.001) predicted as
much as 52.7% and 29.2% of the preventive practice levels
implemented by study participants who perceived they were
not at risk of contracting COVID-19.

Figure 1B depicts the relationships among KAP indices by
perceived COVID-19information gap with the bandsindicating
the concentration of participantsrelativeto their scores. Within
participants who perceived that they had gaps in
COVID-19—related information, increased knowledge index
and attitude index resulted in a significant linear increase in
their adoption of recommended preventive practices, asindicated

by the preventive practice indices (R°=0.359 vs R°=0.193,
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respectively). However, participants who did not perceive any
gap in COVID-19information had higher predictive associations
among KAP indices. For instance, a positive increase in
knowledgeindex and attitude index resulted in acorresponding
increase in preventive practice indices and coefficients of
determination of 60.8% (knowledgeindex, P<.001) and 20.9%
(attitude index, P<.01).

Therelationshipsamong KAP indices by perceived preparedness
with the contours indicating the density of participants relative
to their index values are shown in Figure 1C. Within participants
who perceived that they were prepared for the COVID-19
pandemic, increased knowledgeindex and attitude index brought
about asignificant (P<.001) linear increase in their adoption of
recommended preventive practices, asreflected in the preventive

practice index values (R?=0.378 vs R°=0.151, respectively).
However, participants who perceived themselves unprepared
for the COVID-19 pandemic recorded comparatively higher
predictive values. For instance, apositiveincreasein knowledge
index and attitude index resulted in a corresponding increase
in preventive practice index and coefficients of determination
of 55.5% (knowledgeindex, P<.001) and 37.5% (attitude index,
P<.001).
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Figure 1. (A) Relationships among knowledge, attitude, and preventive practice indices by self-perceived COVID-19 risk. (B) Relationships among
knowledge, attitude, and preventive practice indices by perceived COVID-19 information gap. (C) Relationships among knowledge, attitude, and
preventive practice indices by perceived COVID-19 pandemic preparedness.
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L CA Model

The LCA model parameter estimates with the conditional
probabilities (p) for each cluster and response category are
presented in Table 2. Following the study population
heterogeneity concerning a set of manifest variables, we used
LCA to identify 3 significantly (P<.001) distinct most likely
clusters or latent classes (homogeneous subgroups or segments)
of individuals. Those were named after their unique
characteristics as prudent or low-risk takers (y=47.5%), skeptics
or high-risk takers (y=16.2%), and carefree or very high-risk
takers (y=36.4%). The key characteristics of the prudent or
low-risk takersinclude high COVID-19 knowledge (p=95.2%),
good attitude (p=85.4%), self-perception of not being at risk of
COVID-19 (p=58.9%), perceived preparedness for COVID-19
pandemic (p=62%), experienced information gap (p=81.5%),

https://ojphi.jmir.org/2023/1/€50967
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no misconceptions (p=66.5%), and good preventive practices
(p=87.5%). Among individuals characterized as skeptics or
high-risk takers, 59.9% of them had high knowledge of
COVID-19, apoor attitude (p=66.6%), claimed not to be at risk
of COVID-19 (p=54.9%), perceived themselves as being
prepared for the disease (p=87%), had very seriousinformation
gaps (p=98.5%), many misconceptions (p=97.9%), and
surprisingly, practiced good prevention strategies against
COVID-19 (p=82.5%). However, carefree or very high-risk
takershad low knowledge (p=81.3%), poor attitude (p=72.7%),
self-perception of not being at risk of COVID-19 (p=84.5%),
perceived preparedness for COVID-19 pandemic (p=60%),
experienced information gap (p=53.5%), had moderate
misconceptions (p=68.1%), and implemented poor preventive
practices (p=99.4%).
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Table 2. Parameter estimates from latent class segmentation analysis.?
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Parameter, category n Probability (p) of latent class membership (%) Effectsize | jLb
Prudent or low-risk Skeptics or high-risk takers  Carefree or very high-risk
takers takers
Overdll (yc) 140 475 16.2 36.4 _c —
Prevention practice 0.83¢ 24.80
Poor 65 125 175 994
Good 75 875 825 0.6
Knowledge 0719 17.16
Low 55 4.8 40.1 81.3
High 85 95.2 59.9 18.7
Attitude 057° 10.20
Poor 61 14.6 66.6 72.7
Good 79 854 334 27.3
Risk perception 0.28f 2.39
Not at risk of 94 58.9 54.9 84.5
COVID-19
Atrisk of COVID- 44 411 451 155
19
Per ceived preparedness 0.20f 1.36
Not prepared for 47 38 13 40
COVID-19
Prepared for 91 62 87 60
COVID-19
COVID-19 information gap 0.38f 481
Yes 101 815 98.5 535
No 35 185 15 46.5
Misconception 0.48° 8.15
No 52 66.5 21 319
Yes 88 335 97.9 68.1

3The overall probabilities of cluster membership (y.) and the conditional probabilities (p) for each cluster are shown for each response category. Model
fit statistics best fit estimates: negative |og-likelihood=563.04; Bayesian information criterion=1239.07; and Akaike information criterion=1172.08.

BLRL: likelihood ratio logworth. A logworth value above 2 corresponds to significance at the .01 significance level (P<.01).

®Not applicable.
dLarge effect size.
EMedium effect size.
fSmall effect size.

Associations Between Self-Perceived and L CA-Based
Segmentation of COVID-19 Risksand Selected
M easures

Table 3 shows the associations among KAP, misconception,
perceived information needs, preparedness, COVID-19 risk
perception, and LCA COVID-19 risk assessment. Most
participants (94/138, 68.1%; P<.001) self-perceived that they
were not at risk of COVID-19 compared to 31.9% (44/138;
P<.001) who professed to be at risk of contracting COVID-19.

https://oj phi jmir.org/2023/1/e50967

Based on the LCA assessment, we recorded no statistical
difference (P>.05) between the 2 groups (67/136, 49.3% vs
69/136, 50.7%). However, with the LCA classification, we
recorded statistically significant variations (P=.05) across all
measures considered, except perceived preparedness compared
to self-perceived risk assessment, where knowledge (P=.01)
and preventive practice (P=.03) were the only significant sources
of variations. Based on the participant’s characteristics, the LCA
generaly tends to classify more participants as at risk of
contracting COV1D-19 than the self-perceived assessment. For
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instance, the proportion of participants who self-perceived
themselves as being at risk were 5, 3, 3.8, and 3 times more
than those who had poor COVID-19 knowledge, attitude,

Mgbere et d

preventive practice, and high misconception, respectively, based
on the LCA-based assessment of their COVID-19 risk status.

Table 3. Associations between self-perceived and latent class analysis—based segmentation of COVID-19 risk and selected measures.

Measure Self-perceived COVID-19 risk (n=138) Latent classanalysis—based COVID-19risk assess-
ment (n=136)
Notatrisk,n (%) Atrisk,n(%) Pvalue Notatrisk, n (%) Atrisk,n (%) Pvaue
Overall 94 (68.1) 44 (31.9) <0012  67(49.3 69 (50.7) 86P
Knowledge 01°¢ <0012
Low 43(31.2) 10(7.3) 2(L5) 50 (36.8)
High 51 (37) 34 (24.6) 65 (47.8) 19(13.9)
Attitude 68° <.0012
Poor 42 (30.4) 18 (13) 7(5.2) 53(38.9)
Good 52 (37.7) 26 (18.8) 60 (44.1) 16 (11.8)
Preventive practice o3 <.0012
Poor 49 (35.5) 14 (10.1) 9(6.6) 52(38.2)
Good 45 (32.6) 30(21.7) 58 (42.7) 17 (12.5)
COVID-19 misconception 96° <.0012
None 34(24.6) 17 (12.3) 37(27.2) 13(9.6)
Low 37(26.8) 17 (12.3) 27 (19.8) 26 (19.1)
High 23(16.7) 10(7.3) 3(2.2) 30 (22.1)
Per ceived need for COVID-19 information 330 0459
No 26 (19.1) 9(6.6) 54 (40) 46 (34.1)
Yes 66 (48.5) 35(25.7) 12(8.9) 23(17)
Per ceived preparedness 44° 5g°
Not prepared for COVID-19 34(24.6) 13(9.4) 25 (18.4) 22 (16.2)
Prepared for COVID-19 60 (43.5) 31 (22.5) 42(30.8) 47 (34.6)

8Significant at P<.001.
PNot significant (P>.05).
CSignificant at P<.01.
dSignificant at P<.05.

Multivariable L ogistic Regression M odel

The multivariable logistic regression model showing the
unadjusted and aORs of the measuresand COVID-19 preventive
practice is presented in Table 4. Of all the measures included
in our model, knowledge, attitude, and perceived need for
COVID-19 information were the participants only significant
predictors of COVID-19 preventive practices (entropy

R°=0.3352). Participants who had high COVID-19 knowledge

https://oj phi jmir.org/2023/1/e50967

and good attitude toward the management of COVID-19 were
11 (aOR 11.22, 95% Cl 4.34-28.97; P<.001) and 3 (aOR 2.93,
95% CI 1.14-7.55; P=.03) times more likely to have good
COVID-19 preventative practices, respectively. Surprisingly,
participants who needed more COVID-19 information were
about 4 timesmorelikely (aOR 3.92, 95% Cl 1.36-11.30; P<.01)
to have good COV1D-19 preventive practices compared to those
who experienced no information gap.
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Table 4. Multivariable logistic regression model of COVID-19 preventive practice.?
Measures Unadjusted Adjusted
Oddsrratio (95% Cl) P value Oddsratio (95% CI) P value

K nowledge <.001° <.001°
Low (reference) 1 1
High 14.63 (6.26-34.18) 11.22 (4.34-28.97)

Attitude <.001P 03¢
Poor (reference) 1 1
Good 4.70 (2.29-9.63) 2.93(1.14-7.55)

Risk perception for COVID-19 03¢ 419
Not at risk at al (reference) 1 1
At risk 2.33(1.10-4.95) 1.51 (0.57-3.99)

COVID-19 misconception 149 9o
Low (reference) 1 1
High 0.60 (0.85-3.27) 0.99 (0.37-2.65)

Per ceived need for COVID-19 information o1P 018
No (reference) 1 1
Yes 4.21(1.82-9.71) 3.92 (1.36-11.30)

Per ceived preparedness 679 854

Not prepared for COVID-19 1
(reference)

Prepared for COVID-19 1.16 (0.58-2.35)

1.10 (0.41-2.92)

Model statistics: McFadden’s pseudo R-square (R2 [U])=0.34; Akaike information criterion=139.25; Bayesian information criterion=158.76. Normal
approximation used for ratio confidence limits effects. Tests and confidence intervals of odds ratios are Wald test—based.

bSignificant at P<.001.
CSignificant at P<.05.
INot significant (P>.05).
Significant at P<.01.

I nter section of Perceived COVID-19 Risk, L atent Class
Risk Subgroup, Preparedness, and Preventive Practice

The mosaic plot in Figure 2 displays the associations between
self-perceived COVID-19 risk, LCA-based risk subgroup, and
preventive practices by percelved preparedness. Among
participants who perceived themselves as not at risk of
COVID-19 but were prepared, 71% (5/7) were characterized
as prudent low-risk takers and adopted good preventive
strategies (P<.001). Similarly, most of the participants who
perceived themsel ves as somewhat likely or likely or extremely
likely at risk of contracting COVID-19 and were prepared for
the pandemic ended up as prudent low-risk takers (5/7, 71%;

https://oj phi jmir.org/2023/1/e50967

P=.05 vs 12/16, 75%; P=.01, respectively) and implemented
good preventive measures. However, most participants,
including those who were prepared and not prepared for the
COVID-19 pandemic, practiced the recommended preventive
measures poorly (60%-100%) and were classified as carefree
or very high-risk takers based on the LCA model. Only 29%
(2/7; P=.05) and 25% (4/16; P=.01) of the participants who
implemented good preventive practices were skeptics or
high-risk takers and self-perceived themselves as likely at risk
and extremely likely at risk of contracting COVID-19 (Figure
2). Overal, we recorded a significant negative agreement
between self-perceived and LCA-based segmentation of the
risk groups (k=—0.2182, SD 0.0665; P=.01).

Online J Public Health Inform 2023 | vol. 15 | €50967 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

ONLINE JOURNAL OF PUBLIC HEALTH INFORMATICS

Mgbereet a

Figure2. Mosaic plot of the associations between self-perceived COVID-19 risk and latent class analysis—based risk assessment of most likely cluster

membership by perceived preparedness.
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Discussion

Principal Findings

During theinitial daysof the COVID-19 pandemic, the Nigerian
government, like many other governments, implemented aseries
of preventive practices that included public lockdown,
handwashing, use of hand sanitizer, wearing of face masks, and
social distancing in public places, to curtail the spread of
COVID-19. Although these interventions are effective, they
require voluntary behavior change and compliance by citizens,
who found this challenging to achieve and monitor. Our study
investigatestherole of behaviora determinants on self-perceived
and L CA-based COVID-19 risks and the adoption of COVID-19
preventive practices. Our findings revealed that adopting good
COVID-19 preventive practices among residents of Onitsha
was generally driven by increased knowledge and improved
attitude toward COVID-19 infection moderated by their risk
perception status, information gaps, and level of preparedness.
Several COVID-19—elated studies have previously established
the rel ationships between COV1D-19 knowledge, attitude, and
prevention practices [14,26,27]. Individual s who believed they
were at low risk of developing COVID-19 were more likely to
engage in unhealthy or risky behaviors[28].

Using the LCA, we identified 3 distinct risk clusters (P<.001),
namely, prudent or low-risk takers, skepticsor high-risk takers,
and carefree or very high-risk takers, with prevalence rates of
47.5%, 16.2%, and 36.4%, respectively. Individuals who were
high-risk to very high—risk takers tended to have many
misconceptions, experienced COVID-19 information gaps,
self-perceived themselves as not being at risk of contracting
COVID-19, and therefore adopted poor preventive practices.
A previous study has highlighted the existence of fundamental
misconceptions that hindered compliance with prevention
practices among Onitsha residents [15]. Similarly, COVID-19
information gaps and low diffusion due to government delays
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ininitiating awareness campaigns using accessible and efficient
channels of information have been associated with poor
COVID-19 preventive practices [16,29,30].

Accurate public risk perceptions are critical to effectively
managing COVID-19, especially considering that people’'s
behavior can fundamentally influence and alter the spread of a
pandemic [31-33]. In an attempt to assess “COVID-19 risk as
feelings’ (self-perceived) and “COVID-19 risk as anaysis’
(LCA-based assessment), we recorded a significant negative
agreement between self-perceived risk and LCA-based
segmentation of COVID-19 risk (k=—0.218, SD 0.067; P<.01).
Consequently, participants with poor knowledge, attitude,
preventive practice, and high misconception who claimed not
to be at risk of COVID-19 infection were reported to be 3-5
times more at risk of contracting COVID-19 when assessed
using LCA. These measures also had significant effect sizesin
determining the probability of latent class membership.
Although risk perceptions influence individual protective
behaviors [17,34], our findings indicate that an individual’s
perception of risk may not necessarily correlate positively with
the actual analyzed risk. A pessimistic bias, that is, perceptions
of risk that are (much) higher than the actual risk, ismorelikely
for new risks such as COVID-19 that are perceived as
uncontrollable [35].

LCA was considered appropriate for understanding and
exploring the meaning behind risk perceptions in our study
population. Threat appraisal and risk perception are essential
determinants of the public’swillingness to cooperate and adopt
health-protective behaviors during pandemics, including
frequent handwashing, physical distancing, avoiding public
places, and wearing face masks[36-38]. Theserisk perceptions
guideindividuals' judgments and eval uations of threatsand can
limit public compliance with and response to information that
authorities communicate [4,10,17,18,39]. LCA has been used
to study various issues in vulnerable populations, including
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mental health among Black youth [40], young Malawian adults
with or at risk for HIV [41], and adolescent perceptions of
in-school discrimination [42].

Of all the measures included in our multivariable model, only
knowledge, attitude, and perceived need for COVID-19
information were significant predictors of COVID-19 preventive
practices among the participants. Previous studies have also
documented the associations between the KAP indices in this
population [14]. However, it was surprising that participants
who experienced the COVID-19 information gap were about 4
times more likely to have good preventative practices against
the disease. This suggests that public health messages by the
Nigeria Center for Disease Control and other governmental
agencies may have been responsible for a positive behavioral
change toward risk aversion during the early stage of the
COVID-19 pandemic [3,16]. Residents of Onitsha, like many
others worldwide, were faced with anew and unfamiliar health
threat that could result in deaths, coupled with the fact that
information on the disease was initialy limited and changed
more often with time. Fear of the unknown has been associated
with the absence of information and, when encountered in
sufficiently predictable and controllable contexts, could facilitate
positive responses [43,44]. This may have been the case in our
study population.

The intersection of self-perceived COVID-19 risk, LCA most
likely risk clusters, perceived preparedness, and preventive
practice indicates that most participants who self-perceived
themselves as not being at risk of COVID-19 and had poor
preventive practices (carefree ones) were noted to be at a very
high risk of contracting COVID-19 infection when assessed
using LCA. This make-belief may have brought about
complacency on the public part, enforced by false or misleading
COVID-19 narratives promoted by some groups to discredit
legitimate public health measures [45]. The advent of social
mediaand web-based platforms, which provide afertile medium
for disinformation to flourish, has been widely acknowledged
as a threat to global efforts toward ending the pandemic
[15,16,40]. This situation raisesimportant concerns, especially
in Africa, where the fragile health systems put additional
pressure on preparedness and effective pandemic response
efforts. However, our study noted that all the participants who
claimed nonpreparedness but the likelihood of being somewhat
at risk of COVID-19 accurately matched the LCA-based
assessment classification as prudent or low-risk takers. People
who perceive greater risks are believed to be more motivated
toimplement protective behaviors[10,17,18]. Effortsto improve
pandemic preparedness and responseto the next pandemic might
benefit from greater investment in risk communication and
community engagement and in devel oping strategiesto counter
misinformation and boost individuals confidence in public
health guidance [15,16,39,44-46]. Sincelatent class membership
helps explain the patterns of individuals' scores on theindicator
variables used to derive the classes, the L CA solutionstherefore
represent typologies that can help researchers and practitioners
understand commonalities and differences across individuals,
which have implications for both practice and future research
[21].
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Strengthsand Limitations

Thisstudy’sfindings should be interpreted with caution because
of some limitations. This study is a secondary data analysis
based on a cross-sectional study conducted during the early
onset of the COVID-19 pandemic using a nonprobability
convenience sampling method with a small sample size.
Therefore, the data may be subject to sampling and potential
response biases due to socia desirability and unobserved
confounding, leading to nonrepresentativeness of the population
and possibly overestimating the direction and strength of
associations. Similarly, the use of LCA is limited by the fact
that individual s are assigned to classes based on the probability
of likely cluster membership predicated on the scores of the
indicator variables [21]. As a result, the exact number or
percentage of class memberships cannot be guaranteed due to
some level of misclassifications. Further, the complexity of the
classes may inadvertently engage in a naming fallacy, wherein
the class name does not accurately reflect the class membership
[21]. Therefore, from the foregoing situation, definite causality
cannot be inferred, and the generalizability of our findings is
limited. The government intervention’s role in messaging may
also haveimpacted an individual’srisk assessment and response
to preventive care practices [3]. Finadly, it is essential to note
that the availability and uptake of the COVID-19 vaccinesmore
than 2 years after the data used in this study were collected may
have decreased self-perceived risk and adherenceto COVID-19
preventive measures over time [47].

Despite these limitations, our study’s strength lies in applying
latent class segmentation analysis to reveal important insights
into the relationships between behavioral measures and
COVID-19 infection risk. Although self-report may not allow
for the assessment of actual behavior due to social desirability,
the application of LCA allowed for culturally competent and
context-specific risk classification, which may be particularly
useful inidentifying subgroups of individualswho could benefit
from a common intervention based on their shared
characteristics [21,23]. Data used for this study were collected
during the early phase of the COVID-19 pandemic and, thus,
provide rich baseline information that could be used by public
health authorities to assess COVID-19 response efforts or for
current and future pandemic intervention planning.

Conclusion

The LCA clustering patterns highlight theimpact of modifiable
risk behaviors on COVID-19 preventive practices, which can
provide strong empirical support that may encourage behavior
change, especially during the COVI1D-19 pandemic or any future
outbreak of similar infectious diseases. Consequently, clusters
with individuals at high risk of contracting COVID-19 would
benefit from multicomponent interventionsdelivered in diverse
settings to improve the population response to the COVID-19
pandemic. Thisfinding may also offer cliniciansthe opportunity
to refer their patients at high risk of contracting the disease to
social workers or psychologists for behavioral counseling. In
addition, understanding the role of risk perceptionsin motivating
people to engage in preventive behavior by public health
authorities may also help with intervention program planning
and designing evidence-based risk communication strategies.

Online J Public Health Inform 2023 | vol. 15 | 50967 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

ONLINE JOURNAL OF PUBLIC HEALTH INFORMATICS Mgbereet a

Data Availability
Datafor this study can be made available upon reasonabl e request from the corresponding author.

Authors Contributions

OM contributed to conceptualization, project administration, data curation, methodology, formal analysis, validation, visualization,
writing theoriginal draft, reviewing, and editing. Sl contributed to conceptuaization, project administration, resources, methodol ogy,
data curation, validation, reviewing, and editing. 'Y, N-JRI, SG, and EJE contributed to validation, reviewing, and editing. All
authors read and approved the final version of the manuscript submitted for publication.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Demographic characteristics of the study population.
[PNG File, 37 KB-Multimedia Appendix 1]

References

1.  WHO. WHO coronavirus disease (COVID-19) dashboard. WHO. 2020 Nov 3;10(1):1-3 [doi: 10.46945/bpj.10.1.03.01]

2. How to protect yourself and others. Centersfor Disease Control and Prevention. 2020 May 08. URL : https.//www.cdc.gov/
coronavirus/2019-ncov/prevent-getting-sick/prevention.html [accessed 2023-09-26]

3. Yunusal, lloanusi S, Mgbere O, lloanusi NR, Ajayi Al, Essien EJ. Public opinion regarding government response to
COVID-19: case study of alarge commercial city in Nigeria. Pan Afr Med J. 2021;38:282 [FREE Full text] [doi:
10.11604/pam].2021.38.282.26361] [Medline: 34122709]

4.  Cori L, Bianchi F, Cadum E, Anthonj C. Risk perception and COVID-19. Int J Environ Res Public Health. 2020 Apr
29;17(9):3114 [FREE Full text] [doi: 10.3390/ijerph17093114] [Medline: 32365710]

5. Munich security conference. WHO. 2020. URL.: https.//www.who.int/dg/speeches/detail/munich-security-conference
[accessed 2020-03-30]

6. ChouWS, Oh A, Klein WMP. Addressing health-related misinformation on social media. JAMA. 2018 Dec
18;320(23):2417-2418 [doi: 10.1001/jama.2018.16865] [Medline: 30428002]

7. Moorhead SA, Hazlett DE, Harrison L, Carroll JK, Irwin A, Hoving C. A new dimension of health care: systematic review
of the uses, benefits, and limitations of social mediafor health communication. JMed Internet Res. 2013 Apr 23;15(4):e85
[EREE Full text] [doi: 10.2196/jmir.1933] [Medline: 23615206]

8. TheLancet. COVID-19: fighting panic with information. The Lancet. 2020 Feb;395(10224):537 [doi:
10.1016/s0140-6736(20)30379-2]

9.  Mohammed M, Shaaban A, Jatau Al, Yunusal, IsaAM, Wada AS, et al. Assessment of COVID-19 information overload
among the general public. JRacial Ethn Health Disparities. 2022 Feb;9(1):184-192 [FREE Full text] [doi:
10.1007/s40615-020-00942-0] [Medline: 33469869]

10. Nshakira-Rukundo E, Whitehead A. Changing perceptions about COVID-19 risk and adherence to preventive strategies
in Uganda: Evidence from an online mixed-methods survey. Sci Afr. 2021 Nov;14:e01049 [FREE Full text] [doi:
10.1016/j.sciaf.2021.e01049] [Medline: 34805650]

11. Gilbert M, Pullano G, Pinotti F, Valdano E, Poletto C, Boélle P, et al. Preparedness and vulnerability of African countries
against importations of COVID-19: a modelling study. The Lancet. 2020 Mar;395(10227):871-877 [doi:
10.1016/s0140-6736(20)30411-6]

12. Lady-Franca OC. Induction strategy of Igbo entrepreneurs and micro-business success: A study of household equipment
line, main market Onitsha, Nigeria. Acta Universitatis Sapientiae, Economics and Business. (1). 2016;4:43-65 [doi:
10.1515/auseb-2016-0003]

13. Onitsha. Wikipedia. URL: https://en.wikipedia.org/wiki/Onitsha [accessed 2021-11-17]

14. lloanus NR, lloanus S, Mgbere O, Ajayi A, Essien EJ. COVID-19 related knowledge, attitude and practicesin a Southeastern
City in Nigeria: A cross-sectional survey. SSRN Journal. 2020 Sep 15:1-24 [doi: 10.2139/ssrn.3683766]

15. lloanusi S, Mgbere O, lloanusi NR, Yunusal, Essien EJ. COVID-19 related misconceptions and prevention practices among
the public in a southeastern city in Nigeria. Int J Transl Med Res Public Health. 2021 Aug 14;5(2):149-159 [doi:
10.21106/ijtmrph.362]

16. lloanusi N, lloanusi S, Mgbere O, Ajayi A, Essien E. PIN34 COVID-19 related knowledge, attitude and practicesin a
southeastern city in Nigeria: a cross-sectional survey. Value in Health. 2021 Jun;24:S111-S112 [doi:

10.1016/j.jval.2021.04.1222]

https://ojphi.jmir.org/2023/1/e50967 Online J Public Health Inform 2023 | vol. 15 | €50967 | p. 11
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=ojphi_v15i1e50967_app1.png&filename=eea51b833258de4527315ee0fc6bd7b8.png
https://jmir.org/api/download?alt_name=ojphi_v15i1e50967_app1.png&filename=eea51b833258de4527315ee0fc6bd7b8.png
http://dx.doi.org/10.46945/bpj.10.1.03.01
https://www.cdc.gov/coronavirus/2019-ncov/prevent-getting-sick/prevention.html
https://www.cdc.gov/coronavirus/2019-ncov/prevent-getting-sick/prevention.html
https://europepmc.org/abstract/MED/34122709
http://dx.doi.org/10.11604/pamj.2021.38.282.26361
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34122709&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph17093114
http://dx.doi.org/10.3390/ijerph17093114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32365710&dopt=Abstract
https://www.who.int/dg/speeches/detail/munich-security-conference
http://dx.doi.org/10.1001/jama.2018.16865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30428002&dopt=Abstract
https://www.jmir.org/2013/4/e85/
http://dx.doi.org/10.2196/jmir.1933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23615206&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(20)30379-2
https://europepmc.org/abstract/MED/33469869
http://dx.doi.org/10.1007/s40615-020-00942-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33469869&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2468-2276(21)00350-1
http://dx.doi.org/10.1016/j.sciaf.2021.e01049
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34805650&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(20)30411-6
http://dx.doi.org/10.1515/auseb-2016-0003
https://en.wikipedia.org/wiki/Onitsha
http://dx.doi.org/10.2139/ssrn.3683766
http://dx.doi.org/10.21106/ijtmrph.362
http://dx.doi.org/10.1016/j.jval.2021.04.1222
http://www.w3.org/Style/XSL
http://www.renderx.com/

ONLINE JOURNAL OF PUBLIC HEALTH INFORMATICS Mgbereet a

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

Bruine de Bruin W, Bennett D. Relationships between initial COVID-19 risk perceptions and protective health behaviors:
anational survey. Am JPrev Med. 2020 Aug;59(2):157-167 [ FREE Full text] [doi: 10.1016/j.amepre.2020.05.001] [Medline:
32576418]

Fischhoff B. Risk perception communication. In: Risk Analysis and Human Behavior. London, UK. Routledge; 2012.
Demographiaworld urban areas. Demographia. 2019. URL : http://www.demographia.com/db-worldua.pdf [accessed
2023-09-26]

CoallinsLM, Lanza ST. Latent Class and Latent Transition Analysis: With Applicationsin the Social, Behavioral, and
Health Sciences. 111 River St, USA. Wiley; 2010.

Weller BE, Bowen NK, Faubert SJ. Latent class analysis: A guide to best practice. Journa of Black Psychology. 2020 Jun
05;46(4):287-311 [doi: 10.1177/0095798420930932]

Kukreti S, Yu T, Chiu PW, Strong C. Clustering of modifiable behavioral risk factors and their association with all-cause
mortality in Taiwan's adult population: alatent class analysis. Int JBehav Med. 2022 Oct;29(5):565-574 [FREE Full text]
[doi: 10.1007/s12529-021-10041-x] [Medline: 34775543]

Muthen B, Muthen L. Integrating person-centered and variable-centered analyses: growth mixture modeling with latent
trajectory classes. Alcoholism Clin Exp Res. 2000 Jun;24(6):882-891 [FREE Full text] [doi:
10.1111/j.1530-0277.2000.tb02070.X]

von EIm E, Altman DG, Egger M, Pocock SJ, Getzsche PC, Vandenbroucke JP, et al. STROBE I nitiative. The Strengthening
the Reporting of Observational Studiesin Epidemiology (STROBE) Statement: guidelines for reporting observational
studies. Int J Surg. 2014 Dec;12(12):1495-1499 [FREE Full text] [doi: 10.1016/j.ijsu.2014.07.013] [Medline: 25046131]
STROBE statement—Checklist of items that should be included in reports of cross-sectional studies. Equator-Network.
URL : https://www.equator-network.org/wp-content/upl 0ads/2015/10/STROBE_checklist_v4_cross-sectional.pdf [accessed
2023-02-13]

Austrian K, Pinchoff J, Tidwell JB, White C, Abuya T, KangwanaB, et al. COVID-19-related knowledge, attitudes, practices
and needs of households in informal settlementsin Nairobi, Kenya. Lancet Global Health. 2020:2020 [doi:
10.2139/ssrn.3576785]

Zhong B, LuoW, Li H, Zhang Q, Liu X, Li W, et al. Knowledge, attitudes, and practicestowards COV1D-19 among Chinese
residents during the rapid rise period of the COVID-19 outbreak: a quick online cross-sectional survey. Int JBiol Sci.
2020;16(10):1745-1752 [FREE Full text] [doi: 10.7150/ijbs.45221] [Medline: 32226294]

Jose R, Narendran M, Bindu A, Beevi N, Benny PV. Public perception and preparedness for the pandemic COVID 19: A
Health Belief Model approach. Clin Epidemiol Glob Health. 2021;9:41-46 [FREE Full text] [doi: 10.1016/j.cegh.2020.06.009]
[Medline: 33521389]

LinS, MaC, LinR, Huang J, Xu R, Yuan A. Research on the influence of information diffusion on the transmission of the
novel coronavirus (COVID-19). medRxiv. Preprint posted online on April 2, 2020. [doi: 10.1101/2020.03.31.20048439]
Zhan X, LiuC, Zhou G, Zhang Z, Sun G, Zhu JJ, et a. Coupling dynamics of epidemic spreading and information diffusion
on complex networks. Appl Math Comput. 2018 Sep 01;332:437-448 [ FREE Full text] [doi: 10.1016/j.amc.2018.03.050]
[Medline: 32287501]

Funk S, Gilad E, Watkins C, Jansen VAA. The spread of awareness and itsimpact on epidemic outbreaks. Proc Natl Acad
Sci U SA. 2009 Apr 21;106(16):6872-6877 [FREE Full text] [doi: 10.1073/pnas.0810762106] [Medline: 19332788]
Reluga TC. Game theory of social distancing in response to an epidemic. PLoS Comput Biol. 2010 May 27;6(5):€1000793
[FREE Full text] [doi: 10.1371/journal.pchi.1000793] [Medline: 20523740]

Bavel JJV, Baicker K, Boggio PS, Capraro V, Cichocka A, CikaraM, et al. Using social and behavioural science to support
COVID-19 pandemic response. Nat Hum Behav. 2020 May;4(5):460-471 [doi: 10.1038/s41562-020-0884-7] [Medline:
32355299

van der Pligt J. Risk perception and self-protective behavior. European Psychologist. 1996 Jan;1(1):34-43 [doi:
10.1027/1016-9040.1.1.34]

deZwart O, Veldhuijzen IK, Elam G, Aro AR, Abraham T, Bishop GD, et al. Perceived threat, risk perception, and efficacy
beliefsrelated to SARS and other (emerging) infectious diseases: results of an international survey. Int JBehav Med.
2009;16(1):30-40 [FREE Full text] [doi: 10.1007/s12529-008-9008-2] [Medline: 19125335]

Poletti B, Ajelli M, Merler S. The effect of risk perception on the 2009 H1N1 pandemic influenza dynamics. PLoS One.
2011 Feb 07;6(2):€16460 [ EREE Full text] [doi: 10.1371/journal .pone.0016460] [Medline: 21326878]

van der Weerd W, Timmermans DR, Beaujean DJ, Oudhoff J, van Steenbergen JE. Monitoring the level of government
trust, risk perception and intention of the general public to adopt protective measures during the influenza A (H1IN1)
pandemic in The Netherlands. BMC Public Health. 2011 Jul 19;11:575 [FREE Full text] [doi: 10.1186/1471-2458-11-575]
[Medline: 21771296]

Rudisill C. How do we handle new health risks? Risk perception, optimism, and behaviors regarding the HIN1 virus.
Journal of Risk Research. 2013 Sep;16(8):959-980 [doi: 10.1080/13669877.2012.761271]

Anna-Leenal, Juss S, Katja S, Taneli P, Mika S. Understanding coronavirus disease (COVID-19) risk perceptions among
the public to enhance risk communication efforts: a practical approach for outbreaks, Finland, February 2020. Euro Surveill.
2020;25(13):a[FREE Full text] [doi: 10.2807/1560-7917.es.2020.25.13.2000317]

https://ojphi.jmir.org/2023/1/e50967 Online J Public Health Inform 2023 | vol. 15 | €50967 | p. 12

(page number not for citation purposes)


https://europepmc.org/abstract/MED/32576418
http://dx.doi.org/10.1016/j.amepre.2020.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32576418&dopt=Abstract
http://www.demographia.com/db-worldua.pdf
http://dx.doi.org/10.1177/0095798420930932
https://europepmc.org/abstract/MED/34775543
http://dx.doi.org/10.1007/s12529-021-10041-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34775543&dopt=Abstract
https://doi.org/10.1111/j.1530-0277.2000.tb02070.x
http://dx.doi.org/10.1111/j.1530-0277.2000.tb02070.x
https://boris.unibe.ch/id/eprint/55059
http://dx.doi.org/10.1016/j.ijsu.2014.07.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25046131&dopt=Abstract
https://www.equator-network.org/wp-content/uploads/2015/10/STROBE_checklist_v4_cross-sectional.pdf
http://dx.doi.org/10.2139/ssrn.3576785
https://europepmc.org/abstract/MED/32226294
http://dx.doi.org/10.7150/ijbs.45221
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32226294&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2213-3984(20)30166-4
http://dx.doi.org/10.1016/j.cegh.2020.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33521389&dopt=Abstract
http://dx.doi.org/10.1101/2020.03.31.20048439
https://europepmc.org/abstract/MED/32287501
http://dx.doi.org/10.1016/j.amc.2018.03.050
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32287501&dopt=Abstract
https://europepmc.org/abstract/MED/19332788
http://dx.doi.org/10.1073/pnas.0810762106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19332788&dopt=Abstract
https://dx.plos.org/10.1371/journal.pcbi.1000793
http://dx.doi.org/10.1371/journal.pcbi.1000793
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20523740&dopt=Abstract
http://dx.doi.org/10.1038/s41562-020-0884-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32355299&dopt=Abstract
http://dx.doi.org/10.1027/1016-9040.1.1.34
https://europepmc.org/abstract/MED/19125335
http://dx.doi.org/10.1007/s12529-008-9008-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19125335&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0016460
http://dx.doi.org/10.1371/journal.pone.0016460
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21326878&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-575
http://dx.doi.org/10.1186/1471-2458-11-575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21771296&dopt=Abstract
http://dx.doi.org/10.1080/13669877.2012.761271
https://doi.org/10.2807/15607917.ES.2020.25.13.2000317
http://dx.doi.org/10.2807/1560-7917.es.2020.25.13.2000317
http://www.w3.org/Style/XSL
http://www.renderx.com/

ONLINE JOURNAL OF PUBLIC HEALTH INFORMATICS Mgbereet a

40.

41.

42.

43.

44,

45,

46.

47.

Rose T, Lindsey MA, Xiao Y, Finigan-Carr NM, Joe S. Mental health and educational experiences among Black youth: A
latent classanalysis. J Youth Adolesc. 2017 Nov;46(11):2321-2340 [doi: 10.1007/s10964-017-0723-3] [Medline: 28755250]
Weller B, Small E. Profiles of risk for HIV/AIDS among young Malawian adults: understanding behavioral intentions.
Sexuality & Culture. 2015 May 15;19(4):685-696 [FREE Full text] [doi: 10.1007/s12119-015-9289-y]

Byrd C, Carter Andrews DJ. Variationsin students' perceived reasonsfor, sources of, and forms of in-school discrimination:
A latent class analysis. J Sch Psychol. 2016 Aug;57:1-14 [doi: 10.1016/j.jsp.2016.05.001] [Medline: 27425562]

Carleton RN. Into the unknown: A review and synthesis of contemporary models involving uncertainty. J Anxiety Disord.
2016 Apr;39:30-43 [FREE Full text] [doi: 10.1016/j.janxdis.2016.02.007] [Medline: 26945765]

Rubin GJ, Aml6t R, Page L, Wessely S. Public perceptions, anxiety, and behaviour change in relation to the swine flu
outbreak: cross sectional telephone survey. BMJ. 2009 Jul 02;339:b2651 [FREE Full text] [doi: 10.1136/bmj.b2651]
[Medline: 19574308]

Wang Y, Bye J, BalesK, Gurdasani D, Mehta A, Abba-Aji M, et al. Understanding and neutralising COVID-19
misinformation and disinformation. BMJ. 2022 Nov 22;379:e070331 [doi: 10.1136/bmj-2022-070331] [Medline: 36414251]
Edwards AM, Baric RS, Saphire EO, Ulmer JB. Stopping pandemics beforethey start: Lessonslearned from SARS-CoV-2.
Science. 2022 Mar 11;375(6585):1133-1139 [doi: 10.1126/science.abn1900] [Medline: 35271333]

Nicolo VD, Villari P, Vito CD. Impact of COVID-19 vaccination on risk perception: a cross-sectional study on vaccinated
people. European Journal of Public Health. 2022 Oct 03;32(3):ckac129.664 [doi: 10.1093/eurpub/ckac129.664]

Abbreviations

aOR: adjusted odds ratio

KAP: knowledge, attitude, and practice

LCA: latent classanaysis

STROBE: Strengthening The Reporting of Observational studiesin Epidemiology

Edited by T Leung, E Mensah; submitted 18.07.23; peer-reviewed by YH Li, P Masurka; commentsto author 18.07.23; revised version
received 13.08.23; accepted 07.09.23; published 24.10.23

Please cite as:

Mgbere O, lloanusi S Yunusal, [loanusi NJR, Gohil S, Essien EJ

Intersection of Perceived COVID-19 Risk, Preparedness, and Preventive Health Behaviors. Latent Class Segmentation Analysis
Online J Public Health Inform 2023; 15:e50967

URL: https://ojphi.jmir.org/2023/1/€50967

doi: 10.2196/50967

PMID: 38046563

©0saro Mgbere, Sorochi Iloanusi, Ismaeel Yunusa, Nchebe-Jah R lloanusi, Shrey Gohil, Ekere James Essien. Originally published
in the Online Journal of Public Health Informatics (https://ojphi.jmir.org/), 24.10.2023. Thisis an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the Online Journal
of Public Health Informatics, is properly cited. The complete bibliographic information, a link to the original publication on
https://ojphi.jmir.org/, as well as this copyright and license information must be included.

https://ojphi.jmir.org/2023/1/e50967 Online J Public Health Inform 2023 | vol. 15 | 50967 | p. 13

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1007/s10964-017-0723-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28755250&dopt=Abstract
https://doi.org/10.1007/s12119-015-9289-y
http://dx.doi.org/10.1007/s12119-015-9289-y
http://dx.doi.org/10.1016/j.jsp.2016.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27425562&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0887-6185(16)30025-1
http://dx.doi.org/10.1016/j.janxdis.2016.02.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26945765&dopt=Abstract
https://europepmc.org/abstract/MED/19574308
http://dx.doi.org/10.1136/bmj.b2651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19574308&dopt=Abstract
http://dx.doi.org/10.1136/bmj-2022-070331
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36414251&dopt=Abstract
http://dx.doi.org/10.1126/science.abn1900
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35271333&dopt=Abstract
http://dx.doi.org/10.1093/eurpub/ckac129.664
https://ojphi.jmir.org/2023/1/e50967
http://dx.doi.org/10.2196/50967
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38046563&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

