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Abstract
In general there is often unclarity about how to investigate gender identity. Sex assigned at birth
and gender identity are still regularly used as interchangeable concepts in research. However,
gender identity is more than a binary variation of male or female. Over the past decades, various
studies have tried to measure gender identity. Some studies used continuous scales, others a
categorical question. This paper presents two types of scales to measure gender identity. Using
a quantitative approach, a 5-point Likert scale and a Fuzzy scale were used to measure gender
identity. Both scales were compared and groups were formed based on sex assigned at birth and
self-reported transgender identity in order to study differences in gender identity between
groups. The quantitative data indicated that the Fuzzy scale captured a higher subjectivity and
variability in responding, compared to the Likert scale. However, when tests performed with a
5-point Likert scale were compared with tests performed with a Fuzzy scale, the Fuzzy scale
did not prove superiority over the 5-point Likert scale. Both scales did not detect any differences
in gender identity between respondents assigned male at birth and assigned female at birth, and
both scales detected similar differences in gender identity between cisgender and transgender
respondents. These results, in combination with qualitative data regarding the use of a Fuzzy
scale, led to the preference of a 5-point Likert scale when measuring gender identity. Based on
these results, many other studies are to be developed, with a focus on finding the best scale to
measure gender identity. Also, future research should focus on developing statistical methods

to compare the Likert scale and the Fuzzy scale, rather than comparing them descriptively.



Introduction

In an increasingly complex and diverse society, many population groups are characterized by
diversity. Minority groups based on gender identity, often referred to by the term transgender
people, have become an important target group within equal rights policies, both nationally and
internationally (Equality Act 2010, 2010; Supreme Court of the United States, 2020; VIaamse
Overheid, 2009). Transgender is an umbrella term that includes those people whose gender
expression and/or gender identity differs from conventional expectations based on the physical
sex assigned at birth (SAAB) (Goffman, 1963). A gender identity is a person’s intrinsic feeling
of being male (a boy or a man), female (a girl or a woman) or an alternative gender (Bockting,
1999). Research states that it is very difficult to say how many people in our society are
transgender, and refers to a great diversity within the transgender community (Collin, Reisner,
Tangpricha, & Goodman, 2016; Gates, 2011; Homans, 2014; Monro, 2020). Also, the various
definitions of transgender affects number and proportion estimates. Most studies focus on
individuals seeking or receiving transgender and gender nonconforming (TGNC) related care,
other studies focus on individuals meeting the criteria for transgender and gender
nonconforming diagnoses, and other studies focus on self-reported TGNC identity. The first
type of research finds the lowest count of respondents who meet the criteria for this definition
of transgender. Estimates generally range between 1 and 30 per 100,000 individuals, with self-
reported TGNC identity to be orders of magnitude more frequent. A recent literature review
reported a range of people who self-identify as TGNC from 100 to 2000 per 100,000 or 0.1%
to 2% among adults (Collin et al., 2016; Goodman et al., 2019).

In addition to the increasing public attention to potential diversity in gender identity, scientific
insights into researching and measuring gender identity have also evolved considerably.
However, there are no general guidelines for questioning and examining gender diversity within
quantitative research. There are guidelines and protocols for the psychological screening of
gender diversity, but there is currently no accepted research protocol on how to study gender
diversity (for a detailed overview of existing methods and guidelines, see Motmans, Burgwal,
& Dierckx, 2020).

In this paper, we ought to compare two different techniques of analyzing gender identity. The
first technique, based on a Likert scale, has been regularly used within survey research, as
opposed to other techniques. These other techniques, such as a categorical methodology using
a question with three or more answer options (‘male’, ‘female’, ‘transgender’, ...), proved to

be problematic and will not be analyzed within this paper (Motmans et al., 2020). Literature on
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analyzing Likert data is also open to a lot of discussion, and questioning gender identity using
a Likert scale does not appear to be the best approach (some people want to choose a point
between the different answer options or may not agree with the options provided). Therefore, a
second technique is discussed within this paper, based on a Fuzzy scale. This scale will be
evaluated to possibly provide a better solution when measuring gender identity in general and/or

in population-specific surveys.

In a first section, a literature review is provided in which the social context and statistical
background are discussed. The methodology used to compare both techniques is discussed in a
second section, together with the characteristics of the data sources. The third section will focus
on data cleaning, exploration and analysis. The paper is concluded in a final section and

suggestions for future research are offered.



1. Literature Review
In this section existing literature concerning measurements of gender identity in general and
within population-specific studies is covered. Basic concepts and technical terms will be

discussed briefly in order to avoid confusion.

In general there is often unclarity about how to investigate gender diversity. For example, sex
assigned at birth and gender identity are still regularly used as interchangeable concepts in
research (Angus, 2012). In most quantitative research gender identity is then simply
conceptualized in the same way as sex assigned at birth and questioned by means of a closed
question with a binary answer option ‘man’ and ‘woman’. Respondents are thus forced to
choose one of these two categories and then gender identity and sex assigned at birth are often
compared to one another (Lorber, 2006; Ritz et al., 2017; Westbrook & Saperstein, 2015). This
results in no distinction between sex assigned at birth and the more complex concept of gender
identity. Those who identify themselves outside the conventional gender binary of men and
women (e.g. those who identify as gender non-binary?) are incorrectly distinguished within
research. Those respondents are wrongly placed within the category of a female/male gender
identity, or treated as missing because they leave the question unanswered. Also for cisgender
people (those whose sex assigned at birth does not differ from their gender identity), a simplistic
binary question for gender identity leads to unrealistic data. Gender identity is more than the
M/F on a birth certificate or identity document. Over the past decades, psychology and
sociology have developed an increasingly broader view of gender diversity (Westbrook &
Saperstein, 2015). Different arguments provide evidence that gender is more than a binary

variation of male or female.

First, the common dichotomy, based on the biological binary sex assigned at birth, has many
exceptions (Blackless et al., 2000; Callens, Longman, & Motmans, 2017; Fausto-Sterling,
2000). This gender variation is often labeled under the umbrella term intersex (Davis, 2014;
Motmans & Longman, 2017; Reis, 2007). The binary birth categories ‘man’ and ‘woman’ are

therefore much less natural as people often think.

Second, we see that the term gender identity itself is anything but fixed and unchangeable. The
term was first used by Stoller (1968) and has since been widely used to make a distinction

between, on the one hand, the physical body and the sex assigned at birth and, on the other

1 A person who does not identify with the gender they were assigned at birth and also identifies outside the
gender binary of male or female (e.g. identifies neither/and male nor/and female) (Richards et al., 2016).



hand, the psychological identity of whether or not one feels more like a man or a woman. This
identity is not a fixed fact, but is formed through a socialization process in which certain gender
expressions and gender roles are taught. These gender expressions and roles are not static or

unchangeable, but can vary greatly over time and the place where people grow up.

Third, interpreting gender identity in a binary way has ideological consequences. Such
boundaries create insiders and outsiders, those who are ‘normal’ and those who are ‘not normal’
(Lorber, 2006). By interpreting gender as something layered and fluid, this rigid and binary
thinking ends and individuals are recognized in their true gender identity. The heterogeneity

within both the transgender and cisgender population also becomes visible.

At last, people with a non-binary gender identity often do not fit in a binary gender identity
model. A simplistic binary approach to gender identity has no regard for those who feel neither
male nor female (Herdt, 1996). The study of Bockting (2008) shows that a significant
proportion of American respondents could not agree with a female or male identity. Belgian
research also shows that an underestimated part of the population does not identify itself as a
woman or as a man (Dierckx, Meier, & Motmans, 2017). Also, transgender individuals who
identify with a binary gender identity score very differently on health and mental well-being,
compared to non-binary individuals (Burgwal et al., 2019; Fundamental Rights Agency, 2020;
Harrison, Grant, & Herman, 2012; Warren, Smalley, & Barefoot, 2016).

Current methods in quantitative research are no longer in line with existing knowledge about

gender identity. Improving methods to investigate gender identity is therefore important.

1.1 Existing methods to measure gender identity

Various studies have tried to measure gender identity. Some studies use continuous scales (see
e.g. Ahs et al., 2018; Bakker & Vanwesenbeeck, 2007; Bockting, Benner, & Coleman, 2009;
Dierckx et al., 2017; Kuyper & Wijsen, 2014; Schoonacker, Dumon, & Louckx, 2009; Van
Caenegem et al., 2015), others a categorical question (see e.g. Australian Bureau of Statistics,
2016; Balarajan, Gray, & Mitchell, 2011; Conron, Scott, Stowell, & Landers, 2012; Crissman,
Berger, Graham, & Dalton, 2017; Flores, Brown, & Herman, 2016; Grant et al., 2011;
Keuzenkamp, 2012; Statistics New Zealand, 2015; Westat, 2017).

For measuring gender identity with a continuous scale, previous research has used a 7-point
Likert scale (see e.g. Bockting et al., 2009), or a 5-point Likert scale (see e.g. Bakker &
Vanwesenbeeck, 2007). In a recent study regarding romantic relationships, two 7-point Likert

scales were used (Bockting et al., 2009), where respondents had to indicate to what extent they
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felt male and to what extent they felt female (Leroy, 2019). On the basis of those two questions
and a question about sex assigned at birth, two groups were created: cisgender persons, and
gender incongruent persons. Cisgender persons were respondents assigned male at birth
(AMAB) (Al =1)who indicated that they felt mainly male (score on A2a > 4) and did not feel
female (score on A2b < 3), gender-congruent men. Analogously, respondents assigned female
at birth (AFAB) (Al = 2) who indicated that they felt mainly female (score on A2b > 4) and
did not feel male (score on A2a < 3), gender-congruent women. The respondents who met these
conditions were the members of the cisgender group in this study. The other respondents were
the gender incongruent members. The additional question ‘Have you already told at least one
person that your gender identity is different from your sex assigned at birth?” (T1; Motmans,
Wyverkens, and Defreyne (2017)) was used as a subsidiary question to determine which
persons within the gender incongruent group were considered transgender and not gender non-
binary. Two of the final three groups (cisgender, transgender, and gender non-binary persons)
were used as a predictor variable for gender identity in subsequent analyses, to study sexual
health of cisgender and transgender persons. However, this categorical approach is less nuanced
than a continuous approach that better reflects the conceptualization of gender identity as a
spectrum in which people can report gender incongruent and gender non-binary feelings
(Castleberry, 2019; Van Caenegem et al., 2015). When using a continuous approach to gender
identity, there is more room to also consider non-binary persons (non-binary persons were
recoded as missing within the study of Leroy (2019)), a group that often remains underexposed
in transgender research (Burgwal et al., 2019). The Likert scale was thus not considered as a
continuous outcome variable, as in this paper. The study of Leroy (2019) did show that gender
identity is much more complex than a gender binary suggests, but the boundaries to distinguish
groups were still arbitrary. Due to the lack of a well-founded scientific rationale, the distinction
between cisgender and transgender persons became more of a functionally motivated but
ultimately subjective decision. Also, people who strongly feel female/male opposite to their sex
assigned at birth do not necessarily have to identify themselves with the term transgender.
Whether the different groups created within the study of Leroy (2019) are therefore a realistic

representation of reality cannot be determined.

For this paper, a new survey was developed, asking the same question ‘how feminine/masculine
do you feel’ twice, using a different scale each time (Bakker & Vanwesenbeeck, 2007). First, a

5-point Likert scale was presented. Second, a Fuzzy scale was used. Before describing



methodology and research questions, these two different scales and their underlying analysis

will be discussed.

1.2 Statistics with a Likert scale
When rating traits or attributes that cannot be measured directly (such as satisfaction, attitude,
gender identity, ...), different scales have been considered. The best-known scales in this setting
are the discrete ones, which consist of choosing the most appropriate 'values' within a class

according to the rater judgement (such as Likert-type scales) .

Likert scales range from a group of categories - least to most - that ask people to indicate how
much they agree or disagree, approve or disapprove, or believe statements are true or false. The
main consideration is to include at least five response categories (Gil & Gonzalez-Rodriguez,
2012; Likert, 1932). There have been debates among the users of Likert scales about its best
possible usability in term of reliability and validity of number of points on the scale (Colman,
Norris, & Preston, 1997; Cox, 1980; Preston & Colman, 2000). Several advantages and
disadvantages for a 5- and 7-point scale have been identified in various studies. When
considering reliability of the responses from participants in a survey, a 7-point scale may
perform better compared to a 5-point scale. The 7-point scale provides more varieties in options
which in turn increase the probability of capturing the objective reality of people (Cox, 1980).
A respondents’ agreement with a specific topic may lie in between two descriptive options
provided on a 5-point scale. A 7-point scale may eliminate this problem up to an extent, by
eliciting retrieval beyond the utmost level of agreement provided by a 5-point scale (Finstad,
2010; Komorita & Graham, 1965). However, the validity of the Likert scale is driven by the
applicability of the topic concerned, in the context of respondents’ understanding and judged
by the creator of the response item. When the topic concerned is not relevant to the respondents’
everyday context, the provision of more options may reduce content and construct validity of
the scale. Providing options more close to the original view of the respondent reduce the role
of ambiguity in the responses (Finstad, 2010; Lubiano, de la Rosa de Sda, Montenegro, Sinova,
& Gil, 2016).

When Likert-type scale data are analyzed for statistical purposes, they can be treated as
categorical variables, with the consequence that techniques for analyzing them are quite limited.
They can also be coded continuously by consecutive integer numbers, which to some extent
increases the number of possible procedures. Then the choice is to be made within a continuum,
so the variability, diversity and subjectivity are ensured. Statistical conclusions are also reliable

and generally no relevant information is lost.



In general, mean and standard deviation are invalid parameters for descriptive statistics when
data is on an ordinal scale, as are all parametric analyses based on the normal distribution.
However, the question is how robust Likert scales are for deviations from linear, normal
distributions (Norman, 2010). Gaito (1980) solves this problem by turning it into someone else's
problem, but not the statistician's problem. Gaito indicates that there is no relationship between
type of scale and statistical techniques used, in contrast to what many textbooks discuss
(Blalock, 1997; Schmidt, 1979). He stated that although the interpretation given to results does
take into account the origin of the numbers, this aspect is irrelevant for statistical purposes. This
means that even if conceptually a Likert scale is ordinal, we cannot theoretically guarantee that
the actual distance between 1 = ‘Absolutely disagree’ and 2 = ‘Disagree’ is the same as 4 =
‘Agree’ and 5 = ‘Absolutely agree’, but this is not relevant to the analysis because the computer
cannot confirm or deny it in any way. There are no independent observations to verify or refute
the problem. And all the computer can do is draw conclusions about the numbers themselves.
So if the numbers are fairly distributed, we can draw conclusions about their averages,
differences, etc. Strictly speaking, we cannot draw any further conclusions about differences in
the underlying, latent characteristic reflected in the Likert scale, but this does not invalidate the
conclusions about the numbers. The person interpreting the analyses must decide whether the

analysis of the numbers reflects the underlying construct.

For measurement and analysis of gender identity with a Likert-type scale, different
considerations can be made. On the one hand, while the average could be calculated for any set
of numbers, some papers on the Likert scale indicate that calculating an average is difficult to
interpret (Jamieson, 2004). The responses are not on a simple linear scale. The nature of the
scale prevents the calculation of a valid standard deviation. On the other hand, other authors
write in favor of using parametric tests when analyzing Likert-scale data (Norman, 2010),
showing power superiority over non-parametric tests such as the Kruskal-Wallis test. Norman
(2010) provides convincing evidence that parametric tests can be used with data from Likert
scales. That is, parametric tests tend to give ‘the correct answer’ even when statistical
assumptions, such as normal distribution of data, are even extremely violated. Other
suggestions for null hypothesis testing include the use of non-parametric procedures such as the
Kruskal-Wallis test (Allen & Seaman, 2007). However, this does not test a meaningful
hypothesis. The conventional analysis approach commonly used involves splitting the data and
looking at the proportion of responses that fall above or below a given cut-off point. Tabulating

confidence intervals, using a bootstrapping procedure, can also be interesting when measuring



gender identity. How each of these approaches would function when analyzing a concept as

gender identity will be discussed first.

1.2.1 R analysis for Likert scales

One of the difficult aspects of the Likert scale in calculating the mean when measuring gender
identity is the potential to confuse a series of neutral responses with a series of extreme
responses. To illustrate this problem, a simulation study is performed on a fictional dataset,
where gender identity is measured with a 5-point Likert scale. The choice of a 5-point Likert
scale is made because gender identity is, for the majority of the population, not an everyday
concept. Since a 7-point scale may make the concept of gender identity to complex, a 5-point
scale is used (Finstad, 2010; Lubiano, de la Rosa de Séa, et al., 2016).

The analyzes that will be applied to the data gathered for this paper will be discussed here.
Three samples were simulated. The first simulated sample gives an equal chance that a
respondent feels strongly masculine or feminine, with nothing in between. The second sample
has no extreme reactions. In the third, there is an equal chance of choosing one of the five

answers. The distributions of each sample are visualized in Figure 1.

set.seed(7)

library(ggplot2)

n <- 100

x1 <- sample(c(1l,5), n, replace = TRUE)

x2 <- sample(c(2,3,4), n, replace = TRUE)

x3 <- sample(c(l1,2,3,4,5), n, replace = TRUE)

X <= c(x1, x2, x3)

g <- rep(c("Sample 1", "Sample 2", "Sample 3"), each = n)
d <- data.frame (g, x)

g0 <- ggplot(d, aes(x=x))

g0 + geom bar () + facet wrap("g") + xlab("Likert score")




Sample_1 Sample_2 Sample_3
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Figure 1. Distributions of simulated data

library (magrittr)

library(rlang)

library (dplyr)

d %>% group by(q) %>% summarise (mean = mean(x), median = median(x)) -> dd
library(knitr)

kable (dd)

Table 1. Mean and median of simulated samples

M Md
Samplel 2.88 1
Sample2 2.98 3

Sample3 3.87 3
Note: M = Mean, Md = Median.

While such an extreme pattern is unlikely to occur in practice, the simulation illustrates the
problem. The pattern of responses is very different, but they all have similar average scores (see
Table 1).

A test to use would be a one way analysis of variance.

mod <- lm(x ~ q)
anova (mod)
Analysis of Variance Table
Response: x
Df Sum Sgq Mean Sqg F value Pr (>F)
q 2 0.74 0.370 0.1636 0.8492

Residuals 297 671.83 2.262
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The ANOVA shows no significant differences between the mean scores for the three samples.

The Kruskal-Wallis test is based on ranks. The null hypothesis being tested is that the location

parameters of the distribution of the scores are the same in each sample.

kruskal.test (d$x ~ ds$q)
Kruskal-Wallis rank sum test
data: d$x by d$qg

Kruskal-Wallis chi-squared = 0.56168, df = 2, P-value = 0.7551

This also shows no significant difference between the three samples. However, it is clear that
there are differences in the pattern of responses that are not picked up by both procedures.

Another way is to simplify the data in classes and look at the number of responses that fall in
each class. The measure used can be, for example, the proportion of respondents who feel
masculine (1-2), feminine (4-5) or and/neither masculine and/nor feminine (3).

Il
—

d$x1[dSx == 1 | d$x == 2]

d$x1[dSx == 3] = 2

Il
w

d$x1[d$x == 4 | d$x == 5]
tb <- table(d$xl, ds$q)
round (prop.table (tb, margin = 2)*100, 1)
chisqg.test (tb)

Pearson's Chi-squared test

data: tb

X-squared = 48.75, df = 4, P-value = 6.583e-10

Now there are very clear differences between the samples. Although the mean itself is
sometimes difficult to interpret, it is possible to produce intervals for the mean using
bootstrapping. Because it is impossible to measure a concept in an entire population, this
procedure is used to determine the value of a parameter and its interval by statistical sampling.
This includes resampling from an existing sample with data replacement. In other words, if a
sample has only five respondents who give the scores 1, 5, 4, 5, 2, a random sample can be
taken and will very occasionally produce 5, 5, 5,5,50r 1,1, 1, 1, 1. Typically, it will produce
a mixture of the values. If we repeat the resampling thousands of times and exclude the extreme
values that are very rare, we can get a bootstrapped confidence interval for the mean by

calculating it for all random samples. This approach will occasionally break down for small
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samples (for example, when all values are identical), but in general it is quite robust and will
never yield values beyond the limits of the data. To demonstrate how this can be used with data
for thirty samples that show underlying differences in the pattern of responses, data will be

simulated by varying both the number of respondents and the response pattern.

sim sample <- function (i) {
sample <- paste("sample", i, sep =" ")
n <- sample(30:100,1)
GI <- sample(d$x, n, replace = TRUE)
c <- data.frame (sample = sample, GI = GI)
c
}
c <- do.call("rbind", lapply(1:30, sim sample))
boot mean <- function (x) {
n <- length (x)
x <- replicate (1000, mean (sample(x, n, replace = TRUE)))

round (quantile (x, c(0.025, 0.5, 0.975)), 2)

Cc %>% group_ by (sample) %>%
summarise(n = n(),

mean = boot mean(GI) [2],

lwr boot mean (GI) [1],
upr = boot mean (GI) [3],
) => cc

cc <- cclorder (-ccSmean), ]

cc$sample = factor(ccS$Ssample, levels = ccS$sample[order (ccSmean)], ordered =
TRUE)

g0 <- ggplot(cc, aes(x = sample))
g0 <- g0 + geom point(aes(y = mean), colour = "red")
g0 <- g0 + geom hline(yintercept = mean(d$nss), col = "green") +
xlab ("Mean Likert score with bootstrapped 95% confidence intervals")
gl <- g0 + geom errorbar(aes(ymin = lwr,ymax = upr)) + coord flip()

gl
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Figure 2. Bootstrapped mean confidence intervals (95%)

Note. Green line = overall mean in original sample, Red dot = mean in simulated sample

In Figure 2, the simulated sample means are given by the red dots. This is an estimate of the
true mean p of the underlying distribution. To make the confidence interval we need to know
how much the distribution of X varies around p. That is, we would like to know the distribution
of 6 =x - p. If we knew the distribution we could find 8,025 and 8 .975 the 0.025 and 0.975 quantiles
of . Then we would have P(3.02s <X - 1 <9975 | ) = 0.95 <> P(X - do25s > 0 > X - 3075 | L) =
0.95 which gives a 95% confidence interval of [X - 0.025, X - d.975]. With confidence intervals,
the probabilities computed are probabilities concerning the statistic X given that the true mean
is u. The bootstrap principle offers a practical approach to estimating the distribution of 6 =X -
w. We approximate it by the distribution of 6* = X* - X where X* is the mean of a bootstrap
sample. Since &* is computed by resampling the original data, we simulate 6* many times (in
this example 1000 times). Hence, by the law of large numbers, the distribution of 6* can be
estimated with high precision. The quantiles 8.025 and 8.975 can be approximated by &* 025 and
d* o75. Every bootstrap 95% confidence interval for p is then [X - 8*0.025, X - 8* 975]. In this way,

we provide a confidence interval that contains the true population mean with 95% chance.

Within this paper, different samples will be formed based on sex assigned at birth and on
whether or not respondents identify with a transgender identity. The previously discussed

techniques will be performed and discussed in terms of their value.
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1.3 Statistics with a Fuzzy scale
Statistical reasoning is a specific and relevant instance of approximate reasoning, under
uncertainty. It refers to the analysis of collective phenomena, namely phenomena which are
defined with reference to a collection of empirical observations. The observed data may be
affected by various types of uncertainty: 1) the measuring system; 2) the way of expressing the
assessment of their measure (e.g. numerically, linguistically, by means of numerical intervals,
etc.); 3) the way they are eventually selected from a larger population; 4) the possible vagueness
in defining the underlying concepts through the use of observable variables (e.g. measuring an
opinion by means of a visual analogue scale) (Coppi, D'Urso, & Giordani, 2006). Due to the
heterogeneity within the concept gender identity, the last option seems to be the case when
measuring gender identity. Some theoretical informational ingredients can be affected by
uncertainty as well. For example, we may doubt the Gaussian assumption when studying the
distribution of a given quantitative variable. Due to uncertainty, also the conclusions of the
process are uncertain. Fuzziness may be adopted as a tool for coping with some types of
uncertainty affecting statistical data (e.g. in case 4 of the above mentioned list). The notion of
fuzzy random variable has been introduced to model random mechanisms generating
imprecisely-valued data which can be properly described by means of fuzzy sets (Colubi,
Coppi, D'Urso, & Gil, 2007). Observed data can be jointly affected by two sources of
uncertainty: fuzziness (due to imprecision, vagueness), and randomness (due to sampling or
measurement errors of stochastic nature). Suitable probability models constitute the usual tool
for dealing with randomness due to sampling from finite or infinite populations. Randomness
and fuzziness may act separately or jointly on the various informational ingredients of a
statistical reasoning process (Zadeh, 1995). From a mathematical viewpoint they are
respectively managed by means of probability and fuzzy sets theories. For this paper, we will

use the notion of fuzzy random variables in the sense of Puri and Ralescu (1986).

It should be mentioned that there are other approaches to model fuzzy data in a random context.
The concept of fuzzy random variable was first introduced by Kwakernaak (1978, 1979), and
later formalized in a slightly different way by Kruse and Meyer (1987). Although mathematical
conditions in the model stated by Puri and Ralescu and in that by Kwakernaak/Kruse and Meyer
coincide for some relevant cases, the situations to be modelled essentially differ. Fuzzy random
variables in Kwakernaak/Kruse and Meyer’s sense formalize either fuzzy perceptions or fuzzy
descriptions of existing real-valued data generated by a random mechanism, and most of the

statistical analysis refers to parameters and characteristics of the distribution of the original real-
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valued data. Instead, fuzzy random variables in Puri and Ralescu’s sense were conceived to
formalize random mechanisms which directly assign fuzzy values/labels, with no underlying
original real-valued process behind. Of course, results and statistical methods using this last
formal notion can be applied for the first one as well, but aim and scope frequently differ: the
interest in Puri and Ralescu’s approach will be usually focused on the parameters/characteristics

of the (sometimes fuzzy) distribution of the fuzzy random mechanism.

As already mentioned above, one can frequently come across an underlying imprecision due to
the vagueness of a concept such as gender identity. This imprecision can be modelled by means
of fuzzy sets. Judgements like ‘strongly disagree’, ‘disagree’, ‘neutral’, ‘agree’, and ‘strongly
agree’ are data that can be frequently encountered in many real-life situations in which
randomness is involved in obtaining data. Most of these labels, which are essentially imprecise,
can be suitably modelled by means of fuzzy sets of the space of real numbers. The methodology
to be illustrated in this paper will allow us to manage these values/categories by exploiting all
the information contained in their meaning, instead of only considering whether these values
are or are not different or whether they occupy different positions in a ranking (as it is usually
done in traditional statistics with categorical and ordinal data).The full exploitation of the
information in imprecise values is achieved through the use of convenient distances between

fuzzy sets.

1.3.1 Formalizing fuzzy data

fuzzy-valued data within this paper will be those belonging to the class
Fc(R) =(U|R 210, 1] | Ua is a compact interval for all a € [0,1]),
where U, denotes the a-level of fuzzy set U, that is
Us=(xeR |Uk) >a)

if a€[0,1]. This definition results in a trapezoidal or triangular fuzzy-valued number, consisting
of four or three data points. The lowest and highest data point form the support (supp, Uo), the

central data point(s) are considered as the core (U1),
Uo = cl(supp) =cl(x € R |U(x) > 0),

with cl(supp) representing the limits of the support for all the fuzzy-valued data. U(x) represents
the degree of compatibility of x with the property defining U, or the degree of possibility of x
being U (Colubi et al., 2007). Figure 3 provides more clarity on the different parameters of
importance in estimating these fuzzy-valued data.
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Figure 3. A fuzzy-valued trapezoidal datum with relevant parameters
Note. Inf(Uo) = infimum of level O-set (support), Inf(Uz1) = infimum of level 1-set (core), Sup(U1) = supremum of
level 1-set (core), Sup(Uo) = supremum of level 0-set (support), cl(supp) = limits of the support.

The space of fuzzy numbers which will model data is denoted by F¢(R). In this way each fuzzy
datum U € F¢(R) to be considered can be characterized by means of the family of compact
intervals ([inf U, sup Uq])acfo,13, with o being fixed at 0 and 1. Many distances between fuzzy
data can be found in the literature (Diamond & Kloeden, 1994; Klement, L., & Ralescu, 1986;
Puri & Ralescu, 1986). In order to analyze probabilistic and statistical aspects of fuzzy random
variables, a metric which has been shown to be very convenient and easy to interpret is the D®w
distance (Bertoluzza, Corral, & Salas, 1995; Lubiano, Gil, Lopez-Diaz, & Lopez-Garcia, 2000).
For U, V ¢ F¢(R) the D®w distance between these two fuzzy-valued numbers U and V is given

by
Dy (UV) =V L /U ol A) = frr(a, NZdW (V) dg()

Where fula,A) = AsupUs + (1 — A)infUs  for the fuzzy-valued number U,

for the fi(a.A) =AsupU, + (1 — NinfU, fuzzy-valued number V, and W and ¢ are
weighting measures which can be identified with probability measures on the measurable space
([0, 1], B[O, 1]): W being associated with a hon—degenerate distribution, whereas ¢ has a
distribution function which is strictly increasing on [0, 1]. ([0, 1], B[O, 1]) refers to the set of
possible outcome values (ranging from 0 to 1) and a Borel s-algebra, which refers to a collection
¥ of subsets of the outcome set. Conditions for W and ¢ are imposed to guarantee that DY is
in fact a metric, but it should be noted that the associated weights have not a stochastic meaning.
Given a probability space (2, A, P) that models the considered random experiment, an
associated random fuzzy number is a mapping X: Q = F¢(R) such that for all a € [0, 1] the a-
level mapping X, is a compact random interval (that is, for all a.€ [0,1] the real-valued mappings
inf X, and sup X, are random variables) (Puri & Ralescu, 1986). Based on Colubi, Dominguez-
Menchero, Lopez-Diaz, and Ralescu (2001), if X: Q = F¢(R) is a fuzzy random number, then

it is a D®w-Borel-measurable mapping with respect to the Borel o-field generated on F¢(R). The
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Borel measurability will enable to consider trivially the induced distribution of a random fuzzy

number as well as the independence of fuzzy random numbers.

Since fuzzy data correspond to [0, 1]-valued mappings on R, they are in fact functional data
with a very intuitive interpretation. However, whereas functional data are often assumed to be
Hilbert space-valued, the space of fuzzy data with the usual arithmetic is not linear. As a
consequence, in the development of many probabilistic and statistical results one should take
special care to guarantee that involved operations do not lead to elements out of F¢(R) (Colubi
et al., 2007; Klement et al., 1986). For this reason, the case of fuzzy data often requires a

specialized analysis.

1.3.2 Relevant parameters of the distribution of a fuzzy random variable
The best known fuzzy parameter is the Aumann-type mean of a fuzzy random variable which
is defined as a fuzzy-valued measure of the central tendency of a fuzzy random variable and
defined as follows (Puri & Ralescu, 1986):

Given a probability space (Q.A.P). if X — F.(RN) is a fuzzy random variable such that
the random variable [max{|infXo|.|supXo|}]? is integrable, then the fuzzy expected
value of X corresponds to E(X) € Fo(R) such that (E(X))a = [E(infXa), E (supXe)]
for all a € [0, 1].

The use of fuzzy random variables can be best illustrated with an example. General practitioners
are classified by patients in accordance with their ‘degree of agreeableness’. The labels assigned
to general practitioners, namely, X1 = ‘very low degree of agreeableness’, X2 = ‘low degree of
agreeableness’, X3 = ‘medium degree of agreeableness’, X4 = ‘high degree of agreeableness’, X5
= ‘very high degree of agreeableness’, have not been assigned on the basis of an underlying
real-valued magnitude, but rather on the basis of subjective judgement/perceptions of the
patients. As a consequence, the classification process can be viewed as a fuzzy random variable
X which takes on five values, X1, X2, X3, X4, and Xs which can be described, for instance, in terms

of S-curves as those in Figure 4.
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Figure 4. Values of the 'degree of agreeableness' of general practitioners

Healthcare insurance companies could be interested in the ‘mean degrees of agreeableness’ of

general practitioners in a given area, that will be denoted by (1, {> and (3. For this purpose, they

consider an overall sample of, for example, n = 133 patients, and observe fuzzy random variable

X on three sub-samples of sizes n1 = 37, n2 = 47 and nz = 49. In this example, for illustrative

purposes, the sample data will be considered as finite populations with the following

distributions:

Table 2. Distribution of the degree of agreeableness of patients in three sub-samples in a given area

X1 X2 X3 X4 X5
& 19 .30 .29 13 .09
&2 19 22 .36 19 .04
& 14 24 .25 27 .10

Note: { = proportion of agreeableness in that area, x; = specified area
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As an illustration of the idea of fuzzy mean, Figure 5 represents the distributions of Table 2

(which can be understood as multinomial distributions with fuzzy values).

- =~~~ A

i \ \
T T T T
25 35 45 55 65 5

Figure 5. Mean (fuzzy) values of the 'degree of agreeableness' of general practitioners for the three considered

distributions in the example

As can be seen in Figure 5, the mean agreeableness corresponding to the sample from (3
(represented by means of a continuous curve —— ) could be interpreted as to be ‘rather low
to slightly moderate’. The mean agreeableness corresponding to the sample from (> (represented
by means of a dash-dot curve - . - .) could be interpreted as to be ‘slightly low to rather
moderate’. The mean agreeableness corresponding to the sample from (3 (represented by means
of a dashed curve ---) could be interpreted as to be ‘moderate to rather high’. The distributions
have a trapezoidal shape, which is typical for fuzzy data.

The Aumann-type mean value is the most common used value to get some idea about the central
tendency of a sample or population of fuzzy data. Nevertheless, one should know that the
Aumann-type fuzzy mean also inherits from the real-valued case the sensitivity of the mean to
the existence of extreme values (outliers). Questioning gender identity often involves high
values (very masculine, very feminine), so discussing and calculating the median can also be
interesting. The median of a real-valued random variable is usually defined in two equivalent
ways, namely: either as a middle position value with respect to a specified ranking, or as a value
minimizing the mean distance to the distribution of the variable through an L!-type metric.
Since fuzzy numbers cannot be ranked through a universally acceptable total ordering, the
second definition will be considered based on the metric p1. This metric is called the 1-norm

distance between fuzzy numbers and can be defined as follows:

- 1 /1 - - N i
(U, V) = = / (|[infUy — infVy| + |supU, — supV,|)do
Jo
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This distance p1 is shown to be easy-to-handle for purposes of extending the notion of the
median. Following Sinova, Gil, Colubi, and Van Aelst (2012), when specifying trapezoidal
fuzzy data, the sample 1-norm median can be defined as follows:

Given a probability space (Q,A, P) and an associated random fuzzy number variable
X. the median of the distribution of X is the fuzzy number Me(X) € F.(R) such that
E(pi1(X.Me(X))) = minE(py(X.0))

The lack of a universally acceptable total ordering between fuzzy numbers is overcome by using
this L! type distance between fuzzy numbers based on the 1-norm and on the
infimum/supremum (or on the support function) of the fuzzy numbers. The support function
refers to all the points with nonzero membership. Unlike the median for random variables, the
median for any random fuzzy number does not necessarily match any of the observed random
fuzzy numbers. Calculations involved can be performed using specific R functions. As an
example that confirms this claim and illustrates the calculation of the median, let’s consider the
random fuzzy number associated with the ‘overall assessment’ of agreeableness of one general
practitioner, but now of 31 randomly selected patients (fictitious) for whom values are shown
in Table 3. Trapezoidal fuzzy numbers for the median (Tra() ) are calculated for each patient
(Pt). The outermost two numbers refer to the support of the fuzzy number, the inner two

numbers represent the core.

Table 3. Trapezoidal responses to the overall rating of agreeableness of 31 patients

Pt Tra() Pt Tra() Pt Tra()

1 50-60-70-78 12 31-51-51-81 22 65-70-75-80
2 44-47-51-68 13 50-60-70-80 23 72-79-88-92
3 44-50-70-77 14 46-56-56-66 24 80-90-90-100
4 86-90-96-99 15 57-66-74-100 |25 69-76-85-89
5 50-60-70-80 16 0-1-7-15 26 60-70-80-90
6 39-49-59-69 17 60-70-90-100 |27 66-95-95-100
7 35-45-55-66 18 77-82-87-92 28 50-60-70-78
8 54-60-64-77 19 57-60-64-67 29 60-70-70-80
9 60-65-65-70 20 51-61-61-71 30 50-60-60-70
10 91-96-96-100 |21 18-28-28-38 31 40-50-50-60
11 60-70-70-80

Note: Pt = Patient, Tra() = Trapezoidal fuzzy number.
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The corresponding median can be estimated using a large number of levels, according to the

ideas of Trutschnig, Lubiano, and Lastra (2013), and is shown in Figure 6.

AN
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Figure 6. Median of the random fuzzy number overall rating of agreeableness

The fuzzy median associated with the data in Table 3 shown in Figure 6 does not match any of
the data. Formally proven in Sinova et al. (2012), the 1-norm median is more robust than the
average since it is somewhat less influenced by possible ‘outliers’ (in this case, some high
values). Also this example shows that the mean is less robust than the median. For example, if
the response of the 16" patient (who clearly represents an outlier in the sample) is removed
from the dataset, the median hardly varies, while the mean increases by about 2 units (more
specifically, the mean response for the 31 patients is Tra(54.07, 62.33, 69.69, 78.58), while
once the 16" answer is removed the mean is equal to (55.06, 64.30, 71.50, 80.61).

Another fuzzy parameter is the absolute variation of a fuzzy random variable, which can be
obtained, for instance, by expressing how much ‘in error’ a number is expected to be as a
description of variable values. This error can be quantified in a natural way as follows (Korner,
1997):

Let X : Q — F¢(R) be a fuzzy random variable so that [max{|infXo|. |supXo|}]? is

integrable. then, the variance of X is given by

Var(X) = E([D%, (X .E(X))]* = /Q[n;‘;.(.\'(w).L‘(X))]%/P(co)

For the distributions in the example the absolute variation of X in the different finite populations
can be quantified. For example, the variations are Var(X|(wiy,...,w137)) = 731.09,
Var(X|(w24,...,w2,47)) = 746.51, Var(X|(wzy, ...,w3.49)) = 813.14. Since the scales for the fuzzy
mean values are similar, absolute variations are comparable, hence it can be concluded that
patients from i and Q. show close variations, whereas (in the absolute sense) X is slightly

more variable over the patients from Q3 than in the previous two ones.
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1.3.3 Estimation/testing on relevant parameters associated with fuzzy random variables
The sample fuzzy mean value X, = 1/n (X1 + ... + X;) discussed in the previous section is an
unbiased and consistent estimator of the fuzzy parameter E(X). The fuzzy mean of the fuzzy-
values estimator X, over the space of all random samples equals E(X) and X, converges in
probability almost-surely to E(X). Since the distributions in the example above correspond to
random samples of patients, the samples can be utilized as samples from unknown populations
Q1, Qo and Q. Thus, the (sample) mean values in Figure 5 are fuzzy estimates of the population

mean values.

In testing the null hypothesis Ho: E(X) = U ec(R) at the nominal significance level a € [0,1], Ho
should be rejected whenever

Di (X, U
[ H &) )} >z,

with

= 1 .. . 52 _ 1 24 ~ [Df (.
Xp=—(Xi+.+X,) Stwg Z Ki= i exn S, -2 "
i n ‘

(Colubi et al., 2007). For example, health insurance companies are interested in checking
whether or not the ‘mean degree of agreeableness’ of general practitioners in each area is
‘medium/high’, where this value is assumed to be described by means of the fuzzy set described
in Figure 7.
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Figure 7. fuzzy value medium/high

By applying bootstrap techniques to test such a hypothesis on the basis of the available sample
data, we get the P-values for Q1, Q, and Q3, which are 0.004, 0.006 and .11. This means that,
at significance level 0.05, the ‘mean degree of agreeableness’ in area (3 can be accepted to be

‘medium/high’, whereas this is not sustainable in Qi and Q.

Besides inferences on the mean, inferences on the variance can also be interesting when testing
hypotheses. Consider a fuzzy random variable X : Q = F¢(R) associated with the probability
space (Q, A, P) [max{|infXo|.[supXo[}]* and such that is integrable. Let Xu,...,Xn be fuzzy
random variables which are independent and identically distributed as X. Then the corrected

sample variance
G -1 s [Df (X, X))
(W) T ;Z U,'(‘ i< u”
i=1

is an unbiased and consistent estimator of Var(X): that is, the mean of the real-valued estimator
S2w.y) over the space of all random samples equals Var(X) and S?w.,) converges in probability
almost-surely to Var(X) (Colubi et al., 2007).

In testing the null hypothesis Ho: Var(X) = 8o € R at the nominal significance level a € [0, 1],

Ho should be rejected whenever

Vil i DG (Xi Xa)2 = do|

where z, is the 100(1 — a) fractile of a N(0,1) distribution, where
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Assume that health insurance companies believe that an absolute variation in the ‘degree of
agreeableness’ of less than or equal to 730 can be permitted. The last test can be performed to
test whether the variation in Q1, Qo, and Qs fulfills such a condition. The corresponding P-
values are given by .91, .61 and .13, hence the hypothesis that the variability is being admissible

for each of the three areas can be accepted at the usual significance levels.

1.3.4 R analysis for Fuzzy scales
The implementation of Fuzzy linear regression methods in R can be facilitated by a number of
designed packages, such as FuzzyNumbers, fuzzyreg, and SAFD (Gagolewski & Caha, 2019;
Skrabanek & Martinkova, 2018; Trutschnig et al., 2013). The package FuzzyNumbers provides
an excellent introduction into fuzzy numbers and offers great flexibility in designing trapezoidal
fuzzy numbers. However, in order to implement Fuzzy linear regression with the package
fuzzyreg, triangular fuzzy numbers (TFN) are needed. So the trapezoidal fuzzy numbers have
to be simplified to vectors of length 3. The first element in these vectors specify the central
value X, where the degree of membership is equal to 1. The second element is the left spread,
which is the distance from the central value to a value x; where the degree of membership is 0
(X1< Xc). The left spread is thus equal to Xc — xi. The third element is the right spread, i.e. the
distance from the central value to a value x; where X > Xc. The central value X is the core, and
the interval (xi, xr) is the support of the TFN. Since we are working with non-symmetric fuzzy
numbers (different spreads on the left and the right of the central value) Fuzzy least squares
(FLS) will be used as method of analysis because it supports a simple Fuzzy linear regression
for a non-symmetric triangular fuzzy variable. This probabilistic-based method calculates the
fuzzy regression coefficients using least squares. The fuzzy regression models can be used to
predict new data within the range of data used to infer the model. A model with three regression
functions can be calculated: one for the central tendency of the fuzzy regression model, one for
the lower boundary of the model support interval, and one for the upper boundary of the model

support interval.
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In testing the hypotheses for equal trapezoidal means and medians, functions will be written. In
these functions, two new test statistics were calculated, not introduced in the previous section.

These are the ‘degree of acceptance of the Ho’
(D(P > Y9))
and ‘the degree of rejection of the Ho’
(D(S>P)=1-D(P>Y)

in accordance with the definition from Parchami, Taheri, and Mashinchi (2010). When the
degree of rejection is higher than 0.05, we reject the null hypothesis. When the degree of
acceptance is higher than 0.05, we cannot reject the null hypothesis. An accompanying fuzzy
P-value was calculated as well, which can also have the shape of a trapezoidal fuzzy number
(Parchami, Taheri, & Mashinchi, 2012). The shape refers to the interval within which the P-

value lies.

At last, a one-way analysis of variance (ANOVA) model for fuzzy data is introduced with an
F-test for fuzzy data (see Lin, Arbaiy, and Hamid (2017) for a detailed introduction). Two F-
test statistics are calculated here: an F-statistic for the central point of the observations, and an
F-statistic for the range of observations. For each of these F-statistics, a P-value can be

calculated (under the F-distribution) and an overall P-value can be calculated as
P=(Po+P)/2,

With P, the P-value for central point o and P, the P-value for range I.
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2. Research question and methodology

2.1 Research question and hypotheses
This study will examine a Likert scale and a Fuzzy scale when measuring gender identity,
focusing on two predictors of gender identity, sex assigned at birth and identification with a
cisgender/transgender identity. Previous research showed that gender identity is not a concept
that can be easily categorized. For example, when respondents are asked how they identify
themselves and different options are offered, a large number of respondents indicate that they
cannot choose a specific option, they want to choose multiple options, or they want to choose
a point between two options (Lubiano, de la Rosa de Saa, et al., 2016; Meier & Motmans, 2020).
Previous research has already shown that the use of a scale for measuring gender identity may
therefore offer a solution ((Bakker & Vanwesenbeeck, 2007; Bockting et al., 2009; Dierckx et
al., 2017; Schoonacker et al., 2009). The Likert scale, on the other hand, has a number of
disadvantages that can complicate the use of this scale in the context of measuring gender
identity. The Fuzzy scale, another type of scale that takes into account the uncertainty of a
concept, might be a better option in research on gender identity, both at a population level and
at a more population-specific level. This paper therefore examines the following research
question: Is the Fuzzy scale more suitable for mapping gender identity than the Likert

scale?

The use of a Fuzzy rating scale could yield somewhat different statistical conclusions. To
investigate this, we will compare multiple groups with each other, and differences based on the
type of scale will be examined. One the one hand, groups will be compared based on their sex
assigned at birth (respondents AMAB versus AFAB). On the other hand, groups will be
compared based on their identification with a cisgender or transgender identity (cisgender
versus transgender respondents). Since a Fuzzy set scale provides much more information than
a Likert scale (four points instead of one option are provided based on this type of scale), we
therefore predicted that differences between groups will be more visible when a Fuzzy scale is
used. In line with past work, we hypothesize that the spread (variance, standard deviation) of
gender identity will be higher when using a Fuzzy set scale, in comparison to a Likert scale.
Also, if differences between these groups exist, we hypothesize that differences will be more

easily detected with a Fuzzy scale than with a Likert scale.

We aim to compare the values of the fuzzy descriptive measures in the preceding section with
their counterparts for Likert-type data, and to conclude about the differences between the use

of the two response scales. Different tests will be performed to evaluate the means, medians,
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and spreads of the different groups under investigation. The paper will study if these measures
are similar over the two types of response scales, and between groups within the same type of
response scale (with groups formed on the basis of SAAB and cisgender/transgender identity).
Managing data on the same respondents makes it possible to perform valuable investigations

and researchers can apply a variety of modeling techniques to explore important issues.

2.2 Methodology
The study was approved by the Committee for Medical Ethics of Ghent University Hospital.
Social media was used (Facebook) to motivate respondents to participate in the study. Since the
topic is a sensitive topic for some people, the survey was not promoted in closed Facebook
groups. However, a separate, public Facebook page was created to promote the study. Several

people shared the survey, in order to reach a sample as representative as possible.

The online and anonymous survey was constructed using KoBoToolbox. This is a free and open
source suite of tools for data field collection. It allows to construct a questionnaire, with
different types of questions (categorical, numeric, string). The survey was online for 1 month
(between May 18 and June 17). The survey consisted of seven questions for each respondent
(see Appendix A). The first question asked for informed consent. A short description of the
study, followed by the requirement that a respondent had to meet (being at least 18 years of
age), was given. The second question assessed sex assigned at birth, meaning the assigned sex
on their original birth certificate. The third and fourth question questioned gender identity, on
the one hand with a Likert scale, on the other hand with a Fuzzy scale. Since a previous, small-
scale, pilot study already showed that a number of people indicated that the question with the
Fuzzy scale was difficult to understand, the fifth question asked to what extent respondents
found the use of a Fuzzy scale difficult. This was a categorical question with three answer
options (‘not difficult at all', 'somewhat difficult’, 'very difficult’). An open question was also
included so that respondents could add anything if they wanted to. The last question asked if
the respondent identified (or had ever identified) as transgender. In that way, hypotheses
regarding differences between cisgender and transgender respondents could be studied. To
compare the values of descriptive measurements (such as the mean, median and variance) and
to draw conclusions about the differences between the use of the scales, the survey made use

of both scales.

The second question used a 5-point Likert scale, with the options ‘Very masculine’, ‘Somewhat

masculine’, ‘Not masculine nor feminine’, ‘Somewhat feminine’, and ‘Very feminine’.
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For the third question, a guideline for the mechanism to draw the value that better expresses a

response according to a Fuzzy rating scale was followed (Hesketh, Pryor, & Hesketh, 1988):

1) A reference bounded interval was first considered. This is often chosen to be [0,10] or
[0,100]. Within this paper, an interval of [0,10] with two decimal places was used. The
endpoints are often labeled in accordance with their meaning, referring to the degree of
agreement, satisfaction, quality, and so on. For this article, the endpoints were feminine
and masculine depending on the sex assigned at birth. For example, if a respondent
indicated that they were assigned female at birth, the endpoints were 0 = masculine to
10 = feminine (see Figure 8).

Masculine fissesssgssseisssiqssssasessiiorssssoas oeseasecs S (RTI s I Femiiine
0 1 2 3 4 5 6 7 8 9 10

Figure 8. Step 1: A reference bounded interval with endpoints

2) Subsequently, the support, or O-level set, was determined. It corresponds to the interval
consisting of the actual values within the reference that are considered 'somewhat

compatible’ with the response (see Figure 9).

Masculine(rssessessgesesssncsaressssasaseransssassnsrunasancess | 1 Feminine

0 1 2 3 4 5 6 7 8 9 10

Figure 9. Step 2: The support, associated with the response

3) Thenthe core, or 1-level set, that belongs to the response was determined. It corresponds
to the interval consisting of the actual values within the reference that are considered

'fully compatible' with the response (see Figure 10).

Masculing [ S e S -

0 1 2 3 4 5 6 7 8 9 10

Figure 10. Step 3: The core, associated with the response
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4) Ultimately, the two intervals can be ‘linearly interpolated’ to get a trapezoidal fuzzy
number. This last step was not visible to respondents, because it is an optional step only
to make the scale clearer.

e T T gy S = s TR

Figure 11. (Optional) step 4: trapezoidal fuzzy number

After data collection, data cleaning and data analysis was performed using R, version 3.6.3
(RStudio Team, 2020). Different statistical methodologies are needed to analyze responses
from a Likert scale-based and a Fuzzy rating scale-based question. For some analyses, the items
had to be reverse-scored. For example, when using the Likert scale, cisgender respondents
AMAB and respondents AFAB were compared on a five-point Likert scale. To be able to
investigate if these two groups identified differently (do respondents AMAB identify as
strongly as masculine as respondents AFAB identify as feminine), the scores for respondents
AMAB were reverse-scored (someone identifying as very masculine (score 1) will get a score
of 5). In that way, a high score corresponds to strongly identifying with the sex assigned at
birth, a low score corresponds to identifying with the gender opposite to the sex assigned at
birth. R-packages called Likert (Bryer, 2016), FuzzyNumbers (Gagolewski & Caha, 2019),
fuzzyreg (Skrabanek & Martinkova, 2018, 2019) and SAFD (Trutschnig et al., 2013) have been
recently designed to help perform computations with Likert and random fuzzy sets. Statistical
conclusions will differ depending on the considered scale, and practical implications from this

fact will be discussed.

2.4 Data preparation and initial cleaning
The dataset used within this study can be found in Appendix B. The data-cleaning process
excluded respondents who did not give their consent (n = 1), who terminated the survey after
the question about sex assigned at birth (n = 27), and who did not provide four numbers for the
Fuzzy scale (n = 8).
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3. Results
The final sample consisted of n = 145 respondents, of which 54 assigned male at birth (AMAB,;
Q2_a. = Male) and 91 assigned female at birth (AFAB, Q2_a. = Female), 127 having a
cisgender identity (Q7. = No) and 18 having a transgender identity (Q7. = Yes) (see Appendix
A). On the basis of these two questions (Q2 and Q7), the four groups for analysis were formed.
Respondents within the transgender group are those respondents who identify with a
transgender identity.

First, participants’ gender identity measured with a Likert scale was analyzed. Using a function
to provide various statistics about Likert type items, we could see that more cisgender
respondents AMAB chose for options in between or opposite to their sex assigned at birth than
cisgender respondents AFAB (see Table 4).

Table 4. Respondents AMAB and AFAB choosing a category for their gender identity (Likert scale) (%)

AMAB AFAB
Masculine 86.96 5.00
Both/Neither | 8.70 5.00

Feminine 4.35 90.00
Note: AMAB = assigned male at birth, AFAB = assigned female at birth.

When comparing cisgender respondents with transgender respondents, more transgender

respondents chose the option in between masculine and feminine (see Table 5).

Table 5. Cisgender and transgender respondents choosing a category for their gender identity (Likert scale) (%)

Cis Trans
Masculine 3492 4444
Both/Neither 6.35 16.67
Feminine 58.73  38.89

Note: Cis = cisgender, Trans = transgender.

Means and standard deviations for each of the four groups are presented in Table 6. For
respondents AMAB and AFAB, scores range from 1 (very masculine) to 5 (very feminine). For
cisgender and transgender respondents, scores range from 1 (strong identification with gender
opposite to the SAAB) to 5 (strong identification with SAAB).
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Table 6. Means and standard deviations, measured with a 5-point Likert scale

AMAB AFAB Cis Trans
M 1.65 4.29 3.32 1.89
SD 0.82 0.78 0.79 0.90

Note: AMAB = assigned male at birth, AFAB = assigned female at birth, Cis = cisgender, Trans = transgender.

To permit a visualization of the Likert items, density plots were created that treat the Likert
variable as a continuous variable (see Figure 12). As expected, the figures belonging to the
respondents AMAB and AFAB show an opposite pattern. Respondents AMAB mostly identify
with a masculine identity and respondents AFAB mostly identify with a feminine identity. The
figures belonging to the cisgender and transgender respondents have been recoded first, in such
a way that a low score represents not identifying with the sex assigned at birth and high scores
represent identifying with the sex assigned at birth. This will make comparisons between groups
more meaningful. Cisgender respondents scored their gender identity mostly in alliance with
their sex assigned at birth, unlike transgender respondents, who more often identified their

gender identity as opposite to their sex assigned at birth.

AMAB AFAB

Cis TRANS

Figure 12. Likert density plots for each of the groups

Note: red line = mean, AMAB = assigned male at birth (top left), AFAB = assigned female at birth (top right),
CIS = cisgender (bottom left), TRANS = transgender (bottom right).

Second, participants’ gender identity was measured with a Fuzzy scale. Four numbers were
obtained to form a trapezoidal fuzzy number, which means that the function’s graph forms a

trapezoid with the [0-1]-axis (see Figure 11). With the mathematics discussed in the literature
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study, means, standard deviations and medians could be calculated for each of the four points.

fuzzy means, standard deviations, and medians can be found in Table 7. A score of 10 on the

Fuzzy scale corresponds to strong identification with sex assigned at birth, a score of 0

corresponds to a gender identity opposite to sex assigned at birth.

Table 7. Trapezoidal means (M), standard deviations (SD) and medians (Md) for every group

AMAB

AFAB

CIS

TRANS

SD
Md

Tra(6.67, 7.48, 8.69, 9.24)
Tra(2.24, 1.89, 1.48, 1.43)
Tra(7.05, 7.97, 8.99, 9.64)

Tra(6.43, 7.51, 8.45, 9.17)
Tra(1.83, 1.51, 1.24, 1.09)
Tra(6.95, 7.88, 8.61, 9.56)

Tra(6.52, 7.50, 8.54, 9.20)
Tra(1.22, 1.66, 1.33, 1.22)
Tra(7.00, 7.92, 8.72, 9.60)

Tra(2.30, 3.57, 5.24, 6.09)
Tra(2.55, 3.02, 3.15, 2.94)
Tra(1.74, 3.00, 4.74, 5.94)

Note: AMAB = assigned male at birth, AFAB = assigned female at birth, CIS = cisgender, TRANS = transgender.

These results were graphically interpolated in order to visually provide a clear view of the

variation of gender identity within each group. An overview of the mean trapezoidal fuzzy

number, as well as the fuzzy median within each group, is shown in Figure 13.
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Figure 13. Trapezoidal mean and median for each of the groups

Note: AMAB = assigned male at birth (top left), AFAB = assigned female at birth (top right), CIS = cisgender
(bottom left), TRANS = transgender (bottom right).
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Next, in order to evaluate differences between groups, various tests were applied depending on
the used scale. For the Likert type scale, the following tests were applied depending on the
hypotheses of interest: a Levene’s test, an Analysis Of Variance (ANOVA), a Kruskal-Wallis
test, a Pearson Chi-Squared test, and a bootstrapping approach. For the Fuzzy scale, Fuzzy
linear regression was applied first with a Fuzzy least squares method in order to provide a
regression model able to predict gender identity in the AMAB and AFAB population, as well
as in the transgender and cisgender population. Also, a function was designed in order to test
for differences between means and medians. This function was based on the Aumann-type mean
and the 1-norm median discussed in the literature study, and tested the hypothesis Ho of equal
means/medians between groups against the alternative hypothesis Ha of an absolute difference
of means/medians > 1 (Parchami et al., 2012). For every respondent, trapezoidal fuzzy means
and medians were calculated, with corresponding standard deviations. With significance a =
.05 and sample sizes taken into account, a trapezoidal p-value could be plotted, together with a
degree of acceptance/rejection of the Ho in order to decide to accept the Ho or the Ha. At last,

an F-test was used to compare the between group variation with the within group variation.

3.1 AMAB - AFAB comparisons
To be able to compare cisgender respondents assigned male at birth and assigned female at birth
on the Likert type scale, scores for respondents AMAB were reverse scored. In that way, a high
score on the Likert scale indicates identifying as very masculine when AMAB and as very
feminine when AFAB. First, a Levene’s test to test homogeneity of variances was performed.
The null hypothesis assuming equal variances could not be rejected (F(1,124) = .26, p = .610).
The analysis of variance did not show a significant difference between the mean scores of both
samples (F(1,124) = .17, p = .683). However, the residuals from the ANOVA model did not
seem to follow a normal distribution. A Kruskal-Wallis test was applied to obtain more reliable
results. No significant difference between the location parameters of the distributions of the
scores between the samples could be found (X2(1) = .39, p = .532). To perform a Pearson chi-
squared test with the Likert scale treated as a categorical variable, three groups were formed for
each of the five Likert scores. The first group was formed as those respondents identifying very
or somewhat opposite to their sex assigned at birth, the second group were the respondents
identifying with both a feminine and masculine or neither a feminine nor masculine identity.
The third group was based on those respondents identifying somewhat or very with their sex
assigned at birth. Again, no significant difference between the two groups could be found here

(X%(2) =.68, p = .710). However, three cells had an expected frequency of less than five, which
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is one of the assumptions of a Chi-square test in order to obtain reliable results. Therefore a
Fisher exact test was performed because it does not make the assumption of at least 5 expected
frequencies in each cell. Also here, no significant difference between respondents AMAB and
AFAB could be found (p = .748). Last, a bootstrapping approach was applied, because gender
identity has not yet been clearly mapped in the population to this day. Since no differences were
found between cisgender respondents AMAB and AFAB, a general bootstrap procedure could
be used to estimate the mean value and distribution of gender identity in the population. The
results of the bootstrapping procedure are presented in Figure 14. When 30 samples were
randomly selected from the cisgender original sample, an overall mean of 4.31 was found.
Between the 30 samples, the mean ranged between 4.15 and 4.45. The intervals ranged from
3.98 to 4.59. As expected with cisgender respondents, the average ranged between identifying
somewhat or very with the sex assigned at birth and with 95% probability the true population

average lies between these intervals.
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Figure 14. Bootstrapped mean confidence intervals (95%) for respondents AMAB and AFAB together

Note: Green line = overall mean in the original sample, Red dot = mean in simulated sample.

The package FuzzyNumbers (Gagolewski & Caha, 2019) provided an excellent way to
construct a trapezoidal Fuzzy scale dataset. However, in order to use the package fuzzyreg
(Skrabanek & Martinkova, 2018), a special case of fuzzy numbers was required, the triangular
fuzzy numbers (TFN). The conversion from an object of the class FuzzyNumber to a TFN used
in fuzzyreg required adjusting the core and the support values of the FuzzyNumber object to
the central value and the spreads. After approximating TFNs for respondents AMAB and
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AFAB, a Fuzzy least squares method was applied in order to estimate a model for gender

identity. The following models were provided:
(1) Ye = 7.48 + 0.03 * X
(2) Y1 =6.67 - 0.24 * x
(3) Yr=9.24 - 0.07 * x

with (1) being the fuzzy regression model for the central tendency, (2) being the model support
interval for the lower boundary and (3) the model support interval for the upper boundary. X is
a dummy variable for sex assigned at birth, with AMAB as the reference category. With these
models, it is predicted that persons AFAB score on average 0.03 units higher on the gender
identity Fuzzy set scale, with a lower boundary on the left (- 0.24) and a lower boundary on the

right (- 0.07), in comparison to persons AMAB.

In testing the hypotheses that the mean and median values are the same for respondents AMAB
and AFAB, a function was written. With this function, significance was provided on the basis
of ‘the degree of acceptance/rejection), with a = 0.05 (Parchami et al., 2010). The Ho stated that
the absolute difference in trapezoidal means (and trapezoidal medians) between groups was 0.
The alternative hypotheses (Ha) stated that the absolute difference was bigger than 0. For the
absolute mean difference of the trapezoidal fuzzy numbers, a degree of acceptance D(P>S) =
0.99 was found. Therefore, the Ho could not be rejected. There is no significant difference in
the trapezoidal mean fuzzy values for respondents AMAB and AFAB. For the absolute median
difference, a degree of acceptance D(P>S) = 0.95 was found. Again, the Ho assuming equal
trapezoidal medians, could not be rejected. Accompanying trapezoidal P-values are provided

in Figure 15.
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Figure 15. Fuzzy trapezoidal P-values for the difference in means (left) and medians (right) for respondents AMAB
versus AFAB
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At last, a One-Way ANOVA test was performed, comparing the between group variation with
the within group variation of both AMAB and AFAB groups. The hypothesis Ho assumes that
there is no significant difference between both groups. This means that the between group
variation is much smaller than the within group variation. For the central point of observations,
we got the F-statistic Fo(1,125) = .24, and the P-value is P, =.628. For the range of observations,
we got the F-statistic Fi(1,125) = 0.36, and the P-value is P = .552. We get P = (Po + P)) / 2 =
590 > 0.05 under a 95% significance level. Hence, we do not reject the Ho. Between
respondents AMAB and AFAB, a significant difference in between group variation, compared

to within group variation, could not be observed.

3.2 Cisgender — Transgender comparisons
The same tests as in the previous section were used to compare the cisgender and transgender
group. Again, AMAB respondents were recoded so that the respondents with a high score
identify with their sex assigned at birth, and the respondents with a low score do not identify
with their sex assigned at birth, regardless of a transgender or cisgender identity. A Levene's
test was first applied to see if the variances between the two samples were equal. The Levene's
test showed no significant result (F(1,142) = .11, p =.745). Then an ANOVA test was applied
to look for a significant difference in the mean values for gender identity. Here the null
hypothesis, which assumes equal mean values, could be rejected (F(1,142) = 144.83, p <.001).
Because the distribution of the residuals was not normally distributed, a Kruskal-Wallis test
was performed to check for a possible false positive. However, again a significant difference in
gender identity was found between both groups (X?(1) = 45.53, p <.001). The Likert scale was
then categorized to see whether differences were still present when respondents were divided
into three groups (a group that does not identify with their sex assigned at birth, a group that
identifies with a male and/nor female sex assigned at birth, and the group that strongly identifies
with their sex assigned at birth). The Chi-square test also showed that there was a significant
association between Likert scale scores and identifying with a transgender or cisgender identity
(X2(2) = 77.34, p <.001). However, two cells contained less than five expected frequencies.
Therefore a Fisher exact test was performed. The conclusion of the Fisher exact test was the
same, there is a difference between the three groups for cisgender and transgender respondents
(p <.001). Because a significant difference in gender identity was found with each test, a
bootstrap procedure was used to estimate the mean for transgender respondents, with
corresponding intervals with a 95% probability (see Figure 16). For the bootstrap results for

cisgender respondents, see the previous section.
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Figure 16. Bootstrapped mean confidence intervals (95%) for transgender respondents

Note: Green line = overall mean in the original sample, Red dot = mean in the simulated sample.

As predicted, the estimated mean of cisgender individuals is more on the side of identifying
with the assigned sex at birth, while the estimated mean of transgender people is more on the
side of identifying with the gender opposite to their sex assigned at birth. The estimated mean
across all samples for transgender people ranged between 1.61 and 2.08, with 95% confidence

intervals ranging from at least 1.42 to at most 2.41.

The package FuzzyNumbers (Gagolewski & Caha, 2019) and the package fuzzyreg (Skrabanek
& Martinkova, 2018) was used again to apply a Fuzzy least squares method. After
approximating TFNs for cisgender and transgender respondents, the FLS method was applied
in order to estimate a model for gender identity. The following models were provided:

(1) Ye = 3.57 + 3.93 * x
() Y1 =23+422*x
(3) Yr = 6.09 + 3.11 * x

with (1) being the fuzzy regression model for the central tendency, (2) being the model support
interval for the lower boundary and (3) the model support interval for the upper boundary. X is
a dummy variable for transgender identification (yes/no), with transgender (yes) as the

reference category. With these models, it is predicted that cisgender persons score on average
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3.93 units higher on the gender identity Fuzzy set scale (with a range from 0-10), with a higher
boundary on the left (+ 4.22) and a higher boundary on the right (+ 3.11), in comparison to
transgender persons.

In testing the hypotheses that the mean and median values are the same for cisgender and
transgender respondents the same function as discussed in the previous section was applied,
with a = 0.05 (Parchami et al., 2010). The Ho stated that the absolute difference in trapezoidal
means (and trapezoidal medians) was 0. The alternative hypotheses (Ha) stated that the absolute
difference was bigger than 0. For the absolute mean difference of the trapezoidal fuzzy
numbers, a degree of rejection D(S > P) =1 was found. Therefore, the Ho could be rejected.
There is a significant difference in the trapezoidal mean fuzzy values for cisgender versus
transgender respondents. For the absolute median difference, a degree of rejection D(S > P) =
1 was found. Again, the Ho stating equal trapezoidal medians, could be rejected. Accompanying

trapezoidal P-values are provided in Figure 17.
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Figure 17. Fuzzy trapezoidal P-values for the difference in means (left) and medians (right) for cisgender versus

transgender respondents

To finish, a One-Way ANOVA test was performed, comparing the between group variation
with the within group variation of both cisgender and transgender respondents. The hypothesis
Ho assumes that there is no significant difference between both groups. This means that the
between group variation is much smaller than the within group variation. For the central point
of observations, an F-statistic of Fo(1,143) = 80.41 was found, with a P-value of P, < .001. For
the range of observations, an F-statistic of Fi(1,143)= 6.63 was found, with a P-value of P, =
.011. We get P = (P, + Py) / 2 = .006 < 0.05, under a 95% significance level. Hence, we do
reject the Ho. Between transgender and cisgender respondents, a significant difference in

between group variation, compared to within group variation, was observed.
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4. Discussion

Quantitative data analysis is promising in terms of investigating gender identity. However,
current methods in quantitative research are no longer in line with existing knowledge about
gender identity. Most quantitative studies simply conceptualize gender identity in the same way
as sex assigned at birth and question the concept through the same closed question with a binary
answer option "male" and "female". Uncertainty about how gender diversity should be
researched remains apparent. This paper aimed to compare the values of descriptive measures
of fuzzy data with their counterparts for Likert-type data, and to descriptively conclude about
the differences between the use of the scales, by using two types of responses. These two
responses, measured with a 5-point Likert scale and a Fuzzy scale, were used to map gender
identity. Four groups, on the one hand, respondents AMAB and AFAB, on the other hand,
cisgender and transgender respondents, were compared on both scales. A number of factors
limit our ability to make a conclusive determination of the results. Some of these factors are
internal to the study (small transgender sample size, issues of representativeness), whereas
others have to do with the lack of research on gender identity in general and the dearth of

research among transgender and gender non-binary communities in particular.

Regardless of these limitations, some results confirmed our initial hypotheses. Firstly, standard
deviations measured with a Fuzzy scale were indeed higher than when measured with a Likert
scale, which indicated that the Fuzzy rating scale is much richer and more expressive, and it
captures a higher subjectivity and variability in responding, than Likert ones. To support and
illustrate this assertion, one can consider a combined graphical display of a double response to
the questions about gender identity. The Likert scale-based response chosen by three cisgender
respondents AMAB corresponded to Q3 = “Very masculine’, and the fuzzy rating scale-based
responses for the same respondents are definitely different (see Figure 18). This evidence
supports the use of the Fuzzy rating scale since the richness and
diversity/variability/subjectivity of the available information clearly increase w.r.t the Likert

scale.
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Figure 18. Example of three double responses to Q3 for which the Likert-type ones coincide while the Fuzzy-type

ones clearly differ

Secondly, statistical conclusions were somewhat different depending on the scale. With the
Likert scale, a Levene’s test, a One-way ANOVA, a Kruskal-Wallis test, a Pearson X2 test
(Fisher exact test), and a bootstrapping approach were applied. For respondents AMAB versus
AFAB, no significant difference in gender identity scores could be found (see Table 8 for an
overview of results). A bootstrapping approach predicted mean and confidence intervals for the
true population mean (with a 95% significance level). With the Fuzzy scale, a Fuzzy linear
regression with a Fuzzy least squares method, a function to test differences between means and
medians, as well as a One-Way ANOVA test were applied. Also here, no significant differences
in gender identity scores were found between respondents AMAB and AFAB (see Table 8).
For cisgender and transgender respondents, significant differences in gender identity scores
were found on both scales (see Table 9 for an overview of results). The hypothesis that if there
were differences between groups in terms of gender identity, they would be noticed by a Fuzzy
scale rather than a Likert scale, was not confirmed. When comparing respondents, a high score
was conceptualized as identifying strongly with the SAAB, a low score was conceptualized as
identifying strongly with the gender opposite to the SAAB. The comparisons between AMAB
and AFAB respondents showed that there are no significant differences between the two groups

in terms of their gender identity. Both respondents AMAB and AFAB showed a similar pattern
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of responses, hence the non-significant results. Differences between cisgender and transgender

respondents were significant, but these differences were detected by both scales. For a concept

such as gender identity, it does not seem necessary to use a Fuzzy rating scale. To provide

additional support for this claim, two questions were added to the questionnaire based on the

pilot study.

Table 8. Summary of the results from the different tests used to compare respondents AMAB versus AFAB

LIKERT

Test statistic (p-value)

Levene's Test
Analysis of Variance
Kruskal-Wallis test

Pearson's Chi-squared test

F(1,124) = .26, p = .610
F(1,124) = .17, p = .683
X2(1) = .39, p = .532
X2(2) = .68, p = .710

Analysis of Variance

Fisher's Exact Test p=.748
FUZZY

Function mean D(P>S) = 0.99
Function median D(P>S) = 0.95

Fo(1,125) = .24, Fi(1,125)= 0.36, p = .590

Table 9. Summary of the results from the different tests used to compare cisgender versus transgender respondents

LIKERT

Test statistic (p-value)

Levene's Test

Analysis of Variance
Kruskal-Wallis test
Pearson's Chi-squared test

Fisher's Exact Test

F(1,142) = .11, p=.745
F(1,142) = 144.83, p < .001%**
X2(1) = 45.53, p < .001%**
X2(2) = 77.34, p < .001%**

p < .001***

FUZZY

Function mean
Function median

Analysis of Variance

D(S > P) = 1***

D(S > P) = 1***

Fo(1,143) = 80.41, Fi(1,143)= 6.63, p =
006%*

Note: * p < .05, ** p < .01, *** p < .001.

The first question inquired about the difficulty of the gender identity question measured with a

Fuzzy scale. Respondents could choose between three answer options: 'Not difficult at all’,
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'Somewhat difficult’, and "Very difficult'. 26.90% (n = 39) answered this question with 'Very
difficult’, as well as a 51.72% (n = 75) who found this question 'Somewhat difficult'. The
qualitative results confirmed these findings: They highlighted that respondents did not
understand the difference between the two 1-level points (the core) and the two 0-level points
(the support), as well as some respondents stating that they had to read the question five times.
The increase in variability when using a Fuzzy scale is not as important as the ability of
respondents to answer questions correctly. Problems with understanding a specific type of scale
increases the chance of bias, which can be a possible explanation for the increase in variability

as well.

Another observation from the results, and in line with previous research, shows that the binary
approach falls short when we want to map a concept like gender identity. When describing
cisgender respondents AMAB and AFAB, 8.70% and 5.00% indicated to identify with both a
masculine and feminine gender identity, or neither a masculine nor a feminine gender identity.
This group, often referred to as gender non-binary persons, do not fit in a binary gender model.
When using a binary question, those respondents would be wrongly placed within the category
of a female/male gender identity, or would be treated as missing because they leave the gender
identity question unanswered. The distribution of percentages also contrasts with transgender
studies in this field, where persons AFAB identify as non-binary more often, compared to
persons AMAB (Burgwal et al., 2019; Dierckx et al., 2017; Rosser, Oakes, Bockting, & Miner,
2007). The results also showed that transgender respondents more often identify as non-binary
(16.67%) in comparison to cisgender respondents (6.35%). Previous research has proved that
individuals with a transgender binary gender identity score very differently on health and well-
being, compared to non-binary individuals (Burgwal et al., 2019; Fundamental Rights Agency,
2020; Harrison et al., 2012; Warren et al., 2016). Since this group seems to be an important
group, with different outcome characteristics, future research should focus on this group in
particular, in combination with a continuous approach on gender identity. In this way, we would

eventually be able to predict outcome measures based on the position of a person on the scale.

The main implication from this paper: statistical conclusions can somewhat differ depending
on the scale. However, in the case of gender identity, a 5-point Likert scale seems to make
similar conclusions as to whether differences between groups exist as a Fuzzy scale. As a
summary implication, this paper does not seem to fully corroborate what has been stated from
other statistical perspectives (see e.g. de la Rosa de Saa, Gil, Garcia, and Lubiano (2013) and

Lubiano, Montenegro, Sinova, de la Rosa de Saa, and Gil (2016)): Responses on Fuzzy rating
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scales do not fully coincide with those based on responses from either Likert scales. However,

when comparing groups on both scales, the same conclusions can be made.

To improve the analysis of this paper, some suggestions can be made. The sample size of the
transgender group was small (n = 18). Therefore, this group might not be very representative
of the transgender population in general. Thus, future research should focus on gathering more
transgender respondents to obtain a sample size large enough to be representative. The data was
collected through convenience sampling. The online survey has been distributed via Facebook,
which may again introduce some bias. In order to obtain the most representative sample
possible, it would be better, for example, to select random respondents from the national
register. Obtaining a representative sample for each of the groups (in a cost-effective manner)
can be done in several ways (see e.g. Scott and Wild (1986) and Anderssen and Malterud
(2017)). At last, the two types of scales were compared descriptively, not analytically.
Differences between groups were studied in order to provide an answer to the research question.
However, analysis could be designed to compare the Likert-type responses with the Fuzzy
rating scales. How this could be done, is outside the scope of this paper. There already has been
some research about encoding Likert scales to a Fuzzy encoding (Calcagni & Lombardi, 2014;
Villacorta, Masegosa, Castellanos, & Lamata, 2014; Wang, Liu, & Zhang, 2014), but future
research should expand the existing literature and subsequently apply it to the study of gender
identity.

This paper has explained in detail an approach to descriptively analyze data obtained from the
use of a Fuzzy rating scale-based questionnaire. It should be remarked that there are many other
studies to be developed, although they are beyond the extend and length of this paper and will
also depend in practice on the real interests users can have. Among them, there are still many
statistical methods to be developed for both descriptive and inferential fuzzy data analysis, and
this is a clear future direction to consider. Also, by optimizing knowledge of researchers about
the use of a Fuzzy scale and the design of a Fuzzy scale within a questionnaire, this scale may
become common practice when appropriate. A manual on how to set up a Fuzzy scale, for
example, would make its use more popular. However, when studying gender identity, the 5-
point Likert scale appears to be a good way to map gender identity. Further future research
should therefore focus on developing an appropriate continuous scale for gender identity rather
than categorizing respondents into groups. How gender identity can be represented best (with
a 5-point or 7-point Likert scale, as a continuum from male to female or as two continuums,

one for male and one for female) remains to be thoroughly investigated.
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Appendix
Appendix A

Q1. Welcome to this short anonymous survey that | conduct in the light of my Master thesis in
Statistical Data Analysis at Ghent University. The aim of this survey is mainly statistical, we
want to study the best way to measure the concept gender identity. Gender identity refers to the
intrinsic feeling of being male, female, or an alternative gender. Herefor | would like to ask you
a few questions about your gender identity. No other personal questions will be asked. At the
end you have the possibility to give me feedback on these questions. Everyone aged 18+ can
participate. It will only take you 5 minutes to complete the survey. Thank you for your
participation. If you need further information, please contact me at aisa.burgwal@ugent.be. By

clicking on YES, | declare | am at least 18 years of age and | agree to participate in the study:

o Yes

o No
IF Q1. = No THEN

Q2_b. Thank you very much for your interest in my survey. Unfortunately, without your
consent, you cannot participate in this survey. If there is anything you want to tell me, you can

write it here below:

END OF SURVEY
IF Q1. =Yes THEN

Q2_a. What was your sex assigned at birth, meaning on your original birth certificate? (We
understand this question might not be pleasant for some to answer. We need to ask this question

to be able to analyze the data correctly.)

o Female

o Male

IF QL. =Yes & IF Q2_a. = Female THEN

Q3_a. How feminine / masculine do you feel? Please choose the option that fits you best.
o Very masculine

o Somewhat masculine
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o Not masculine nor feminine / masculine and feminine
o Somewhat feminine

o Very feminine

Q4 _a. In the following question we want to ask you again to describe your gender, but in a
different way, by using four scales. How feminine / masculine do you feel (on a range from
masculine = 0 to feminine = 10)? We would like you to give us four numbers between 1 and
10, for example 7 - 8 - 9 - 10, which indicates that your gender identity falls between 7 and 10,
and DEFINITELY between 8 and 9.

IF QL. =Yes & IF Q2_a. = male THEN
Q3_b. How masculine / feminine do you feel? Please choose the option that fits you best.

o Very feminine

o Somewhat feminine

o Not feminine nor masculine / feminine and masculine
o Somewhat masculine

o Very masculine

Q4 _b. In the following question we want to ask you again to describe your gender, but in a
different way, by using four scales. How feminine / masculine do you feel (on a range from
feminine = 0 to masculine = 10)? We would like you to give us four numbers between 1 and
10, for example 7 - 8 - 9 - 10, which indicates that your gender identity falls between 7 and 10,
and DEFINITELY between 8 and 9.

IF Q1. = Yes THEN
Q5. How difficult did you find the previous question?

o Not difficult at all
o Somewhat difficult
o Very difficult

Q6. Is there anything you want to say about these questions?
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Q7. Lastly, we would like to ask if you currently identify/have identified in the past as
transgender? A transgender person can be conceptualized as someone who does not (fully)
identify with their sex assigned at birth (either identifies opposite to their sex assigned at birth,

or does not identify with the male/female labels).

o Yes

o No
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Appendix B

The dataset used for this paper is represented in the table below. Some features were re-coded

during the preprocessing phase, and other features were removed from the dataset because of

their irrelevance for further processing. For each variable the feature name is shown, a short

description, a label with possible recoding and the specific feature type.

Feature name  Description of the feature Label Type
IC Informed consent 1=Yes,2=No Nominal
SAAB Sex assigned at birth 1 = Male, 2 = Female Nominal
Likert Gender identity based on a five- 1 = Very masculine, 2= Numeric
point Likert scale Somewhat masculine, 3 =
Masculine and feminine /
masculine nor feminine, 4 =
Somewhat feminine, 5 =
Very feminine
Min Gender identity based ona Fuzzy [0.00-10.00] Numeric
set scale: smallest number
(support minimum).
2nd 2nd number of the Fuzzy set [0.00-10.00] Numeric
scale (core minimum)
3rd 3rd number of the Fuzzy set scale [0.00-10.00] Numeric
(core maximum)
Max Largest number of the Fuzzy set [0.00-10.00] Numeric
scale (support maximum)
Diff Difficulty of the Fuzzy set scale 1 = Not difficult at all, 2 = Nominal
Somewhat difficult, 3 =
Very difficult
TRANS Transgender identity 1=Yes,2=No Nominal
Open Option to add something String
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