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Abstract

Gender equality endorsement is an intergroup measure present in various survey-based studies and is a
prominent indicator among the Sustainable Developmental Goals (SDG) (Sandoval-Hernandez et al.,
2020). To this end, countries can rely on the gender equality endorsement scale included in the
International Civic and Citizenship Study (ICCS) (Schulz et al., 2018), which provides probabilistic samples
of 8th-grade students from different countries and assesses gender equality endorsement between men
and women. Traditional methods for generating scores with this scale rely on the partial credit model
(PCM), a response model that utilizes a normally distributed latent variable to represent students'
propensity to respond to the various items included in the instrument. Moreover, researchers rely on
regression models to address research questions about related factors and the effects of program
evaluation. However, the scale scores of this instrument are highly skewed. This skewness is desirable. It
means a noticeable portion of students endorse gender equality at the scale ceiling. Nevertheless,
traditional regression models may produce distorted estimates in the presence of ceiling effects on the
total scores. We propose a method that relies on the monotonicity property of the PCM scores and a
reverse sum score. We use zero-inflated models to separate ceiling cases from the rest of the scores,
allowing us to make inferences on both sides: the students at the ceiling and those in the remainder of
the distribution. This method is a helpful tool for program evaluations dealing with ceiling effects in their
attribute of interest.

Keywords: gender equality, sustainable developmental goals, large-scale assessment

1. Introduction

Different response variables in social science may exhibit high skewness. Student bullying and
aggression victimization may present low prevalence in such a way that if arandom sample is drawn
from the population of students, a good proportion of students may not report suffering from
aggressive events at school, e.g., 45% of students report not suffering from severe aggression events
at school, across six different countries from Latin America (Carrasco, Torres Irribarra, et al., 2023).
In such a case, the left side of the scale score distribution would accumulate more cases than the
proportion of cases on the right side of the mean. Other skewed variables may exhibit censoring
when the instrument is unable to capture the range of the attribute. Suppose an instrument was
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designed to screen depressive symptoms on clinical samples (e.g., "l did not attend to work because
| did not have the energy"). In this case, the instrument may produce excessive zeros in nonclinical
samples because non-depressive participants may not respond positively to any item (Boulton et
al., 2018). The same is possible at the other end of the scale. Participants may express high
agreement with all the items of an intergroup attitudinal scale battery, thus indicating the maximum
endorsement of equality. For example, between countries, the mean estimate of students who are
more likely to agree to all items expressing gender equality across 23 countries is 48% (L6pez-
Hornickel et al., 2024). Consequently, the distribution of such scores is highly skewed, with cases
accumulating at the ceiling.

These different examples can be viewed as different cases of censored variables. These are
variables that appear to be capped at a certain threshold, unable to display the true value of the
attribute of interestin the observed score. The depression example is a case of left censoring, where
the true value of the attribute may lay before the observed minimum of the instrument score. In
contrast, the intergroup attitude scale score example is a case of right censoring, where the
instrument-observed scores display an upper bound, lumping cases at the observed maximum.
Finally, the zeros in the bullying example can be interpreted as the true standing of the attribute, as
the absence of a bullying event. This latter scenario is referred to as a semicontinuous variable,
where zero is considered a true zero rather than the result of scale score truncation (Boulton et al.,
2018).

Censored variables and semicontinuous variables pose challenges for linear regression
models. Linear regression models assume that residuals are normally distributed and
homoscedastic. As such, the residuals around the expected values generated with the fitted model
willdisplay common variance across the values of the predictor. However, the generated values with
the fitted model can differ significantly from the observed values when the response variable is highly
skewed, especially in cases with ceiling or floor effects, where a substantial portion of cases
accumulate at the maximum (ceiling) or the minimum (floor) score. Finally, highly skewed variables
often present outlying observations with high leverage, that is, observed extreme values at the other
extreme of the censored side. As a consequence of the accumulation of cases in one extreme and
the presence of outlying values with high leverage, regression estimates can result in bias (McBee,
2010). This bias can be so substantial as to render the estimation of intervention effects close to a
null (Boulton et al., 2018). In summary, regression models are ill-equipped to model highly skewed
response variables.

Besides normal theory regression models, other alternatives could be applicable. One could
recode the response variable to separate ceiling cases from the remainder and, on the newly binary
variable, use a logistic regression. However, such an approach would lose information and would
also result in biased slopes. Another alternative is Tobit regression, which can get corrected slopes
despite the censoring of the response variable (McBee, 2010). Tobit regression assumes a latent
variable where participants would have the non-observed true value if there were no censoring. It
assumes that the regressor coefficients are the same for the latent variable and the observed
variable while accounting for censoring (Wilson et al., 2020). However, this model is not informative
forthe cases at the extremes. The model can produce regressor effects as if there were no censoring.
However, it does not provide estimands for the relationship between regressors and the proportion
of values at the extreme of the scale because it assumes a single data-generating mechanism. In the
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current study, we propose fitting a zero-inflated negative binomial model to account for ceiling
effects (Loeys et al., 2012) in the scores on students' endorsement of gender equality (Schulz et al.,
2018), a highly skewed scale score. In this application, we propose using the total score of the scale
as areverse sum score. The cases at the ceiling will be represented as zeros, the case at the highest
endorsement of gender equality. Simultaneously, the non-ceiling cases will be represented as the
remainder of the sum score, which we interpret as indicating that higher sum scores correspond to
greater endorsement of sexism. As such, the chosen model can provide estimates of the relationship
between the covariate and cases that reach the highest score or not, as well as those with higher
sexism endorsement, given that these cases do not reach the ceiling.

Students' endorsement of gender equality (Schulz et al., 2018) is a highly skewed variable
characterized by a high accumulation of cases at the ceiling. These scores are realizations generated
with a fitted partial credit model, scaled to a mean of 50 and a standard deviation of 10. Participants
with the highest scores have an average of 63.94 on this scale. In the pooled sample, 31% of the
participants reach the observed maximum. The proportion of cases at the ceiling varies between
countries from 4% to 60%. Figure 1 illustrates these ceiling cases for four countries out of 24
samples, highlighting in black the observations at the maximum score. We are including exemplary
countries with low, medium, and high proportions of cases at the ceiling.
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Figure 1. Histogram per country of students’ endorsement of gender equality from International Civic and
Citizenship Study 2016

The remainder of the paper is organized into the following sections. In the Ceiling Effects and
Censoring section, we discuss two common processes that may underlie the accumulation of



4 D. Carrasco et al.

ceiling effects, considering the students' gender equality endorsement instrument. Then, in the
Modeling Strategy section, we described the proposed method and its rationale. In the Methods
section, we describe the data selected for the presentillustration. In the Results section, we present
the obtained results. Finally, in the Conclusion and Discussion section, we discuss the applicability
of zero-inflated models not only to naturally occurring zeros but also to scale scores subject to
ceiling effects.

2, Ceiling effects and censoring

Likert-type scales, particularly those addressing endorsement of egalitarian attitudes, such
as the gender equality endorsement scale (Schulz et al., 2018), are prone to ceiling effects. Thatis a
high accumulation of observations at the maximum score. One interpretation of this phenomenon
is to assume that the trait being measured is not well matched to the scale as if the instrument lacks
items or questions capable of registering answers that represent higher levels of the trait of interest.
Hence, participants with higher levels of the trait tend to be grouped at the ceiling.

A different explanation is applicable for naturally occurring zeros, where floor effects are
observed due to the true absence of the attribute. Measures of substance consumption, such as
cigarettes or alcohol, are examples of this scenario, which allow participants to respond indicating
zero consumption. In this scenario, non-consuming participants can accumulate as zeroes on the
floor of the scale (e.g., Boulton et al., 2018). Such an explanation does not seem applicable to multi-
item instrument scores assessing attitudes with polytomous items, such as those measuring
endorsement of gender equality (Schulz et al., 2018). That is, to consider cases at the ceiling of the
score as cases at the true standing in the attribute of interest. Although item response theory (IRT)
models, such as the partial credit model, can generate scores that differ from the sum score of
responses, the IRT-generated scores will be censored, resulting in a high accumulation of cases at
the right end of the scale.

Regardless of the assumed explanation for the floor or ceiling effects, the accumulation of
cases at the ceiling (or floor) needs to be dealt with, especially when covariate effects are of interest.

3. Modeling strategy

Student's endorsement of gender equality is a multi-item scale (Schulz et al., 2018). It consists of three
positive and three negative assertions (reverse-coded), to which students indicate their level of
agreement using four ordered choices. Scores are generated with a partial credit model (Schulz et al.,
2018). In Figure 2, we highlight the highest response category in grey.

Likert-type scales do not produce naturally occurring zeros. However, scores produced with
Likert-type scales can present ceiling effects. The partial credit scores are highly skewed and present
ceiling effects. In Table 1, we present the pooled sample descriptives of this score. Nearly 31% of
the observed cases are at the extreme of the distribution in the pooled sample data of the
International Civic and Citizenship Study 2016.
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Figure 2. Students’ endorsement of gender equality items highlighting the ceiling pattern of response

In the present study, we propose to leverage the monotonicity property of the sum score and the
partial credit score realizations (Kang et al., 2018). These two scores follow a one-to-one relationship. If
we recode responses from 0 to 3, from the lowest agreement to the highest agreement for items gel,
ge2, and ge5 (and its reverse pattern for items ge3, ge4, and ge6), the ceiling in the sum score would be
18 points whereas, in the item response theory score of the study, these are 63.94 points. Moreover, if
we reverse the sum scores, the ceiling cases would be at zero, relocating the ceiling cases to the bottom
of the scale. In Figure 3, we illustrate the one-to-one mapping between the proposed reverse sum score
and the original partial credit scores in a scatter-plot with additional histograms in their margins. The
ceiling cases from the partial credit score are located at zero in the reverse sum score.

Table 1. Students’ endorsement of gender equality pooled sample descriptives

N Obs. Mean SD Min P25 P50 P75 Max
94603 0.98 51.31 9.81 16.32 42.64 48.72 63.94 63.94

Notes. N = total number of observations; Obs. = percentage of observed cases; Mean = sample mean;
SD = standard deviation; Min = minimum score; P25, P50 and P75 = percentiles; Max = maximum
score.

The zero-inflated negative binomial model has two parts. The logit part of the model can help
us to address research questions related to students reaching the highest observed level of the
attribute given the present instrument. These students are helping to fulfill the Sustainable
Development Goal of gender equality (Sandoval-Hernandez et al., 2020). While the second part of
the model can be interpreted as a measure of "sexism", the remainder can be seen as a measure of
the students who do not reach the gender equality endorsement. The higher the value, the more
responses denote less gender equality endorsement.
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Figure 3. One-to-one relationship between the students’ endorsement of gender equality (IRT scores) and the
reverse sum score of responses

4, Methods

We use the student sample from ltaly in the International Civic and Citizenship Education Study
(ICCS 2016) (Schulz et al., 2018). This study employs a two-stage probabilistic design comprising
3,450 observations nested within 170 different schools.

As a response variable, we created a reverse sum score of the student's responses to the
scale of endorsement of gender equality, where higher values represent higher sexism, and the zero
value relocates the cases to the highest endorsement of gender equality. We first recoded
responses to items ge1, ge2, and ge5 as follows: "Strongly disagree" as 0, "Disagree" as 1, "Agree"
as 2, and "Strongly agree" as 3. Then, we proceeded accordingly to the reverse items ge3, ge4 a, and
ge6, where we recoded responses as follows: "Strongly disagree" as 3, "Disagree" as 2, "Agree" as 1,
and "Strongly agree" as 0. Then, we sum all the responses. Finally, we reverse this sum score using
the formula: maximum observed value plus minimum observed value minus the observed sum
score (18 + 0 - x). Thus, the minimum of this score, the zeros, is the maximum of the partial credit
scores and the maximum of the sum score, while a maximum of this scale is the minimum of the
sum score and the minimum of the partial credit scores. Figure 3 illustrates the one-to-one mapping
between the partial credit scores and the proposed reverse sum score.

For illustrative purposes, we include students' sex (1 = female, 0 = male) as a covariate,
mothers' highest level of education (1 = tertiary, 0 = non-tertiary), and a school teaching practice
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variable called "Open classroom discussion." This school practice is built with students' responses,
where students act as informants. Higher scores indicate classrooms where it is more frequent that
students are exposed to discussions involving controversial issues, where students are encouraged
to express their opinions, and where different sides of the controversies are explained (Carrasco et
al., 2018). Scores of this later covariate were obtained using a PCM, which were then standardized
at the national level and partitioned into within-school students' deviations from school means and
between-school scores' deviations from the grand mean.

We fit a zero-inflated negative binomial model, accounting for the sampling design using
Pseudo Maximum Likelihood and Taylor Series Linearization (Asparouhov, 2005; Stapleton, 2008).
We are including the schools as primary sampling units and jackknife zones as stratification
variables. We chose the zero-inflated negative binomial (ZINB) over a zero-inflated Poisson due to
overdispersion of the response variable. The sum score presented a very long tail and a variance
estimate exceeding the size of the mean estimate. While the zero-inflated Poisson model is suitable
for count and skewed variables with floor effects, it forces the mean and variance to be equal
(Muthén et al., 2016). In contrast, a zero-inflated negative binomialis a more flexible distribution that
allows the variance to be larger than the mean of the response variable (Green, 2021). To fit the
proposed model while accounting for the study's complex sample design, we used Mplus 8.11
(Muthén et al., 2017). We are sharing our code to reproduce the estimates presented in Table 2
(https://doi.org/10.6084/m9.figshare.29323067).

Following Muthén et al. (2016) notation, the ZINB model can be considered a mixture of two
classes. In this application, let 7r;; denote the unobserved probability of participants reaching and
exceeding the maximum score of gender equality endorsement (excess zeroes on the sexist
responses). We are indexing observations under “ij” for students (“i”) within schools (“j”).
Complementary, 1 — m;; is the probability of being in the class that follows a negative binomial for
the rate of sexists’ responses, where zero counts and positive counts can be expected. Thus, the
probability of all zeroes follows expression (1), where e “iJ is generated with a negative binomial.

Pr(yij = O) = T[ij + (1 - nij)e_“i/' (1)

The ZINB logit part of the model conditions 7;;, the excess zeroes representing the ceiling
cases of our response variable.

logit {m;;} = v + v15ex + y,edm + y3(opd;; — opd ;) + v4(opd ; — opd.) (2)

The negative binomial part of the model is conditioning the counts of negative responses to
the students’ gender equality endorsement scale, the reverse sum scores denoting the rate of sexist
responses.
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log u;; = Bo + Pisex + Predm + Bs(opd;; — opd ;) + By (opd ; — opd.) (3)
5. Results

Table 2 presents the unstandardized estimates of the fitted model. We describe the results in two
parts. The first part is the ceiling part of the model. This part is a logistic regression, predicting
students’ endorsement of gender equality. The second part are estimates of a negative binomial
model predicting the rate of responses of the reverse sum score. We interpret these estimates as
endorsement of sexism because higher scores represent less agreement to assertions of endorsing
gender equality and higher agreement to items expressing sexism.

Table 2. Zero-inflated negative binomial unstandardized estimates
on zero scores of gender equality endorsement

Sexism Gender Equality
Remainder Ceiling
Negative binomial portion Logistic portion
E SE p< EXP(E) E SE p< OR
Sex (girl) -0.47 0.05 *** 0.63 0.97 0.12  *** 2.60
Mother education (tertiary) -0.20 0.06 *** 0.82 0.40 0.15 ** 1.49
Open Classroom discussion (w) -0.10 0.02 *** 0.90 0.40 0.06  *** 1.48
Open Classroom discussion (b) -0.21 0.07 ** 0.81 0.31 0.14 * 1.36
intercept 141 0.03 *** 4.10 -1.77 0.00 ***
dispersion 0.38 0.04 ***

Note: E = unstandardized estimates, SE = standard errors, p<.05 *, p<.01 **, p<.001 ***; EXP(E) = exponentiated
estimate or incidence rate ratio, OR = odds ratio.

5.1 Ceiling part

All the chosen covariates are positively related to the endorsement of gender equality at the highest
level. The odds of endorsement for girls are 2.60 times the odds of their male counterparts (E=0.97,
SE =0.12, p <.001, OR = 2.60). Students whose mothers have tertiary education exhibit 1.49 times
higher odds of endorsement than students whose mothers do not hold tertiary education
credentials (E = 0.40, SE=0.16, p < .01, OR = 1.49). Students in schools with a higher frequency of
open classroom discussion (one standard deviation above the national mean) have 1.36 times
higher odds of endorsement than those in schools with mean levels (E =0.31, SE=0.14, p<.05, OR
= 1.36). Finally, students who report a higher frequency of open classroom discussions than their
school peers have odds of endorsement 1.48 times that of their peers in the same school (E = 0.40,
SE=0.06, p<.001, OR=1.48).

5.2 Remainder part

While the ceiling part of the model is similar to logistic regression, the negative binomial part of the
model provides estimates that, when exponentiated, can be interpreted as incident rate ratios (eB =
IRR). Because the reverse sum score of responses is not a count of events in the traditional sense
(e.g., number of bullying events), we interpret the expected sexist score as if these were rates of
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sexist responses (i.e., number of sexist responses). Thus, an incidence rate of 18 implies that sexist
responses were given to all items.

All the included covariates are negatively related to the rate of sexist responses. While
holding all covariate values constant, among those students who do not have the highest level of
gender equality of endorsement, the incidence rate of sexist responses for girls is .63 times the rate
of sexist responses for boys (E =-0.47, SE = 0.05, p <.001, IRR =0.63, 1/IRR = 1.59). The incidence
rate of students with mothers with tertiary education is .82 times the incidence rate of students with
mothers without tertiary education (E =-0.20, SE = 0.06, p <.001, IRR=0.82, 1/IRR = 1.22). Students
in schools with one standard deviation above Italy's national level of open classroom discussion
present an incident rate .81 times the incident rate of students in schools with mean levels of open
classroom discussion (E =-0.21, SE=0.07, p <.01, IRR=0.81, 1/IRR = 1.23). Finally, students who
report higher levels of open classroom discussion presentincident rates 0.90 times the incident rate
of their classroom peers who report average levels of open classroom discussion (E = -0.10, SE =
0.02, p<.001,IRR=0.90, 1/IRR=1.11).

6. Conclusion and Discussion

The application of zero-inflated models enables a more nuanced interpretation of the relationship
between covariates and response variables that exhibit floor or ceiling effects. This modeling
approach provides two sub-models: a count model that takes care of the rate of responses and can
account for long tails in the response variable; and a second sub-model that conditions the excess
of zeroes that goes above the count model, where persons with the highest level of the attribute of
interest may lay. By reversing the sum score of responses, this study illustrates how a zero-inflated
model is applicable to sum scores subject to ceiling effects. The presented approach has
precedents in the literature. Rutkowski et al. (2016) employed a multilevel zero-inflated Poisson
model to analyze bullying responses, represented by a sum score. The novelty of the presented
approach lies in the use of a reverse sum score, where the top score serves as a zero indicator.

We note two main limitations of the present approach: it cannot handle missing values in the
outcome variable (only 64 cases were in this category in the current application), nor in the
covariates (78 cases were missing in the selected covariates), and it does not account for
measurement error. Missing values in the response variable are troublesome for all generalized
linear models. The presented approach does not account for the measurement error inherent in the
reverse sum score. This limitation is shared with any study that uses the partial credit score, mean
score, or sum score of the responses to Likert-type instruments, such as the scale of endorsement
of gender equality. Any of these scores, once conditioned in a generalized linear model does not have
a term to account for measurement error. If the missing mechanism can be considered missing at
random (Rubin, 1987), multiple imputations of the missing values could be done using a response
model, such as the partial credit model at the item level. The variability of the plausible item
responses given the partial credit model should carry the measurement error uncertainty. As such,
if the multiple data sets are re-analyzed as in the present approach, it would be accounting for
measurement error indirectly. In future research we plan to evaluate this later extension with
simulation studies. Finally, alternative approaches such as factor mixture models can account for
both zero inflation and measurement error (e.g., Wall et al., 2015; Carrasco et al., 2023). These
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approaches, however, involve greater model complexity than the ZINB framework adopted in the
present study.

Ceiling and floor effects in scores are quite common among egalitarian attitudes scales. The
inflation of cases at the ceiling of the distribution can underestimate the evaluation of protective
factors and program intervention effects when linear regression models are used. While Tobit
regression models may obtain corrected regressor coefficients for censored variables, these models
are not informative about the relationship between covariates and the number of cases at the ceiling.
Moreover, when evaluating regressors representing protective factors, school attributes, or
interventions, the effect of interest may lie in the logit part of the model instead of the remainder (see
Boulton et al., 2018). Zero-inflated negative binomial models are a more flexible option than zero-
inflated Poisson if there is overdispersion. Finally, these models can be applied to studies with
complex sample designs and expanded to multilevel models with random intercepts (Zhu et al.,
2017). The present approach is a potential solution for the limitations linear regression models
present when used to model response variables with ceiling or floor effects. The chosen model is
expected to correct the underestimation of coefficients while also providing insight into which cases
are more likely to reach the ceiling or floor. This application is of particular interest for scenarios
where ceiling effects permit substantive interpretations, regardless of censoring. For example,
interventions seeking to promote positive intergroup attitudes, such as those focused on gender
equality, where scale scores are censored once students reach the maximum level of endorsement,
especially when generating newer items expressing an even higher endorsement, might be too
difficult.

Monte Carlo studies are needed to determine when zero-inflated models are more suitable
than more popular models, such as linear regressions, and similar models such as two-part or
hurdle models (Neelon et al., 2016). For example, what are the conditions that may hide effects of
interest in regression models, such as the proportion of censored cases or variable overdispersion?
Similarly, what are the more suitable conditions for applying the present approach in terms of
sample size, number of items, and skewness? Thus, further research is needed to develop clear
guidelines for the application of these models.
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