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The study sought to compare two-item response theory (IRT) models, the Rasch
and 2PL models, and to uncover insights on COVID-19 knowledge and attitude
item difficulty and discrimination among university students. We premise this
study on ITM to argue that logical flow, degree of difficulty, and discrimination of
items for the constructs among respondents contribute to the validity and quality
of statistical inferences. The developed Rasch and 2PL models are compared
to determine the difficulty and discrimination of knowledge and attitude items,
with an application to COVID-19. Our results show that although the Rasch and
2PL models provide rich diagnostic tools to understand multiple traits, the 2PL
model provides more robust results for the assessment of knowledge and attitude
of students about the COVID-19 epidemic. Moreover, of the two constructs,
the items for the attitude construct recieved more reliable responses than the
knowledge construct items. Accordingly, under any pandemic, the lack of proper
and evolving knowledge could have dire consequences; hence, strict efforts
should be made while designing knowledge items.
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1 Introduction

Often times, lack of sufficient information about a disease, especially a pandemic creates
panic and various misconceptions in society, thus causing preventable losses. These effects
may not be uniform across communities and thus differ based on the amount of information
and enlightenment about the disease. The world has recently faced one of the worst
epidemic ever in history, which affected lives and livelihoods of all communities [1, 2]. It
was noted, however, that the infection and effect rates have also been different based on
the demographic, health, and socio-economic characteristics [3-5]. Two main constructs
of interest have been knowledge and attitude about the COVID-19 pandemic. One could
argue that the multiplicative effect of COVID-19 in communities, including its spread and
mortality was highly associated with knowledge and attitude. Realizing the significance of
information, many countries developed COVID-19 data portals and information sources
under their ministries of health that kept communities updated about the disease and its
evolution. Research targeting the assessment of knowledge and attitude about COVID-19
have been conducted at various levels. However, the questions of construction of items,
their logical flow, level of difficulty or simply level of easiness, and ability to respond to
such items are rarely given their deserved attention. To accomplish the aim of this study,
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we sought to determine COVID-19 knowledge and attitude among
the university students whose education was been greatly impacted
in various ways [6, 7].

The heterogeneity of responses is a typical source of variation
that deserves being accounted for in a statistical response model [8,
9]. Differences between respondents were modeled via a probability
distribution, and inferences have been made with respect to
population distribution.

The item response theory (IRT) also known as the latent
response theory refers to a family of mathematical models
concerned with the measurement of a hypothetical construct that
is latent and can only be measured indirectly via the measurement
of other manifest variables [10, 11]. The IRT models attempt to
explain the relationship between latent traits, the unobservable
characteristic or attribute, for example, knowledge and attitude,
and their manifestations (that is, observed outcomes, responses, or
performance). This hypothetical construct is a latent variable and
often represents the ability, skill, or more generally a latent person
characteristic that the items measure. The latent variable can also be
called an ability parameter as a generic name for the latent construct
that is measured by the items and is usually denoted as 6. In other
words, the ability of the person (0) is the probability of providing
the correct answer for that item. The higher the individual’s ability,
the higher is the probability of a correct response. When the
latent variable refers to a person characteristic such as ability or
proficiency, it is also called a person parameter or item difficulty.
The parameter or item difficulty determines the manner of which
the item behaves along the ability scale.

There are two key assumptions we considered in item response
theory for our study. The first assumption was that a change in
the latent variable leading to a change in the probability of a
specified response is completely described by the item characteristic
curve (ICC), item characteristic function, or trace line. This ICC
specifies how the probability of an item response change due to
the latent variable. On an ICC, items that are difficult to endorse
are shifted to the right of the scale, indicating the higher the
ability of the respondents who endorse it correctly, while those,
which are easier, are more shifted to the left of the ability scale.
Different mathematical forms of the item characteristic curves lead
to different item response models. For dichotomous responses, the
probability of a success are modeled as a function of item and
person parameters [12]. The second assumption we considered was
that responses to a pair of items are statistically independent when
the underlying latent variable is held constant.

Therefore, in this study, we sought to propose item response
model to examine the level of difficulty of items that measure
knowledge and attitude among university students, with an
application on the recent COVID-19 pandermic. The study is
premised on the fact that recently many studies have focused
on measuring knowledge, attitude, and practices for the COVID-
19 pandemic [13]. These studies greatly contribute to reduce
stigmatization as well as promote general understanding, control,
and reduction of high morbidity and mortality among the
populations. Our study is structured as follows: section one was
dedicated to providing an introduction to item response theory,
problem statement, and research contribution. In section two,
we describe the methods, including item response models, item
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difficulty estimation using the maximum likelihood estimation
(MLE) and marginal maximum likelihood estimation (MMLE),
item information measures, and data source. In section three,
we present results of our application on measuring knowledge
and attitude constructs for students about COVID-19. And in
section five, we deduce important summary of the results and draw
conclusions.

2 Methods

The methodology is organized in a way such that the item
response (IR) models are presented first, followed by estimation of
parameters for the ability of the students to respond, specifically
employing the MLE and MMLE, information by item, efficiency
measures, and a brief description of the data source.

2.1 Item response models

A random vector of K responses with observed values y; =
(yi1,- -+ »yix) of an individual student indexed i with ability
parameter 6;, and the assumption of local independence is

K
P(yil6:) = P(yn163) - - - P(yn|6:) = [ [ P(yin 164) (1)
k=1

There is one latent variable underlying the observed responses
when local independence holds, and after conditioning on this
latent variable, the observed responses were assumed to be
independent.

In this study, we developed IRT to estimate knowledge and
attitude of university students about COVID-19 so as to contribute
toward alleviation of consequences and impacts caused due to
COVID-19 [14].

The binary item response, one-parameter response model,
provides the probability of a correct response for individual student
i with ability level 6; and item difficulty parameter by as

0=

P(Yjx = 1163, b) = 110

2

An important feature is that the ICCs are parallel to one another
was derived from the Rasch model to represent and compare
student’s ability level. The interpretation of which is that an increase
in ability leads to the same increase in the probability of success
to respond correctly about the knowledge items. Furthermore, if
items are well constructed, they would discriminate in the same
way between success probabilities for related ability levels of the
students.

Moreover, adding a discrimination parameter aj creates a two-
parameter model, which as a result, generates an ICC with a slope
parameter ag. This implies that the items would no longer be
equally related to the ability parameter to respond to the knowledge
items.
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elakf—by)

P(Yj = 116, ax, by) = (3)

1 + elaxt—br)
Moreover, it is known, especially due to various reasons among
students that a good percentage of the items could be through
guess work. Thus, we added a guessing parameter ¢, creating a
three-parameter model, as described in Equation (4).

1 —cx

P(Yj = 116;, ag, b, o) = i + T o)

(4)

It can be shown that when ¢, = 0, this three-parameter model
reduces to the two-parameter model. However, for ¢, > 0, the
interpretation of by is changed. In the three-parameter model, the
proportion responding correctly at z—: equals % + ¢k, and in the two-

parameter model, Z—i the value of 6; at which the student respondent

has a probability 1 of responding correctly to the COVID-19
knowledge items.

2.2 The Rasch model

Similar to the 1-parameter model, the Rasch model [15-17]
has been defined to provide the probability of a correct response
for an individual student i with ability level 6; and item difficulty
parameter by as in Equation (5):

Da6—b;)
PiO) = T (5)
which translates to Equation (6)
e —Bi)
where ¥ = Daf and B; = Dab; are measures of ability

and difficulty, respectively. We noted that both of these parameters
are important in obtaining accurate and realistic measures for the
student’s knowledge and attitude about the COVID-19 pandermic.
The odds of success were measured by

Pu 6
1-Py, b}
accordingly
9*
Py = —2
ia 9; T bT

where, 07 = ePa% and bl’f = Dabi,

This is a special case of the Birnbaum’s three-parameter
model (3PLM), where all items have equal discriminating power
and minimal guessing, which is inevitable, especially among
students. The Rasch model is known to be robust with respect
to departures of model assumptions, usually observed in actual
test COVID-19 data, which is surrounded by uncertainties. With
fewer items, it is easy to estimate and present with limited
estimation problems, usually present in the knowledge and
attitude questions.
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2.3 Estimation of students’ ability using the
MLE

The basic problem was to determine item and ability
parameters from the knowledge and attitude items regarding
COVID-19 given survey data from university students. We describe
the MLE as in the estimation procedure.

Let P(U;|60) be the probability that a student with ability 0
correctly scores a response U; on item i where

1 correct reponse

0 otherwise

P(Ui|0) = P(U; = 110)VP(U; = 06)' Y
=P/ —P"Y) (7)
=P(Q™"

If the uni-dimensional latent space is complete, then the local
independence holds, thus for given ability, the joint probability of

responses Uy, - - - , Uy is

P(Uy, -« -, Uplf) = P(U116) - - - P(Up|6)

=[[rwile)
i=1

n
Ui Ui\(1-U;
=]]r"a—p/H0-
i=1

This transforms into a likelihood function, which gives the
value of the student’s ability and generates the greatest probability
for the observed response pattern.

n
L(uy, - upl0) = [ [ P2 = P ©)
i=1

If 0, is the m™ approximation to the MLE 6, after convergence,
0 estimates @ using Equation (10):

. [[;glnL(uw)]m

L am (10)
LinLuio)]

2.4 Properties of maximum likelihood
estimator

We describe the maximum likelihood estimators (MLEs)
because under general conditions, they present with the following
important properties, that is:

1. consistent, since as the sample size and number of items
increase, the estimators converge to the true values.

2. functions of sufficient statistics when sufficient statistics exist,
implying that the sufficient statistics contain all the information
about the parameter.
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. efficient, meaning that asymptotically the MLEs have the
smallest variance.

. they are asymptotically normally distributed. Thus, for the
Rasch model,

6~N (9([19)}1 ZDZP,I—P,>

This implies that, similar to for the one-parameter logistic
model, the Rasch model for the number of correct COVID-19 score
is a sufficient statistics for the ability 6.

2.5 Properties of marginal maximum
likelihood estimator

The marginal maximum likelihood estimators (MMLEs) of the
structural parameters are those values that maximize the marginal
likelihood function. Darrell Bock and Lieberman [18] provided
marginal maximum likelihood estimators of the parameters for
the two-parameter model. Under the MMLE, we assumed that the
ability distribution was normal with zero mean and unit variance
and integrated over # numerically. The resulting equations were
then solved iteratively. The basic problem with this approach
is that the marginal likelihood function has to be evaluated
over the 2" response patterns. This restricts the application of
the estimation procedure to the case where there were only
10-12 items. Previously, Bock and Aitkin [19] improved the
procedure considerably by characterizing the distribution of ability
empirically and employing a modification of the expectation-
maximization (EM) algorithm. Thissen [20] adopted this procedure
to obtain marginal maximum likelihood estimators in the Rasch
model. The marginal maximum likelihood procedure, in the Rasch
model, yields comparable results to the conditional estimation
procedure [20]. However, since the complex elementary symmetric
functions are not required, the marginal procedure appears to be
more effective than the conditional procedure.

Given that the probability of a student respondent a obtaining
the response vector of items, U, is

P(U|0, a, b, ¢) Ui

n
Ui
=[]r/a-p
i=1

=[]p"a - P)'"Yig®)

i=1

P(U,6|a,b,c) (11)

P(Ula,b,c) = /00 pr]f(l — Pi)(l—Ui)g(g)d(g) =m, (12

i=1

where 7, is the unconditional or marginal probability of
obtaining response pattern u. Therefore, there are 2" response
patterns in all for n binary items. If we let #* denote the number
of students obtaining response pattern u, then

2}’1

T,

L 1_[ T,
u=1
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2Yl
InL=c+r, Zl}’!ﬂu

u=1

(14)

where ¢ is a constant, and the marginal maximum likelihood
estimators are obtained by differentiating InL with respect to
parameters a, b, ¢ and solving the resulting likelihood functions.

2.6 Information by item
The amount of information provided by each item is given by

10, b;) = PO, b;)(1 — P(6, b))

We noticed that the amount of information at a given student’s
ability level is the inverse of its variance. Hence, the larger
the amount of information provided by the knowledge item,
the greater the precision of the measurement. Items measured
with more precision provide more information. However, the
maximum amount of information would be given when the
probability of answering the knowledge items correctly and
wrongly are equal.

The information function I(9) is defined as

10) = —E 9%InL
- 962
From Equation 9,
alnL dlnL 9P
- = - (15)
00— & 0P 00
Using the product rule,
92InL _ X": dnL oP; N dlnL 8°P;
00> — =\ 9p; ) 90 0P 967
. (16)
3 Z 92InL 2 N alnL 9%P;
- — oP; aP; 962
Incidentally,
dlnl U (1-Up
6 P (1—-D
; i i) (17)
0-InL U,' (1 — Ui)
362 P2 (1-P)?
Note that
E(Ui|0) = P;
E alnL —0
op; ) (18)
v <8zlnL> 1 1 1
op? ) P (1-P)  P(1-P)

Consequently,
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9%InL
roy= ()

- (%)2 L (P)? "
- 1:21 P(1—P) Z Pi(1—Py)

i=1

2.7 Relative precision, relative efficiency,
and efficiency

Relative precision at 6 of the two test models [21]

RP(6) = (0, y1)
L(0,y2)
while efficiency (Eff) is
10, y1)
Eg(y1) = -
FO) 16.9)
and the relative efficiency (RE) is
10, 1)
RE(y1, =
(r1,»2) 16,72)

2.8 Data source

To evaluate the response ability, difficulty, and discrimination
of the items on survey instrument, we used data from a cross-
sectional survey that was conducted to explore mental health
among the university students during the COVID-19 epidemic
and its prevalence-related objectives. The details of the survey
methodology may be obtained [22]. A cross-sectional online
survey was conducted among the students of Sultan Qaboos
University (SQU) in Oman. At the time of the survey, there
were 17,019 registered undergraduate and postgraduate students
in SQU. All the SQU students had access to social media
and institutional e-mail systems. An online semi-structured
questionnaire was developed in both English and Arabic and
hosted via a unique uniform resource locator (URL). The link
to the questionnaire was sent through emails to all students.
An information sheet and a consent form were available on
the first page of the questionnaire. The study was conducted in
accordance with the Declaration of Helsinki. The participants
were informed of the study purpose, ethical electronic consent
was obtained, and they were assured that all the information
provided would be kept confidential and anonymous. A total of
3,180 students clicked on the survey link, but ultimately, 1,915
students provided informed consent and complete responses.
In this study, we extracted variables on two constructs, that
is, knowledge and attitude to compare two models on item
response theory. Tables I, 2 present the questions (items) for
measuring students” knowledge and attitude toward COVID-19,
respectively.
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3 Experimental results

3.1 Descriptive analysis

The 95% simultaneous confidence intervals for individual mean
components /ix for COVID-19 students’ knowledge and attitude
U ¥V k=1,---,Kitems.

The knowledge construct had nine items, and only seven
for the attitude construct. Figure 1, graph (A) and graph (B)
show the 95% confidence intervals of the mean scores for the
knowledge and attitude constructs, respectively. A score close to
one implies a better understanding, and the scores nearer to zero,
indicate poor knowledge and attitude about COVID-19 epidemic.
The 95% confidence intervals for the scores of each item were
small, indicating high precision, regardless of comprehension and
attitude. Under the knowledge construct, Figure 1A items; 3,4,6,7,8
and 9 were well scored (mean scores > 0.75) by the students, while
three scores 1,2 and 5 were poorly scored. It is also clear that under
the attitude construct, Figure 1B, whereas items 1,2,3, and 4 were
well scored (mean score > 0.75), three items 5,6, and 7 were poorly
scored.

3.2 Rasch model estimation using CML

A Rasch model was fitted to the data using a conditional
maximum likelihood (CML) estimation of the item parameters.

Figures 2A, B show the model Beta coefficients derived from
the Rasch model for each item under the knowledge and attitude
constructs, respectively. The coefficients demonstrate difficulty
level of the items. It can be deduced from the Rasch model that
there were two classes of difficulty levels for measuring COVID-19
knowledge and attitudes. Of the nine items for knowledge, three of
them, including items 1, 5, and 2 were difficult and six, that is, items
3,8,6,7,4, and 9 were easy. Similarly, three items, namely, 7, 5, and 6
under the attitude construct were classified as difficult, while items
1,2,3, and 4 in that order were classified as being easy to respond to.

3.3 Item characteristic curves

We sought to understand if students’ had similar abilities in
responding to the knowledge and attitude items regarding COVID-
19. Thus, we plotted the item characteristic curves (ICC) of the
items to illustrate the estimated item parameters.

Figure 3 presents the item characteristic curves, ICC, which
show the probability of responding to an item in the knowledge and
attitude constructs. The upper most curves correspond to the ease
of responding, whereas the lower curves imply that the items were
difficult. Indeed, these findings corroborate well with the models
presented in Figure 2.

3.4 Person-item mapping

A person-item map displays the location of item (and
threshold) parameters as well as the distribution of person
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https://doi.org/10.3389/fams.2023.1328537
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Wesonga et al. 10.3389/fams.2023.1328537

TABLE 1 Variable and description of items on knowledge about COVID-19.

Variable Questions (items) True False

ke19.1 Once a person is infected by COVID-19, the person will surely die.

ke19.2 If you touch a person with COVID-19 infection, you will be surely infected.

ke19.3 Coronavirus can be spread through coughing and sneezing.

ke19.4 Coronavirus infects human body through the mouth, nose, and eyes.

ke19.5 If there is a person infected with COVID-19 in a house/neighborhood, other people in the same house/neighborhood will
surely be infected.

ke19.6 Washing hand frequently by soap and use of sanitizer reduce the risk of infection from COVID-19.

ke19.7 Breathing difficulty is a symptom of COVID-19.

ke19.8 Keeping physical distance from other people can reduce the chances of being infected with Corona virus.

ke19.9 Temperature screening alone is not effective to detect COVID-19.

TABLE 2 Variable and description of items on attitude about COVID-19.

Variable Questions (items) Yes No
acl9.1 Do you think that you can get infected by COVID-19 any time?

acl9.2 Do you think that social distancing is essential to stop the transmission of COVID-19?

acl9.3 Do you think that mask use is essential to protect transmission of COVID-19?

acl9.4 Do you think that traveling is not safe during COVID-19 pandemic?

acl9.5 If yourself got COVID-19, would you keep it secret?

acl9.6 If a member of your family got COVID-19, would you keep it secret?

acl9.7 If you have COVID-19, would you be ashamed or embarrassed?

A Mean Scores

for the COVID-19 knowledge
1.00- °

0.75- o
0.50-

0.25-

Score Scale

U °
000- ? 1 1 1 1 1 1 1 1
kc19.1 kc19.2  kc19.3  kc19.4  kc19.5  kc19.6  kc19.7  kc19.8  kcl19.9
Knowledge ltems

B Mean Scores
for the COVID-19 attitude

[ ] ° °
()
< 0.75- [ ]
@
) 0.50 -
3
A 0.25- T
. . . . " | "
ac19.1 ac19.2 ac19.3 ac19.4 ac19.5 ac19.6 ac19.7

Attitude ltems

FIGURE 1
The 95% Cl of the mean scores for the knowledge (A) and attitude (B) constructs.

parameters along the latent dimension. Person-item maps are  along the whole scale to meaningfully measure the “ability” of all
useful to compare the range and position of the item measure  student-respondents.

distribution (lower panel) to the range and position of the person Findings presented in Figure4 show that students
measure distribution (upper panel). Items should ideally be located ~ ability levels were greatly unbalanced since the items do
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A Rasch Model
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FIGURE 3
Student knowledge and attitude characteristic curves.

not cover the whole spectrum. The knowledge construct
seems not to have adequately measured the ability levels
of the students about the COVID-19 epidemic. On the
contrary, the attitude more located
along the scale, hence showing better students’ ability to

construct  seems

respond.
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3.5 Rasch model estimation using MML

We fitted a Rasch model to the data using the marginal
maximum likelihood (MML) estimation of the item parameters.
Here, the model was identified by assuming a standard normal
distribution of the person parameters. All item parameters were

frontiersin.org


https://doi.org/10.3389/fams.2023.1328537
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Wesonga et al.

10.3389/fams.2023.1328537

Person-Item Map Person-Item Map
Person Person
Parameter Parameter
Distrbution Distrbuton
T | 5 ¢ T | T T L T T T
'
i i 2t (]
198 ¢
acf92 L)
196 ']
A
bR ' 4193 0

ket94

ket99

ketd2

ket85

ketdt

-

194

198

-

195

197

Latent Dimension

FIGURE 4
Student item mapping for COVID-19 knowledge and attitude.

Latent Dimension

freely estimated because the mean of the person parameters is fixed
to 0. The Rasch model using the MML estimator for the knowledge
construct shows similar results like those presented in Figures 2A,
B.

However, we further assessed the level of discrimination for
each item to confirm the earlier findings. Incidentally, among the
knowledge construct, item 1 identified as the most difficult was
also found to be associated with a higher discrimination tendency
[23]. Inversely, item 5, the easiest to respond to had the least
discrimination tendency. Among the attitude construct items, the
Rasch model with the MML estimator showed that all the items
were classifed as easy to respond to. However, their discriminating
power was low.

Moreover, on comparing the two models, it is shown that the
attitude model presents a higher log-likelihood than the knowledge
model (LL: -2651.402 vs. -3709.827), indicating that the model for
attitude construct is relatively better.

3.6 Relative fit of the Rasch and the 2PL
model

We tested the equality of the Rasch and the 2PL models in
assessing knowledge and attitude constructs. Using the the two
information criteria thus, AIC and BIC, and the log-likelihood
test (LRT), we can confortably say that the two models for both
constructs result in significantly different results. The knowledge
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construct present different statistics, [AIC: 7,520.13 vs. 7455.65;
BIC: 7,571.33 vs. 7,547.82 and LRT: 80.47, df = 8, p = 0.000],
compared to the attitude construct, [AIC: 5,477.83 vs. 5,330.80;
BIC: 5,518.80 vs. 5,402.49 and LRT: 159.03, df = 6, p = 0.000].

3.7 Absolute fit of the 2PL model

We further sought to check for the knowledge and attitude 2PL
models’ fit using the Andersen’s test on three categorical variables,
including gender (male versus female), grade point average (<3.00
vs. at least 3.00), and health status (good versus bad). This check
was used to associate absolute fit to linearity between the binary
categorical variables. It can be observed from Figure 5, among
variables that the 2PL meets the requirement for providing absolute
fit for COVID-19 fitted knowledge and attitude constructs.

4 Discussions

The measurement models for the less quantifiable constructs
such as knowledge and attitude is indeed an important aspect
in assessing an individual’s ability to change, resource limitation,
emotional pressure, and even loss [24, 25]. Specifically, proper
construction of knowledge and attitude measurement items
definitely plays a great role to improve and acts as a precursor
for better predictive modelling of the management of pandemics,
such as COVID-19. One’s knowledge and attidtude, especially when

08 frontiersin.org


https://doi.org/10.3389/fams.2023.1328537
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Wesonga et al.

10.3389/fams.2023.1328537

Knowledge and Gender

Male
[NEEN
5

-2

-30 -20 -10 0 10 20 30

Female
Knowledge and CGPA
8
I N 1
Ao« B
o ! T T T T T T T
-30 20 -10 0 10 20 30
CGPA <3.00
Knowledge and Mental Status
_ . T
8 = ¢
o (\I‘ 1

FIGURE 5
Student item mapping for COVID-19 knowledge and attitude.
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constantly updated could result in reduction of stress, anxiety,
depression, and worry. This may indirectly prevent daily reported
deaths due to a pandemic. Moreover, better outcomes may be
realized when accompanied by constantly updated measures, such
as lockdown, wearing of masks, and limited movements, which
arise as information evolves. On the other hand, a prevalent
open and supportive response model could be more functional to
adaptation and prediction efficacy in dealing with the difficulty and
better operational skills.

In this regard, our study was two-pronged. First, we compared
the model efficacies as well as sought to uncover insights of the
target groups. Thus, we explored the fact that item construction for
knowedge and attitude plays a fundamental role to determine the
level of awareness but also should be designed so well that the items
do discriminate individuals based on their abilities. Basically, a
comparison of the one-parameter, the Rasch model against the two-
parameter model, while examining their performance alongside
parameter-estimation methods presented, with an application to
COVID-19 data is a significant contribution [26, 27]. Our findings
indeed indicate that although the two models are competetive, the
two-parameter model is superior to the Rasch model. The two-
parameter model, in its discriminating process, estimates the ability
as well as examines the difficulty parameters.

5 Limitations

Sampling for the experimental data was conducted through
at the Sultan Qaboos
University in Oman. As a result, there could have arisen a

email contacts targeting students
possibility of bias as some students could not have been able to
participate in the study for various reasons, leading to cautious

inferences. A more national systematic, inclusive sampling
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method is warranted to improve the generalization of the
findings.

6 Conclusion

The construction of Likert-scale measurement items may
sometimes fail to adduce relevant inferences if aspects of level of
difficulty, discrimination, or simply item flow are not considered.
Our study has compared two IRT models, that is, the Rasch
model and the 2PL models on students’ COVID-19 knowledge
and attitude constructs. We have applied and compared estimated
parameters from the maximum likelihood estimation and the
marginal maximum likelihood estimation methods. Our findings
show that the 2PL model is more applicable in assessing COVID-
19 knowledge and attitude than the Rasch model. The 2PL also
directly provides a discrimination parameter, which is important
to promote classification accuracy among respondents based on
their abilities. Additionally, we found that parameter estimation
using the MML competes favorably as compared to the popular
MLE with the advantage that all item parameters can freely be
estimated because the mean person parameter is fixed at zero.
Therefore, we can also conclude that although students attitude
was better measured, the item constructs for COVID-19 were not
significantly different from those for the knowledge constructs as
far as their discriminating power was concerned. Generally, we
conclude that students took the cross-sectional survey seriously but
were more poised with higher abilities to respond to the attitude
than knowledge items. This could be caused by various psycho-
social, psychosomatic, or other associated reasons, including stress.
Further studies are recommended to determine reasons why its
easier to measure attitude than knowledge in most studies [28, 29].
Further extension on the 2-PL model could be done to include
the guess parameter. On the COVID-19 pandemic survey data
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application, we recommend more national sensitization campaigns
to be conducted to boost knowledge during such times in future
pandemics. In summary:

e There were statistically significant differences in the results
between the knowledge and attitude construct 2PL and Rasch
models as observed from the AIC, BIC and the log-likelihood
ratio tests. A relatively better model fit was observed for the
COVID-19 attitude construct model than knowledge.

e Andersen’s test for the 2PL model fit on the three predictor
variables, student’s gender, GPA, and health status, provided
an absolute fit for students’ knowledge and attitude constructs
regarding COVID-19.

e Moreover, the attitude model had a higher log-likelihood
than the knowledge construct model, thus providing a
resultant better performance for the attitude construct relative
compared to the knowledge construct.
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