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COMPARISON OF THE ITEM PARAMETERS OBTAINED THROUGH THE BRADLEY-TERRY
MODEL AND THE RASCH MODEL

Anotacia

Tato praca ma za ciel preskimat mozny vztah medzi parametrami poloZziek ziskanymi
pomocou Bradley-Terryho modelu a Raschovho modelu s cielom podporit moZnost
merania v psycholégii v ramci realistického filozofického ramca. Konkrétne sa zame-
riava na priame porovnavanie polozkovych parametrov odhadnutych skratenou ver-
ziou Inventara vysky, ktora bola administrovana v dvoch verziach. Prva verzia pred-
statovala 4-bodovu Likertovu $kalu, ktora neskor bola rek6dovana pre analyzu pomo-
cou dichotomického Raschovho modelu, pricom jej vzorka predstavovala N = 656 od-
povedi a tento model vysvetlil 65 % rozptylu. Pre analyzu prostrednictvom Bradley-
Terryho modelu boli vytvorené parové porovnania poloziek skratenej verzie Inventara
vysky, pricom celkovo obsahovali N = 14,838 pozorovani a prediktivna sila bola Rep =
0,79. V dosledku diferencidlneho fungovania poloziek (DIF) medzi oboma pohlaviami
v analyze Raschovho modelu, dve porovnania odhadnutych parametrov boli vykonané.
U muzov, porovnavané parametre poloZiek vyrazne korelovali raqi = 0,95 a nezavisly
vyberovy test sa ukazal signifikantny ¢(9) = 7,578, p > 0,001. VSetky poloZkové para-
metre, okrem jedného, sa na grafe tieZ zoskupili okolo regresnej priamky a spadali do
95% intervalu spol'ahlivosti. Podobne aj porovnanie poloZkovych parametrov u Zien
viedlo k silnej korelacii raqi = 0,9 a signifikantnému nezavislému vyberovému testu t(9)
= 6,089, p > 0,001. Zatial' ¢o rovnaky polozkovy parameter ako v pripade muZov bol
vzdialeny, va¢sina polozkovych parametrov sa na grafe zoskupila okolo regresnej pri-
amKky a spadala do 95% intervalu spol'ahlivosti. Tieto zistenia su vSak subjektom urci-
tych obmedzeni, vratane malého vzorkového poctu muzov a potencidlnej multidimen-
zionality Inventara vysky, a si podrobnejSie rozoberané v diskusnej casti.



COMPARISON OF THE ITEM PARAMETERS OBTAINED THROUGH THE BRADLEY-TERRY
MODEL AND THE RASCH MODEL

Abstract

This thesis aims to explore possible relationship between item parameters obtained
using the Bradley-Terry model and the Rasch model in order to support the possibility
of measurement in psychology under the realistic philosophical framework. More spe-
cifically, it focuses on the direct comparison of item parameters estimated from the
shortened version of Height Inventory, administered in two versions. The 4-point Lik-
ert scale was administered and afterwards recoded for analysis using dichotomous
Rasch model, with collected N = 656 responses, and showing 65 % of variance ex-
plained. The pairwise comparisons of the shortened Height Inventory items were cre-
ated for Bradley-Terry model analysis, with N = 14,838 observations in total and pre-
dictive power Rpp = 0.79. Due to differential item functioning (DIF) between both sexes
in Rasch model analysis, two comparisons between models’ estimates were conducted.
The comparison of male item parameters yielded a strong correlation raq¢j = 0.95 and a
significant independent samples test £(9) = 7.578, p > 0.001. All item parameter, except
one, were also centered around the plotted regression line and fell within the 95 %
confidence interval. Similarly, the comparison of female item parameters also resulted
in strong correlation raqi = 0.9 and a significant independent samples test t(9) = 6.089,
p > 0.001. While the same item parameter as in the male sample was found to be dis-
tanced, the majority of item parameters were centered around the plotted regression
line and fell within the 95% confidence interval. However, these findings are subject to
some limitations, including the small sample size of males and the potential multidi-
mensionality of the Height Inventory, and are discussed in detail in the discussion sec-
tion.
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INTRODUCTION

Introduction

Measurement has always been a cornerstone for many different and unique issues in
development of the field of psychology. After all, when we try to estimate some psy-
chological trait, it is not as simple as recognizing this trait’s existence and then differ-
entiating it from other psychological traits that could possibly affect our estimation. To
better recognize this issue, let's imagine a person’s psychic as a basket of fruits. For
simplification, let’s then imagine, that in this basket there are only two kinds of fruit:
apples and pears (Martincova, 2024). If we stopped here, it would be easy to express
person’s trait of appleness in the number of apples they contained and person’s trait
of peariness in number of pears they contained. But it is not so with actual mental
traits. In their cases, pears can sometimes take up apple’s skins, as well as they can
resemble their shapes and vice versa. How do we express the appleness and peariness
of a person then? Psychometrics resolved this issue by simple solution by establishing
approach of: “Let’s go and make some assumptions.” And this exactly was one of the
cornerstones of psychological struggle to attain recognition by scientific community as
an independent scientific field.

A small revue to the first half of 20th century, lets us encounter a work by Karl
Popper called The Logic of Scientific Discovery. Popper states there that empirical sci-
ences consist of empirical theories producing statements that are testable through
methodologically appropriate procedures commonly addressed as observations and
experiments (Popper, 1935). Statements describing experience cannot be logically
considered as statements derived from theories and that “they can occur in science
only as psychological statements; and this means, as hypotheses of a kind whose stand-
ards of inter-subjective testing (considering the present state of psychology) are cer-
tainly not very high.” (Popper, 1935). Itis worth noting, that Popper here identifies two
important points with which psychology struggled before officially being recognized
as an empirical scientific discipline. The fact of personal experience being strongly sub-
jective and qualitative disables it from quantification of phenomena and in turn im-
pairs it from inter-subjective comparisons. The methodological nature of empirical sci-
ence requires the use of measurement based on logical and mathematical laws which
cannot be applied to qualitative phenomena. It is then of no wonder that right here
arose the debate of whether psychology is capable of measurement and so of being
methodologically a sound empirical science altogether (Toomela, 2007).

History of measurement in Psychology

As was already evident, psychology could attain scientific recognition only after it was
capable of sound measurement. Edwin G. Boring (1961) divided the evolutionary pro-
cess of measurement in psychology followingly:
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INTRODUCTION

(1) Psychophysics founded in 1860 by Fechner’s Elemente der Psychofysik,

(2) reaction time measurement, firstly used in 1862 by Donders in measuring time
which it takes for completion of various mental processes,

(3) quantitative measurement of learning and remembering by Ebbinghaus in 1885,

(4) and measurement of individual differences using mental tests which was pio-
neered by Galton in his Inquiries into Human Faculty (1883).

It is of no wonder that people grew mostly interested in measurement of individ-
ual differences through use of mental states as they provided ability to quantify traits
observed in everyday interactions which hitherto were explained only by folk psychol-
ogy. First pioneer of this was sir Francis Galton, who started within the study of hered-
ity of physical traits where he firstly observed tendency of extreme values towards
mediocrity (1886). This subsequently led him to the establishment of normal distribu-
tion within heredity and formulation of regression to the mean principle, and thus the
regression itself (Galton, 1889). Later, he also noticed some similarities in their respec-
tive deviations (Galton, 1883, 1908; Stigler, 1989). It was this that finally led him to the
invention of the correlation coefficient through the plotting of a regression line which
in turn made it possible to mathematically express relationship between two variables
(Bulmer, 2003; Stigler, 1989). His interest in studying talents in people connected with
his experience with heredity and advancement in stochastic tools led him to the crea-
tion of the first intelligence test which represented the start of psychometrics. This leg-
acy was continued by Karl Pearson who undertook an effort to perfect what he called
the Galton coefficient (see Everett, 2010) and based its equation on variance. This
made it possible to calculate a correlation for linear relations among variables without
need of standardization as it was with the Galton coefficient (see Blyth, 1994; Pearson
& Filon, 1898). Just seven years later, Charles Spearman pioneered a correction for at-
tenuation of correlation coefficients which accounted for lowering of coefficients due
to the presence of measurement error. As it is later noted in Novick (1966) and a cou-
ple years later in Lord & Novick (1968), who finally axiomatized the Classical Test The-
ory (CTT) as a complex theoretical system for mental test evaluation (Traub, 1997),
the discovery of this effect and its correction opened up the way for the concept of
reliability and so led to the creation of CTT itself (Trafimow, 2016). It is for this reason,
that Spearman is now commonly considered the father of CTT.

Classical Test Theory

Classical Test Theory is laid on two central concepts; true score and measurement
error variables (Steyer, 2001), both of which were at least partially elaborated by
Spearman. In his writings from 1910 (Spearman, 1910) we can already see some re-
semblance of observed score being the sum of true score and measurement error, as:

X=T+E
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INTRODUCTION

which became the central mathematical representation of CTT. With the concept of re-
liability already existing thanks to the advance in correlation theory, Spearman and
Brown, independently of each other came to conclusion that reliability increases in re-
lation to lengthening of test, in turn, this helped mathematical representation of relia-
bility (Traub, 1997).

This simple formula provided ability to quantify mental phenomena and so
CTT’s principles, although not explicitly stated, started to be largely used in test devel-
opment and score evaluation (Hambleton & Swaminathan, 1985). Around this time,
the concept of validity entered psychometrics. In 1921 Buckingham described validity
of the test as property of a test measuring what it is supposed to measure (Buckingham,
1921). In other words, we can also call it a problem of a true score of a given test and
its relation to what it is supposed to represent. Lissitz & Samuelsen (2007) divide the
development of validity into four distinct periods depending on prevalence of philo-
sophical background:

(1) Pre-Cronbach era - rooted in operationalism,

(2) Era of construct validity - rooted in logical positivism,

(3) Era of unified construct validity - rooted in constructivism,

(4) Era of realistic conception of validity - rooted in realism.

By retrospective analysis, we can see that first three eras can be placed within the
scope of anti-realist philosophy. And although they didn’t consecutively follow as men-
tioned, but rather overlapped each other and coexisted, this slow turn towards realism
is important. From the point of philosophy, realism stands for scientific statements that
somehow relate to reality existing independently of our knowledge. This makes it pos-
sible to have them confirmed as true or rejected as false at some point in space and
time (Dummett, 1982). Anti-realism (and in part instrumentalism) on the other hand
is concerned with theoretical description of observable phenomena and stands regard-
less to those unobservable (Chakravartty, 2017). The difference here is mainly episte-
mological; realism says that our theories are describing the real world and can be ei-
ther confirmed or rejected, whereas anti-realism holds that our theories can describe
only observable phenomena, meaning phenomena within the scope of our knowledge,
irrespective of what the true reality is. Indeed, true reality is of no concern to an anti-
realist.

Thurstonian model

American psychologist L.L. Thurstone under influence of operationalism went in a lit-
tle different direction. His interest was measurement of attitudes and so he developed
a method established in the law of comparative judgement which he himself formu-
lated (Thurstone, 1928). He correctly recognized that there are present many dimen-
sions in peoples’ opinions towards certain matters. And by isolating one of those di-
mensions and separation between two stimuli we get an attitude that can be readily
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measured on a linear scale (Thurstone, 1928, 1954). Construction of such a scale in-
volves isolating statements that relate to a measured attitude and their organization
by independent judges by ordering them from those being totally opposite a measured
attitude to those being most aligned with the attitude using a frequency distribution
(Thurstone, 1928). This frequency distribution is according to Thurstone also sympto-
matic of the distances between the statements, which he implies, should be operation-
ally close to uniform. If there are then any two statements close to each other, only one
of them should be used. Those similar distances then can become units or etalons of
measurement. After this is secured, Thurstone remarks that there remains only vali-
dation to complete the attitude measure. He mentions three conditions needed for this:
a) The scale must transcendent the group measured, which means that the order of
statements on the scale must be irrelevant of personal opinion of judges sorting it, b)
Objective criterion of ambiguity is observed, which means that the attitude interval be-
tween disagreement and agreement with certain statement is similar for all state-
ments, and c) Objective criterion for irrelevance, which covers the fact, that if there is
some statement more on one side of attitude measure, the person with the opposite
attitude should not agree with the statement, because if he does, it means contamina-
tion of the statement by the different attitude (Thurstone, 1928). Based on the distinc-
tion made earlier, Thurstone falls into the category of constructivism and operational-
ism both of which are associated with logical positivism (Bickhard, 2001; Chang, 2021)
and he can be claimed to belong into anti-realism realm.

Special case — Bradley-Terry model

For Thurstone’s method of comparisons, it was essential to have judges set all items in
place respectively (Thurstone, 1928). The Bradley-Terry model (BTM) brings the pos-
sibility of an unequal number of comparisons across the items and so in Thurstone’s
domain presents the possibility of having a larger variety of judges assessing fewer
elements. This can in turn better represent the general population. But this is not the
primary reason for BTM’s invention. The Bradley-Terry Model was firstly discovered
in year 1929 by German mathematician and logician Ernst Zermelo in his work Die
Berechnung der Turnier-Ergebnisse als ein Maximum-Problem der Wahrscheinlich-
keitsrechnung as a solution for the then used round-robin tournament format for chess
competitions, which required each player to play against each a set number of times.
Zermelo’s proposed paired comparison model erased the need for the same number of
matches played and also solved a problem with relative comparable strength, where
the strongest player’s estimate would at some point be roughly double the weakest
players’ indices (Zermelo, 1929). This work was unfortunately largely forgotten, and it
was only decades later that it was rediscovered by R.A. Bradley and M.E. Terry in work
Rank Analysis of Incomplete Block Designs: I. The Method of Paired Comparisons (1952)
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and subsequently applied to competitions, and was then subsequently applied to vari-
ous fields, bearing the name the Bradley-Terry model (Glickman, 2013). Later years
saw growing interest in pairwise comparisons, and it therefore secured a stable place
in applied mathematics (Caron & Doucet, 2012). As of today, BTM is widely used for
analyzing paired comparison data as it estimates probabilities of one element being
preferred over another (Caron & Doucet, 2012; Matthews & Morris, 1995).

In describing the Bradley-Terry model’s central function and structure I will
closely follow Cox (1970) and Atkinson (1972). Main function of the model is to denote
probability of Aibeing preferred to A; by mij;, while it assumes that elements are ranked
only in one dimension and so the mij depends solely on the difference between ability
parameter pi of element Ai and ability parameter pj of element Aj so it equals pi - p;. This
outcome is treated as independent Bernoulli random variable with Bernoulli distribu-
tion (pij). This makes it advantageous over simple probabilistic model which is heavily
dependent on specific elements entering comparison (Fan, 2018). The simplest repre-
sentation of log-odds from this function is:

’r[..
log< = >=Pi—Pj
1—1Tij

Then to solve probability of Aibeing preferred to Aj, we get:
ePi=Pj ePi

T 1—ePiPi ePit el

However, this model is over-parametrized as there are then only ¢-1 independent val-
ues since parameters occur in pairs. We can solve this by prescribing one element en-
tering the model ability of 0 (p; = 0), and so make it a useful reference. Every next
element entering the model, will then have log-odds of beating p; = p; — 0. To estimate

T[ij

the abilities of other elements, the maximum likelihood is usually used which is based
on a simple iterative procedure (Hunter, 2004; Zermelo, 1929). In this procedure, ele-
ment abilities are rescaled after iteration to the point of no significant change in maxi-
mum likelihood (ML) (Whelan & Klein, 2022). The result of this process is then an as-
ymptotically standard normal distribution (Atkinson, 1972). With mild assumptions of
having independent comparisons and every element presented with a score, while also
having some variability in the data, it is indeed a very simple but useful model.

Item Response Theory

Item-Response Theory (IRT) is a complete deviation from CTT modelling era. There
are many reasons for the preference of IRT over CTT as [ will discuss on next pages but
they can be summed up as limitations of philosophical and mathematical background
(Borsboom, 2005). The roots of IRT go back all the way to Thurstone and the assump-
tions of his method that there is a continuous scale underlying responses which allows
distinctions of people and items as I will present later in the text (van der Linden,
2010). Based on this idea of some existing scale underlying measured attributes, Paul
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Lazarsfeld presented the concept of the latent (unobservable) variable, the level of
which is tied to certain responses on an item through some probability (Lazarsfeld,
1950).This connects the latent variable to performance on each individual item and
the resulting test score becomes a function of person’s ability and item’s difficulty that
places the person on a continuum of this latent variable (Hambleton & Swaminathan,
1985). If someone answers all of the items on a given test correctly, it doesn’t imply
that they are at the highest level on the latent variable, but it rather means that item
difficulties were not high enough to cover person’s ability level. More difficult items
can be added so as to distinguish the person’s location. In comparison, CTT doesn’t
distinguish item difficulties and a test score is rather a sum of the correct responses on
test items. This means that a person correctly responding to items of what is perceived
as the more difficult half of test but due to many reasons, e.g. overthinking, failing items
of the less difficult test part will have a resulting score the same (and therefore also
level of the trait) as a person who responded vice versa. It is also hard for CTT to cope
with a person scoring all items correctly as it creates a ceiling effect for all such indi-
viduals (Bjorner, 2019). It is difficult then to add new items to the test to cover those
individuals as the test will behave differently and will need a new validation study
while also making it impossible to compare individuals across the versions largely due
to differences in representative samples (Bond & Fox, 2007). Therefore, CTT opera-
tionally states that scores in between the tests are comparable only if condition of par-
allel tests is satisfied and we are thus comparing the functioning of those tests. IRT is
more embedded in realism in a sense that it tries to find a numeral structure that best
approximates the underlying trait. Hence the scores that flow from IRT analysis are
comparable between any tests as long as they measure the same latent variable
(Embretson & Reise, 2000).

IRT is then accurately described as a probabilistic model of latent measurement
variables that expresses itself in test items (van der Linden, 2010). It was firstly coher-
ently stated by F. Lord in his dissertation in 1952 (F. Lord, 1952) and by its advance-
ments in 1970s and 1980s strived to replace CTT in test analysis, although it didn’t
happen completely (van der Linden, 2010). But it is not only the latent scaling that is
different in IRT. It allowed an estimate of one’s likeliness to respond correctly to more
variables (Hambleton et al., 1991). Here I will present 3 similar but different models
from the logistic family of IRT models. If we look at the simplest of them which includes
only item difficulty and therefore covers person’s ability to answer item correctly

based solely on item location, we look at 1PL model with structure:
D(6-by)

P(X = 1|9,b) = m

Where P is an S-shaped curve over the ability scale with values between 0 and 1, 6
represents ability and b; represents difficulty parameter which is located on a scale
where probability of correct response is 50%. D (=1.749) in the equation means scaling
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factor, which makes the logistic function close to the normal ogive function (=cumula-
tive distribution function of normal distribution) (Savalei, 2006). By adding a; we in-
clude item discrimination which affects slope incline and henceforth presents the
item’s capability of precisely discriminating between people with ability lower and
higher than the level needed for correctly responding to item. This results in 2PL model
with structure:

eDai(O—bi)

P(X = 1|9,b,a) = m
Within the educational environment, it is also very common to include c; into the equa-
tion which presents parameter of guessing that covers plain guessing of the correct
answer when respondent is not certain of any of the answers. This assembles 3PL

model with structure:
eDai(e —b;)

P(X=118,b,a,¢) = ¢; + (1 = ¢) T pa@sy

In closer evaluation we may notice that modelling structure of all presented logistic
models is very similar. In reality, if we take 3PL model and substitute ¢;j for 0, we get
2PL model and if we set a discrimination parameter a; = a we get simple 1PL model
(Brown etal.,, 2015).

Rasch model

Rasch model posits a special case of 1PL IRT model with responses quantified in logits,
while illustrating connection between the person and an item location on a scale, with
the person location being commonly referred to as person’s ability and item location
being item difficulty (Alfaro-Diaz et al., 2023; Andersen, 1973). This model was devel-
oped by Danish mathematician Georg Rasch (1960), around the same time as Lord also
ventured into new measurement method centered around a latent variable. Because
of the theoretical and mathematical similarities between the theories, RM is consid-
ered a special case of 1PL IRT logistic model with one difference from the classical
model, which [ presented in previous section. RM is calculated with scaling factor of 1
instead of 1.749, which secures its natural logistic ogive slope for Item Characteristic
Curve, rather than one resembling cumulative normal ogive (J. M. Linacre, 2005). The
equation for primary dichotomous RM, with £, denoting person ability and other indi-
ces identical to 1PL logistic model is then following:
e (Bn=by)

1 + eBn=b)

Estimation of the RM then happens through multiple iterations of item and person
statistics through this equation. In the beginning, the person’s probability of success is
calculated for each person based on the ratio of successfully and unsuccessfully an-
swered items. This is then transformed into an odds ratio and logarithmically trans-
formed. This step repeats until no meaningful change in the score is provided. The

P(Xpi=1) =
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same process applies to item locations as well (Bond & Fox, 2007). The average prob-
ability of success through logit is set to be 0. This in turn makes it possible for RM to be
independent from the sample characteristics and makes it possible for different sam-
ples being located in different regions along logit continuum which is for CTT one of
the severe shortcomings (Rindskopf, 2001). This is possible only through four central
assumptions which RM makes. First, is the assumption of unidimensionality, which just
as Thurstone’s objection of irrelevance states, that items have single invariant conjoint
order and that answering item higher on logit scale correctly also means answering
items lower on scale correctly. Second, local independence exists and a response to one
item doesn’t affect responses to other items. And third, homogeneous discrimination
presupposes equal discrimination between people across all items (Gustafsson, 1980).
This third assumption is commonly criticized as it posits unreal assumptions for real
data. Due to this feature, real-world data never completely adhere to RM. To quantify
this adherence between data and R, fit indices approximated through likelihood es-
timation are used. As will be stated later in the text, this feature is useful in deciding
whether a model is useful in real-world approximation, or it presents a misfit and more
extensive theoretical exploration of the latent variable should still be undertaken
(Borsboom et al., 2003).

Challenge of measurement

Ferguson committee

Earlier, I introduced some measurement theories and methods that developed in psy-
chology in order to quantify traits. But similarly to validation programs, this sometimes
happened independently of each other, and sometimes in a direct response. Although
psychology is today regarded as science while hovering somewhere between social
and natural sciences, it is preceded by a much larger dispute on its classification. This
claim of psychology being a scientific field was not much accepted within the scientific
community until the 1930s and 1940s and even afterwards it presents some dispute,
although the aim of it has changed. The reason psychology was disregarded as a scien-
tific field was because of the claimed impossibility of sound measurement process in
it. This objection was aimed and primarily concerned with psychophysics, which I al-
ready mentioned. Measurement of mental processes only followed from advancement
in psychophysics which thanks to Weber and Fechner had established some laws of
perception, so this objection was not made only against any certain discipline but was
meant for any field that strives to measure humans. There was a great unease among
the psychologists about it and hence to explore the possibility of measurement in psy-
chology, British Association for the Advancement of Science appointed the Ferguson
committee to hold annual sessions starting in year 1932 while having the board consist
of psychologists and scientists whose sole aim was to settle this matter.
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One of the most influential people on this board was physicist and philosopher
Norman Campbell, who already in 1920 coined the fundamental measurement theory
(Campbell, 1920) and who supported idea of measurement having resemblance only
in physical processes (Campbell, 1932). In his letter concerning the beginning of Fer-
guson committee sessions he states: “The most likely of these to fail is the associative
law that, if a is equivalent to a’and b to b’, then a combined with b is equivalent to a’
combined with b” (1932). That means that if we for example take two different pains
of comparable strength and two yet other different pains of comparable strength and
try to experience them at once, they are most likely to end in different sensations. He
acknowledges, that there are people who have made some attempts to measure sensa-
tions using other processes different from the ones in fundamental measurement the-
ory, but he concludes that: “They should remember that physicists will not accept any
process as measurement, unless it is based upon laws the validity of which is apprecia-
ble equally by all observers who are not so abnormal as to fail to appreciate their mean-
ing” (Campbell, 1932). Thus, creating condition that was not to be met in the discourse
of that time.

We can sum up objections to measurement in psychology to be engulfed in validity
and quantification. While problems of validity concerns mainly question whether we
measure what we claim to measure, and were partially addressed by L.L. Thurstone
and others of his time, objections on the basis of quantification deal with the funda-
mental question “Can we measure at all?” or in other words “Are we able to find a unit
for our measurement that will be stable and provide properties of the units within
physics?” It was for this wording “properties of the units within physics” that disre-
garded techniques of some contemporary psychologists such as W. Brown, G. Thom-
son, or L.L. Thurstone who claimed them to be capable to deliver unit-based measure-
ment of phenomena which is carefully distinguished and comprehended. In this era,
committee held sessions for seven years but to little avail. The Final Report of the com-
mittee stated that it was not convincingly presented that sensation intensities can be
fully “represented by a numeral” (Ferguson et al., 1940). But the report concluded that
this stance might change due to new discoveries in the future. And in appendix to the
Final Report of Ferguson Committee Campbell wittingly states that measurement is to
be understood as assignment of numerals to concerned phenomena according to valid
rules, i.e. those that can be applied in physics (Ferguson et al., 1940).

New definition of measurement

In year 1946, S.S. Stevens conducted a huge rebuttal of Ferguson Committee find-
ings by establishing a definition of measurement and subsequent properties of the
scales used. In his work On the Theory of Scales of Measurement by paraphrasing
Campbell (1940), he states:
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We may say that measurement, in the broadest sense, is defined as the

assignment of numerals to objects or events according to rules. The

fact that numerals can be assigned under different rules leads to dif-

ferent kinds of scales and different kinds of measurement. The prob-

lem then becomes that of making explicit (a) the various rules for the

assignment of numerals, (b) the mathematical properties (or group

structure) of the resulting scales, and (c) the statistical operations ap-

plicable to measurements made with each type of scale (Stevens,

1946).
He thus breaks with the belief that measurement must be strictly attached to some
physical process. By upholding that it is not the possibility of measurement as a whole,
but rather the type and properties of measurement, that depend on the nature of meas-
uring unit and its assigning rules, he shifts the discourse to mathematical operations
performed after measurement is already conducted. He points out that there are four
scales on which measurement can be conducted, ordered from (a) nominal, (b) ordinal,
(c) interval to (d) ratio. And their mathematical properties and logical functions are
cumulative in a sense that the higher positioned scale possesses all properties of the
lower positioned scales (Stevens, 1946). Although he was not the first one, who dis-
covered either of those scales or explored many of their properties, and this distinction
was already familiar in the field of physics with examples of ordinal scale in mineral
hardness, or ratio scale in temperature measurement in Kelvins, Stevens noted this
similarity in representation of the phenomena in physics and psychology, and popu-
larized this thinking in psychometrics (Boring, 1961; Reese, 1943). This helped psy-
chometrics and scientific psychology regain its strength and march towards universal
acceptance of CTT in Lord & Novick (1968).

Latest development

Stevens work was upheld and applied in psychometrics but it was not unchal-
lenged (see Michell, 2008). Michell claims, that the scale type selection shifted the at-
tention to the problem of possible transformations that can be performed with given
results instead of inquiry of attribute properties. It is important to highlight here, that
Stevens was not wrong when he called measurement a procedure of assigning numer-
als with which even Michell could agree, but the problem rests in incompleteness of
such definition (1997). Michell instead, accuses Stevens and psychometricians of ma-
levolency that followed from this denotation. He points out that the much-needed step
of connection between the measurement and measured object never followed. Patrick
Suppes and Zinnes advanced the theory of this representational measurement by log-
ically connecting measurement and measured attribute (1963). They did this by devis-
ing a meaningfulness problem, which implied that a statement coming in a result of
measurement is meaningful if and only if its truthfulness doesn’t change due to any
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scale transformation. To sketch this, Suppes proposed two sentences concerning mass
measurement: “(i) The mass of the sun is greater than 10, and (ii) The mass of the sun
is at least ten times greater than that of the earth. Clearly, () will have a definite truth
value only if a particular scale of mass measurement is specified, whereas (ii) has a
unique truth value which is invariant under all possible changes of scale” (Suppes,
1969). Truly meaningful, however, is only sentence (ii), which, if indeed true, will be
proven so by any scale capable of quantifying mass (Causey, 1969). Michell extends
this even further by stating that this is only possible when we have properly quantifi-
able phenomena, which must be proven before conducting such an estimation (2008).
According to him, such investigation is rarely conducted in psychometrics, and hypoth-
esis that psychological attributes are quantitative is commonly without evidence ac-
cepted as true (Michell, 2008).

Borsboom, in response to Michell‘s accusation of psychometrics as being patho-
logical, highlights the importance of the implications of the additive conjoint measure-
ment theory proposed by Luce and Tukey (1964). While Michell believes that this the-
ory should be used as a cornerstone of measurement in psychology due to its proper
recognition of quantitative properties of the measured attributes, he contends that no
such psychometric measurement model adheres to this theory (Michell, 2000). It
comes as no surprise for CTT to receive such accusations. As was mentioned earlier,
CTT is based on concept of true and observed score and random measurement error,
with this error accounting for all the difference between hypothetical true and ob-
served score. CTT, in this regard, becomes infallible and so should be referred to as
tautology rather than a proper measurement model (F. M. Lord et al., 1968). Borsboom
claims that IRT withstands the objection of an attribute’s quantity assumption. He as-
serts that there is a distinction between hypothesizing that an attribute is quantitative
and therefore deploying quantitative model to analyze it, and directly assuming the
quantitative nature of the attribute. According to Borsboom, this hypothesis - that an
attribute in question is quantitative - is loosely testable through the fit statistics, which
indicate that “IRT models are regularly rejected because they do not adequately fit the
data.” However, he also acknowledges that there could be various reasons for this mis-
fit, including cultural differences and item bias, and not solely the problem in the quan-
titative nature of the latent variable. The impossibility of isolated hypothesis testing is
moreover asserted by the Quine-Duhem thesis, which states that testing can be only
carried out through a set of hypotheses rather than a single isolated one (Harding,
1976). Simultaneously, under collective ‘hypothesis’ we can include statements re-
garding qualitative nature of the data, commonly referred to as ‘assumptions,” along-
side statements about the descriptive capabilities of the data (Harding, 1976).

It is interesting to see Michell’s subsequent response to points made by Bors-
boom. He starts off by stating the cognitive nature of science and leads the way through
confirmatory bias, which endangers scientific exploration. He then reiterates from his
previous works that psychometrics is blinded by this confirmatory bias of quantitative
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attributes, and moreover, it deliberately deceives itself through works like Spearman’s
and Stevens'’s to dismiss even the slightest doubts. Michell's response to Borsboom's
point on model misfit consists primarily of the statement that the quantitative data
hypothesis is seldom mentioned and is not even included in IRT constituting works,
and therefore, it is doubtful that researchers are even aware of this condition, which
when unaccounted for, leads to malpractice. He admits that by directly stating the hy-
pothesis, this psychometric pathology can be erased, although he continues to protest
the estimation error and its role in measurement.

Aims of this study

The problem with measurement in psychology can be summarized as one con-
sisting of the uncertain structure of a measured attribute. The history of psychometrics
saw the development from psychophysics to mental test analysis and from Classical
Test Theory to Item Response Theory. During the first half, it struggled to prove itself
as a science by developing sound measuring techniques, and during the latter, it strived
to address the shortcomings that accumulated over time and were finally visible only
after the change in paradigm (Kuhn, 1962). However, questions about the attribute’s
nature remained. Some still doubt whether the attribute is indeed real and whether it
can be properly quantified. In this work, I will therefore try to contribute slightly to
this discourse by connecting Thurstone’s operational law of comparative judgment,
represented by pairwise comparisons and analyzed through the Bradley-Terry model,
with the current state of psychometrics’ realist notion, represented by the Rasch model
belonging to the IRT family. Based on the reasons mentioned above, I advocate for a
realistic approach to measurement in psychology based on the philosophical back-
ground of IRT. As previously stated, that according to Suppes' theory proper measure-
ment occurs when different methods provide the same logical values, I will therefore
advocate for this realistic approach in psychometrics by attempting to estimate item
parameters using two philosophically different but connected probabilistic models. My
hypothesis therefore is that: the parameter estimates obtained using Bradley-Terry
model and Rasch model will not be significantly different when the measurement
error is considered.
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Method

Sampling

Respondents were recruited via social media and convenience sampling. Between
March 29 and April 9, 2024, INPSY - Institute for Psychological Research - shared a
paid advertisement on the social media platforms Facebook and Instagram targeting
men and women over 18 years old speaking Czech and Slovak languages. This adver-
tisement, which can be seen in appendix B contained a redirecting link leading to my
questionnaire and questionnaire of two other student researchers also covering Likert
scale and its respective variations. This collaboration was conducted under grant pro-
ject called Response-scale Format Effects on the Psychometric Parameters of Items
(SCALING) supported by Czech Science Foundation (GA23-06924S). Besides, conven-
ience sampling was also used mainly by sharing the questionnaire via student social
media groups, but its reach was limited.

The project and this study design were approved by the Research Ethics Commit-
tee of Masaryk University (EKV-2022-027).

Participants

After clicking on the provided redirecting link, every participant was taken to one of
three Qualtrics questionnaires in the same ratio. The first viewing page of the ques-
tionnaire provided a brief explanation of the study purposes, including an informed
consent and the possibility of winning a prize of 1,000 CZK if respondent was randomly
drawn. The whole description can be found under Attachment B. Description as well
as body of questionnaire was written in Czech language and so is also to be found in
attachments. After the end of data collection on April 15 I received altogether 907 re-
sponses out of which 905 expressed consents with participation in the study. Further-
more, only 675 (75 %) respondents progressed to 97% of questionnaire which was
conditional due to identification of respondents’ sex and height. Then nine of the par-
ticipants presented as under the age of 18 and were subsequently imputed. In nine
cases respondents filled out the survey twice and only their first answer was used. One
case contained blank questionnaire and was therefore also filtered out. In one case, age
was written as 0.36 and was changed to 36.

Final sample presented N = 656 respondents. Sample contained predominantly fe-
male participants with N = 550 (84 %) and lower proportion of male participants with
N =91 (14 %). Questionnaire was filled out by N = 15 (2 %) participants who selected
option “other or I don’t want to answer” and due to the nature of used inventory were
not included in any of the analysis. Twelve female participants didn’t fill the column
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for age. Overall mean age of the sample was 32.36 years (N = 644). Female participants’
mean age was 32.98 (SD = 14.12, N = 538) and male participants averaged 30.51 (SD =
14.22, N = 91). Distributions for age across both sexes were significantly positively
skewed but didn’t differ much from one another. For this reason, I decided to perform
asymptotic Mann-Whitney U test which didn’t show significant between-group differ-
ence with W= 27504, p = 0.059. The item for height was not filled by one female and
one “other” respondent. Mean height was 169.64cm (SD = 8.41, N = 654). Female par-
ticipants reported mean height of 167.78cm (SD = 6.99, N = 549) and for male respond-
ents it was 180.82cm (SD = 7.61, N = 91). Distribution for sample in general as well as
respective groups was close to normal. Therefore I conducted Welch'’s t-test for inde-
pendent samples with male respondents showing significantly greater height with
t(116.59) =15.31, p<0.001, Cohen d = 1.84. Respondents were also asked to state their
highest attained education. 47 of them (7 %) provided elementary education, 31 (5 %)
secondary education without Matura, 323 (49 %) accomplished secondary education
with Matura, and 255 (39 %) stated they possess some type of college education.

Measures

For this study, I used the shortened version of Height inventory (HI) formerly created
by Recka (2018) and shortened by Tancos$ (2019). Original version of this inventory
utilized 4-point Likert-type scale. Short version of this inventory consists of 11 state-
ments, six of which are reversely scored, and is based on the representation of one’s
own height in relation to everyday experience. In the former study, Recka determined
that after transformation of reversely scored questions, the scale creates a unidimen-
sional structure with the underlying construct being hypothesized to be psychological
height. As there is difference in physical height between men and women, the scale also
exhibits sex as a substantive factor and is therefore suggested to be analyzed inde-
pendently (Recka, 2018). Short version of scale according to Tancos (2019) retains its
psychometric properties and was therefore analyzed to primary recommendations.

My questionnaire consisted of three variations of this scale in total, but one con-
cerned with pairwise comparisons in relation to one’s experience is outside of scope
of this paper.

Agreement

First variation presented the short version of Height Inventory (from now on sHI)
with respondents expressing their stance in relation to statements by 4-point Likert-
like scale ranging from 1 to 4 (1 = strongly disagree, 2 = disagree, 3 = agree, 4 = strongly
agree). Full version of this scale can be found under Attachment A and it is also possible
to experiment with the tool first-hand on website (Cigler, 2019). I decided to use Rasch
model for item analyses due to objectives aforementioned. For the purpose of using
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the former dichotomous RM, I recoded answers involving disagreement (levels 1 & 2)
as value 0, and answers involving agreement (levels 3 & 4) as value 1 for all positively
scored items. Opposite scoring was applied for all negatively scored items (i.e., agree-
ment was coded 0 while disagreement 1). For the item parameter estimation, midpoint
where 0 changes to 1 then became important.

Items’ rating

Second variation was needed to feed information to Bradley-Terry model and so
[ selected pairwise comparisons. In these comparisons, pairs were created from sHI
items making altogether 55 unique pairs. The position of statements within individual
pairs was randomized and this information was later fed to BTM. To be able to estimate
the position of items on the logit scale provided by BTM I specifically requested re-
spondents to always choose a statement that is more appropriate for the higher person
from the pair displayed. This request was followed by assessment of comprehension
through providing participants a pair of statements from HI that are not in sHI and
which exhibited a large difference in item difficulty in Recka’s study (2018). After the
correct answer was selected, the respondent proceeded then to scale itself. If the
wrong answer was selected (9.9%), further explanation was provided and the same
pair for comprehension check followed, if the correct statement was selected, respond-
ent proceeded to the scale. If the wrong answer was repeatedly selected (11 %), the
respondent was forwarded to next section of questionnaire. Participants answering
the scale for Bradley-Terry model (from now on s-BTM), were presented with 25 pairs
randomly selected from the pool of 55 unique comparisons. This tactic was selected
due to duration of responses to such comparisons and participant fatigue. In case of
respondent’s indecisiveness between the two presented statements, button “I do not
know” was displayed after 10 seconds. This button was delayed, to encourage respond-
ents in selection of one of the presented two statements.

Sample size

Wright states that 500 responses are almost always enough for reliable estimation
of item parameters via Rasch model but even sample as little as 100 respondents may
be used with awareness of attenuated power (1977). Since my questionnaire required
this number of observations for both sexes, while participation in online question-
naires is usually favored by women at around 70% (Smith, 2008), I estimated that I
needed around 830 responses overall to collect sufficient data for RM estimation. How-
ever, due to Meta algorithm used on their social media platforms, women were tar-
geted more with paid advertisement, as it was cheaper to collect one response from
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female participant than from a male. This furthered division between sex representa-
tion in the sample and for insufficient male representation, I decided to work mainly
with data from female participants in RM.

For estimation of sample size for BTM, I conducted power analyses, which con-
sisted of simulation of population of item parameters which were then compared with
respective item parameters from Recka (2018). Analyses showed that correlation of
item parameters was at sample size N = 50 close to asymptotic, with r > 0.995. Never-
theless, this alignment exhibited itself strongly from sample size N = 30 and so I de-
cided to consider this as minimum number of observations per paired comparison. Due
to presenting only 25 pairs out of 55 (46 %), the minimum sample size had to be mul-
tiplied by a ratio of pairs available and pairs provided. This inflated the minimum sam-
ple size to 66 respondents under assumption of an even display of comparison pairs.
Following figures show comparison of parameters and estimates after every 25 itera-
tions of the power analyses (Figure I) and Recovery plot expressing correlation be-
tween the parameters and estimates with respect to sample size (Figure II).

Figure I: Comparison of parameters and estimates
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Figure II: Recovery plot from power analysis
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Statistical analysis

Dataset as well as code R code used for the thesis is available at Open Science Founda-
tion (OSF) repository at osf.io/umf3h. For the whole analysis, statistical language R
version 4.3.3 was used (Posit team, 2024). The basic manipulation of the data and con-
sequent analyses were handled using psych R Package (Revelle, 2024), dplyr R Pack-
age (Wickham et al,, 2023), and tidyverse R Package (Wickham et al., 2019). For the
Rasch model estimation TAM R Package (Robitzsch et al., 2024) and eRm R Package
(Mair & Hatzinger, 2007).
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Results

Bradley-Terry model

Data was extracted from the paired comparisons responses to Qualtrics questionnaire
and prepared for Bradley-Terry model. Data frame consisted of winner and loser col-
umn, response column denoting position order of the lower numbered item from sHI.
Value 1 meant that item (statement) with numerically lower ID was displayed on the
left from the two, and value 0 represented position on the right. This was entered into
equation of BTM as response variable to account for preference of items being dis-
played on left/right. Besides this, sex was also included in the data frame. Items were
denoted by their respective IDs and altogether accounted for N = 14,838 paired com-
parisons. Two Bradley-Terry models were estimated with one including moderation
through sex (Table 1).

Table 1: Bradley-Terry models

Combined model Model with moderation
Women Men
Parameter es- SE Parameter SE Parameter SE
timate estimate estimate
(Intercept) 0.026 0.026 0.026 0.026
Vi -0.643* 0.075 -0.671* 0.081 0.197 0.217
V2 -0.437* 0.075 -0.389* 0.081 -0.361 0.214
V3 -0.514* 0.075 -0.493* 0.080 -0.193 0.224
V4 -0.748* 0.075 -0.713* 0.081 -0.272 0.225
V6 -5.615* 0.124 -5.691* 0.136 0.399 0.332
V7 -6.236* 0.130 -6.314* 0.143 0.415 0.347
V8 -4.585* 0.117 -4.646* 0.128 0.336 0.316
V9 -3.699* 0.110 -3.708* 0.121 -0.009 0.303
V10 -4.976* 0.119 -4.970* 0.130 -0.098 0.326
Vi1 -4.753* 0.118 -4.785* 0.129 0.137 0.321

*p<0.001

For both models, item V5 was used as reference due to its greatest win-to-lose ratio.
That means that in combined model, its estimate = 0 (SE = 0) and its error is spread
across the rest of estimates variables. In model with moderation, its value is repre-
sented by intercept. Men parameters in moderation model are a resulting product of
women estimates and men indices, while intercept staying the same. All estimates for
men were non-significant. To evaluate change in the model-fit through residual vari-
ance, likelihood ratio test (LRT) was performed with unsignificant result (x%(11) =

28



RESULTS

4.77, p = 0.058). With correlation between men and women estimates from modera-
tion model being r = 0.99, only combined model without the interaction was investi-
gated further. For the combined model, I calculated Repp statistic denoting predictive
power of the model. This statistic is actually a correlation of observed and predicted
estimates (Baguley, 2012), which was firstly denoted by Zheng and Agresti (2000). For
combined model is this statistic Rep = 0.787, suggesting good prediction. Figure III pre-
sents logit-scale estimates for each item, together with 95% CI. We can see a separation
of parameters between item V4 and V9 and altogether closer alignment of higher scor-
ing items compared to lower scoring items. This separation can be seen also in Figure
IV presenting win-to-loser ratio of all items respectively, and is most likely created due
to reverse wording of the items as change in item difficulty for reversed items is also
reported in Recka (2018).

Figure III: Logit scale with item v5 =0
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Bradley-Terry model assumptions

Following power analysis I correlated Bradley-Terry item estimates with CTT popu-
larities that were used for sample size estimation with r = - 0.98 suggesting good over-
all estimation. Sufficient number of comparisons for the BTM in order to prevent misfit
of the model was secured by randomized selection of 25 pairs out of 55 possible com-
binations and those were presented to each respondent. On average, every pair was
evaluated 276 (SD = 30.82) times with min = 208. Enough observations were provided
for both sexes respectively. Figure Il suggests a good overall representation as the lin-
ear spread of wins and losses makes it possible to estimate respective items more pre-
cisely and becomes steady ground for transitivity. As in the case of less popular item
regularly beating more popular, it would be shown by change in the spread of the items
(Wu, Junker, et al., 2022). To check for possible unequal variances across the estima-
tions I calculated randomized quantile residual (RQR) suggested by Dunn and Smyth
(2018) for general linear models with binomial distributions. Figure V then shows box-
plot of these residuals, and Figure VI presents their Q-Q plot. This supports independ-
ence of comparisons and so appropriates model-fit (Wu, Niezink, et al., 2022).

Figure V: Boxplot of RQR
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Figure VI: Q-Q plot of RQR
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Rasch model

Data from the Likert scale section of questionnaire was analyzed using dichotomous
logistic Rasch model (Rasch, 1960). I conducted preliminary analysis using maximum
likelihood estimation, which suggested different item functioning (DIF) for men and
women, which confirmed findings of the validation studies (Hubatkova, 2020; Recka,
2018; Tancos, 2019) which observed varying CTT popularities across sexes. Therefore,
I decided to perform separate models for each sex. However, while the women's group
(N = 550) provides sufficient data for Rasch model (RM) estimation, the same cannot
be said for the men's group, with only N = 91 responses collected. This poses a signifi-
cant challenge for the estimation of the Rasch model and the evaluation of goodness of
fit. Therefore, I will provide only a brief summary of the results on their analysis.
Women exhibited only 4 missing values in total, three of which were accounted for by
just one participant. This participant stated in the comment section that they were un-
able to refer to some items as they are disabled. However, due to the nature of Rasch
model and its ability to pinpoint even participants with the missing data, every partic-
ipant was entered into the model. In total 45 participants ended up agreeing with each
item (after recoding and transformation) and 23 participants disagreeing with each
item. Although this doesn’t provide model with meaningful variation, estimation pack-
age in R studio was already trained for these values.
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For Rasch model estimation I used joint maximum likelihood estimation (JMLE)
advocated for by Wright and Panchapakesan (1969) which produces the same estima-
tor as method for the for Bradley-Terry model. As in BTM, JMLE completes cycle of
estimation of parameters for items and respondents and then enters them back into
the model of estimation until no meaningful change is provided. And commonly as in
BTM, theoretically is JMLE capable of providing two equal estimates for items as well
as for respondents if they have similar response pattern.

Table 2: Model Summary Table: women

Statistic Items Persons
Logit Scale Location Mean 0.557 0.000
Logit Scale Location SD 2.378 2.894
Standard Error Mean 0.146 1.024
Standard Error SD 0.017 0.169
Outfit MSE Mean 1.403 1.402
Outfit MSE SD 0.591 4.425
Infit MSE Mean 0.821 0.785
Infit MSE SD 0.126 0.563
Std. Outfit Mean 0.769 0.909
Std. Infit Mean -2.385 -0.295
Reliability 0.996 0.845

Table 2 displays item calibration for women, using average logit-scale calibra-
tions, standard errors, and model-data fit statistics. Examination of the results indi-
cates that, on average, respondents located lower on the logit scale (M = 0.00, SD =
2.89), compared to items (M = 0.56, SD = 2.38). This suggests that the items were a little
bit more difficult for this sample to agree with on average. Elevated Standard Error
Mean for respondents (M = 1.02) in comparison to items (M = 0.15) also suggests some
issues related to targeting some the respondents. Examination of Table 3 and subse-
quent Figure VII with joint item characteristic curves shows this issue closer. As aver-
age respondent’s latent trait logit is 0, there is considerably bigger gap in location logits
between item v1 and v11, which could lead to loss of some information although not
crucial (Salzberger, 2003). Examination of model-data fit statistics however suggests a
challenge in the overall fit to the model. Both, item Outfit MSE = 1.40 and person Outfit
MSE = 1.40 indicate haphazard item functioning coming from unexpected observations
of respondents on items that are outside of their ability, either very easy or very hard
(Linacre, n.d.). Infit MSE statistics on the other hand show a lower variability than ex-
pected (item Infit MSE = 0.821, person Infit MSE = 0.785), albeit not greatly, which
means that there were not so many unexpected responses concerning items whose lo-
cation matched with respondents’ ability. In our case, Linacre also suggested, that Infit
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statistics may be more appropriate to look at when evaluating overall model fit as Out-
fit statistic is greatly influenced by outliers (Linacre, n.d.; and compare B. D. Wright &
Masters, 1990).

Figure VII:
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Table 3: Item Calibration Table for women

Task ID Proportion Item Loca- Iltem SE Outfit MSE Std. Outfit Infit MSE Std. Infit
Correct tion

v5 0.138 3.47 0.173 1.295 0.61 0.72 -3.114***
v4 0.151 3.276 0.168 2.041 1.15 0.888 -1.18
v2 0.209 2.548 0.151 0.486 -0.719 0.698 -3.988***
v3 0.227 2.346 0.147 1.525 0.942 0.755 -3.273***
v9 0.264 1.968 0.141 1.828 1.485 1.059 0.78
vl 0.375 0.968 0.129 1.133 0.496 0.79 -3.316***
vil 0.545 -0.395 0.125 2.092 2.859** 0.959 -0.613
v8 0.567 -0.567 0.126 1.371 1.151 0.912 -1.35
v6 0.696 -1.638 0.133 0.428 -1.305 0.73 -4.278***
v10 0.796 -2.624 0.149 2.088 1.296 0.87 -1.628
v7 0.845 -3.219 0.163 1.147 0.493 0.651 -4.276***

*p>0.05, ** p>0.01, *** p >0.001

For better understanding of the problem, we can look at Table 3 displaying sepa-
rate item statistics. [tems are ordered by their location on logit scale. The hardest item
v5 is separated from the easiest item v7 by more than 6.5 logits which means that there
is difference of more than 6.5 levels in latent trait between just 11 items. This could
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possibly affect participants as it makes hard to finely estimate their ability. By Outfit
MSE and Std. Outfit we see deviation from the expected observations by the model.
Linacre suggests that parameters between 0.5 and 1.5 are productive for the measure-
ment (2002b). As such, we have 4 items complying with this condition. Values from 1.5
to 2.0 he refers to as unproductive but not degrading. And with “degrading” being val-
ues over 2.0. This issue however doesn’t affect additivity of measurement, but rather
presents a model that distorts reality. Items with larger Outfit MSE values are less dis-
criminative between respondents and therefore introduce greater ambivalence to
model (Linacre, n.d.). However, rather than appropriate estimation of person parame-
ters, I am concerned with item parameters which are to be compared with BTM esti-
mates. Therefore, although the model distorts reality, I will use its estimates in com-
parison with Bradley-Terry model, while being aware of its shortcomings and possible
attenuation of correlation between them.

Rasch model assumptions

Due to the nature of construct measured, we can compare estimated latent trait indices
with real-world criterion, personal height. Theta to height correlation yielded r = 0.82,
which supports validity of the test and complies with Rec¢ka’s hypothesis, that although
HI is created to measure physical height, it may be measuring psychological height in-
stead, which accounts for some variation between real height and test measure (Recka,
2018) and this relationship is shown in Figure VIIL.

Figure VIII: Theta and height comparison for women
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Raw variance measure shows that this model accounts for 64.78% of variation within
the data. To check for local independence, I used Yen's Q3 statistics. It is generally rec-
ommended to beware of the coefficients over 0.2 or under -0.2. After adjustment, Q3
statistic presented M = 0.00 (SD = 0.065) with range from -0.14 to 0.12 supporting as-
sumption of local independence (Quittre & Monseur, 2010).

Rasch model for men

RM estimation for men showed more conservative values in terms of Outfit and Infit
statistics, generally suggesting better fit than the model for women. Item reliability
showed r = 0.97 and person reliability r = 0.78, which suggests that the hierarchy of
items is easier established than the exact order within within-group environment.
Therefore, although people cannot totally agree on the exact order of items, they
clearly create similar hierarchies of them. The whole measure was however shifted
with Logit location mean for items X = -1.23 and for persons X = 0.26, although it is
unusual, as JMLE estimation usually provides measure with person location centered
around values 0 on logit scale. After closer inspection of joint ICC, however, big gap can
be seen between items vl (=-0.11) and item v11 (3 = - 2.77), which can result in loss
of information between from near items (Linacre). Yen’s Q3 statistics showed values
between - 0.29 and 0.47 suggesting constraining local dependency (Quittre &
Monseur, 2010).

Comparison of item parameters

After the primary analysis of the data through Bradley-Terry model and Rasch model,
their respective item parameters were plotted against each other. To retain statistical
power of the model, BTM estimates of combined data were used, as they showed be-
tween sex invariancy. The plotting included regression line, 95% confidence interval,
and 95% prediction interval to facilitate data’s ability of prediction.

Figure VII displays comparison of BTM and RM for women. Observed correlation
between parameters was r = 0.897. For the fact of attenuation of correlation due to
reliability estimates for the respective models I used Spearman attenuation formula
and corrected correlation was r = 0.907. Test for independent samples came also in
support of correlation t(9) = 6.089, p > 0.001, 95% CI of correlation (0.643, 0.973).
Subsequently, to evaluate Rasch model I evaluated predictive performance after cross-
validation with Bradley-Terry model, which was significant, x2(9) = 397.46, p > 0.001,
and therefore suggested poor performance of the predictive power.
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Figure IX: Bradley-Terry and Rash model comparison for women
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Figure X: Bradley-Terry and Rasch model comparison for men
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Figure VIII displays comparison of BTM and RM for men. Observed correlation
between parameters was r = 0.929. For the fact of attenuation of correlation due to
reliability estimates for the respective models [ used Spearman attenuation formula
and corrected correlation was r = 0.952. Test for independent samples came also in
support of correlation t(9) = 7.578, p > 0.001, 95% CI of correlation (0.746, 0.982).
Subsequently, to evaluate Rasch model I evaluated predictive performance after cross-
validation with Bradley-Terry model, which was significant, x2(9) = 64.725, p > 0.001,
and therefore also suggested poor performance of the predictive power.

Miscellaneous findings

At the end of the questionnaire, respondents were asked to answer 5 questions con-
cerning every scale used. Those questions were as follows:
FB1 It was fun for me to fill out the questionnaire using this scale.
FB2 Filling out this questionnaire was challenging for me. (*)
FB3 It was easy for me to respond to the questionnaire using this scale.
FB4 The way of filling out the questionnaire with this scale was understand-
able for me.
FB5 Ithink that with the help of this scale, I was able to answer the question-
naire fairly accurately.
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Primary aim of surveying this was to evaluate participants feelings about usage of
the pairwise comparisons scales. I conducted Mann-Whitney U analyses for every pair
of scores between Likert scale and pairwise comparisons and all came to suggest sig-
nificant difference in Likert scale scoring higher except on reverse-worded question
FB2, where Likert scale scored significantly lower than pairwise comparisons. While
this is not surprising, as Likert scale is well known and expected in questionnaires by
respondents.

Table 4: Mean visual graphic scale agreements with statements

FB1 FB2 FB3 FB4 FB5
Likert scale 71.7 26.4 73.3 85.1 70.0
Painwise 66.3 37.1 63.9 80.3 62.5
comparisons

More interesting is that it not fairly distant from Likert scale in liking even when
pairwise comparisons took on average 2.64 times more time to answer to, than Likert
scale (this is with 25 pairwise comparisons, M(pairwise) = 224.85, M(Likert) = 85.32).
Participants had also opportunity to comment on anything from the questionnaire and
in some cases, they expressed their feelings about the scale used. Out of this comment
section, comments concerning pairwise comparisons predominantly expressed diffi-
culty with selection of the items when they both were located on either low side of the
scale or high side of the scale (e.g. items v6 and v8). Further concerns included repeti-
tion of the same combinations, although this was only perceived, as participants get
acquainted with the items as the algorithm provided did not allow any repetition, then
it was repetition of the same statements as such, and cognitive overload. On the other
side, respondents reported that pairwise comparisons were new to them, and they en-
joyed this new scale, and/or usage of intuition while responding to it. There were only
2 comments addressed for the Likert scale, and they both were concerning the restric-
tive nature of having just 4 levels to choose from. As memorial I chose these next two
comments that could represent main thoughts about the scarcely used response scale:
“Very peculiar questionnaire, sometimes completely illogical... But it was at least some-
thing new. But what you want to find out from this, I can't imagine. Unless it's about
whether such a type of questionnaire can even work. Or maybe the height of your re-
spondents. Well, whatever...” as a side note, I really learned the height of my sample. “I
trust that you will find what you need. Whether it will be through this methodology, I'm
not sure. All the best.” And in line with the old psychological cliché: “If you want to un-
derstand person’s actions, maybe just ask him directly about them,” this could be one
of the biggest contributions in evaluating respondent’s perception of the used scale.
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Discussion

The aim of this thesis was to support realistic view of the measurement in psychology
and existence of quantitative latent train trait which underlies item responses
(Borsboom et al., 2003; Lord et al., 1968). This was elaborated via Suppes’ validation
of measurement concept by being able to estimate mathematical ratio of some quanti-
tative variable using two (or more) different scales (Suppes, 1969). The thesis primary
concern was therefore the estimation of item parameters using Bradley-Terry model
and Rasch model and their subsequent comparison. As a side measures, it also aimed
at raising awareness of the need for well-designed and openly reported research. It
strived to emphasize the importance of the measurement theory used, checking its as-
sumptions, reliability, and validity (F. M. Lord et al., 1968). As only thus well conducted
research is really able to deliver results of “appreciable equally by all observers who
are not so abnormal as to fail to appreciate their meaning” (Campbell, 1932).

Key findings

To answer the key concer of Karl Popper, whether we are able to conduct experimental
empirical research in psychology, I strive to provide full answer (Popper, 1935). The
research hypothesis concerning comparison of item parameters estimated using the
Bradley-Terry model and the Rasch model, findings were diverse. Regardless of gen-
der, correlations between item parameters from respective models were high, with
correlation after attenuation correction for women being r = 0.907 and for men r =
0.952. Independent sample t-test also significantly suggested relationship between the
variables with £(9) = 6.089, p > 0.001 for women and ¢(9) = 7.578, p > 0.001 for men.
This comes in slightly unintuitive way, as we would generally expect less populated
model producing less precise measures. For better portrayal of the comparison of the
parameters, it is helpful to look at the respective figures, which included estimated pa-
rameters, regression line, 95% confidence interval and 95% prediction interval. Most
of the compared item parameters for women fell within the range of confidence inter-
val with only one item parameter of item v9 (“I have enough legroom on the bus.”), and
all of them fell within the prediction interval. On the other hand, all but one of the men’s
parameters fell within the confidence interval of regression line, with exception of item
v9. In both cases, this item was located proportionately higher on Rasch model logit
scale than on Bradley-Terry model logit scale. One of the explanations for this occur-
rence could be possible involvement of multiple factors in this item, or it’s indetermi-
nant nature. This was mentioned as a problem by some participants in the commenting
section, with the biggest concern being unclarity if this item aims at standing or sitting
position.

39



DiscussION

However, as it was seen over the Bradley-Terry and Rasch model estimation, two
clusters were created, grouping positively and negatively scored items. I suspect that
this happened due to the semantic imperfection of the item selection of the shortened
version of the Height Inventory, as it rather than just clustering those items also set
them far apart on the logit scales. These clusters were significantly different in item
difficulties and negatively scored items laid on the lower side of the scale, and the dif-
ference between the ending point of negatively scored item’ cluster and starting point
of positively scored item’ cluster was for Rasch model logit difference = 1.36 and on
Bradley-Terry model logit difference = 2.95. This blank space between the clusters of
item parameters may and likely does contribute to the elevation of correlation coeffi-
cient presented. From the figures plotting comparison of item parameters, it can be
seen, that if the clusters were separated and analyzed so, the direction of the relation-
ship in respective clusters would change, although it couldn’t be determined whether
this change happens in respect to small sample size or real shift in the relationship. It
could also be true, that the clusters represent two different dimensions of the HI in this
case, and the item v9, which appeared distant from the both clusters on item parameter
comparison figures for both sexes, can contain cross-loadings of both such dimensions.
This explanation would be moreover plausible, as we see the similar pattern in both
sexes independently. Therefore, to explore relationship between the item parameters
estimated using different model, further exploration involving sturdier and item-wise
better represented inventory is required.

Parameter estimation

In estimation of parameters for Bradley-Terry model, no difference between men and
women responses was found (r = 0.99). Responses were therefore used together to
estimate combined Bradley-Terry model, which yielded good predictive power Rpp =
0.787 (Baguley, 2012). Model assumptions were soundly met and so contributed in
good model-fit (Atkinson, 1972; Cox, 1970). In preliminary analysis for Rasch model,
differential item functioning was found for both sexes respectively, and so Rasch model
analysis was conducted separately with emphasis on women’s data, as insufficient
number of male respondents was collected (Wright, 1977). From this sample, item pa-
rameters were calibrated, although, with poorer model fit. Clustering effect due to the
wording of items also contributed more problematic functioning of the model. On the
other hand, correlation between person parameters and reported height was high (r =
0.82) and raw variance measure stated that this model accounted for 64.78 % of vari-
ation in the data.
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Limitation of the models

As was presented and partially commented in the results section, model-fit for Brad-
ley-Terry model was good, in general. Oversufficient observations per each pair made
its estimation straightforward and the model as such didn’t show any abnormalities
within the residuals other. However, just as the comparison of item parameters was
affected by their clustering, estimation of Bradley-Terry model suffered also as this
made some item comparisons almost deterministic and close-to-none variation could
be observed there, which in turn placed a constraint on information entering the
model. This can also stand behind lower predictive power of the model and hence some
minor revisions of the scale, such as inclusion of the items bridging this gap would be
highly recommended.

Rasch model’s validity is restricted by violation of some model assumptions and
general rules. Firstly, due to the lower male participants’ willingness to respond to
online surveys as well as unexpected sampling bias of paid ads on social media I did
not collect sufficient number of observations for men (Wright, 1977). It is well known
that small sample size disproportionately affects item calibration task as well as as-
sessment of dimensionality (Torre & Hong, 2010) and therefore model for men was
incapable to be precisely interpreted for model fit, nor estimated indices. There was,
however, yet one more problem connected with ambivalence of the presented items,
or rather their possible different functioning. From the commenting section, some pos-
sible irregularities in the data may be explained. The most voiced problem was con-
nected to v4 and issue of hugging. 3 commenters stated they usually hug children, and,
in this regard, they also used the item. Other such unusual responses connected to spe-
cific life experience were found; “I am 165cm but I played basketball when young,"
"Does the bus item signify legroom when seated or standing,” or “It never occurred to
me that someone would regard my sister as younger, just because she is shorter than
me, actually the opposite, even when I am the older one.”

Sample of this study was also, however, plagued by the convenience sampling se-
lected as well as inappropriate Meta platform advertising. It is possible that a different
sample would present other ideas concerning questionnaire. It could also be true that
the proper measurement of height instead of relying on respondents’ answer concern-
ing it, would influence some of the analysis. However, due to the same pattern dis-
played between male and female participants, it would be unlikely to see completely
different outcome in different sample from the same population.

Concluding remarks

In conclusion, this thesis showed support for ability of estimation of similar item pa-
rameters using different models and underlying by different measurement theories
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and their respective philosophies. However, due to the mild violations of the Rasch
model assumptions and other limitations, with the most serious being the clustering
of the item parameters, it is still questionable if we saw similar results from question-
naire with more evenly distributed item difficulties and it therefore remains in to be
determined. This thesis, however, can serve as a plentiful resource of available litera-
ture and starting point for future research.
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Appendix A Complete wording of items used in the
measurement

Note: Reversed items are marked by an asterisk (*)

Height Inventory from Dotazniku vysky a vahy (Re¢ka, 2018); shorter version adopted
from Tancos (2018)

V1:,,Mam vhodnou vysku na hrani basketbalu nebo volejbalu.*

V2: ,,Slychavam narazky na to, ze jsem vysoky/a.

V3:,,Lidem, ktefi na koncert¢ stoji za mnou, vétsinou ma postava dost brani ve vyhledu.*
V4: , Kdyz chci nékoho obejmout, vétsinou se musim sklonit.*

V5: ,,Casto si musim davat pozor, abych se neuhodil/a hlavou napt. o nizky strop nebo ram
dveri.

V6: ,,Casto potiebuji stolicku, abych dosahl/a na néco, na co jini lidé dosahnou normalng.«
(*)

V7:,Jednou z prvnich véci, které si na mn¢ lidé vsimnou, je to, jak moc jsem maly/a.« (*)
V8: ,,Casto musim stat na gpickach, abych Iépe vid&l/a.” (*)

VO:,,V autobuse mivam dostatek prostoru pro nohy.* (*)

V10: ,,Kvali mé mensi vysce lidé hadaji, Zze jsem mladsi, nez ve skute¢nosti jsem.* (*)
V11:,Kdyz mluvim s jinymi dospélymi a chci se jim divat do oci, ¢astéji na né spis
vzhlizim nahoru.* (*)

English translation

V1: “I have a suitable height for playing basketball or volleyball.”

V2: “I often hear remarks about being tall.”

V3: “People standing behind me at concerts usually find my stature obstructs their view.”
V4: “When | want to hug someone, | usually have to bend down.”

V5: “I often have to be careful not to hit my head on low ceilings or door frames.”

V6: “I often need a stool to reach something that other people can reach normally.” (*)
V7: “One of the first things people notice about me is how small I am.” (*)

V8: “I often have to stand on tiptoes to see better.” (*)

V9: “I have enough legroom on the bus.” (*)

V10: “Because of my shorter height, people guess that I am younger than I actually am.”
(*)

V11: “When | talk to other adults and want to look them in the eye, | often find myself
looking up at them instead.” (*)
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Appendix B Paid advertisement

INPSY - Institut pro psychologicky

vyzkum
Sponsored + §

Chcete se zucastnit psychologického v... See more

et ONLINE VYZKUM LIKERTOVY SKALY

CHCETE SE ZUCASTNIT
PSYCHOLOGICKEHO VYZKUMU?

&

BALBLBARLRR B 1T

MOZNOST UCASTI V SOUTEZI O
FINANCNI ODMENU 1 000 KC

VICE INFORMACI A VSTUP DO DOTAZNIKU

masaryk.eu.qualtrics.com
Vyzkum v psychologii [ LEARN MORE ]
Zapojte se do vyzkumu vlastno...
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Appendix C Informed consent, consent with the
collection of information and explanation of
the study purpose

Dékujeme za vas zajem zdcastnit se vyzkumu, ktery je souéasti irsiho projektu Skalo-
vani, modely méreni a odpovéd'ova zkresleni v psychologii, ktery probiha v letech
2023-2025 na Masarykové univerzité. Hlavnim reSitelem je Mgr. Hynek Cigler, Ph.D,,

a tuto studii realizuje Matej Rusinak. Vice informaci o projektu naleznete zde.

Jaké je téma projektu?

Projekt se zaméruje na zptisob méreni v psychologii, konkrétné na to, jakym zpi-
sobem ovliviiuje format a znéni dotazniku ziskané odpovédi. Ukazuje se totiz, Ze
riizné zpisoby polozeni otdzek vedou k rtiznym odpovédim a rozdilné platnosti vé-
deckych vysledki. Nasim cilem je tyto efekty prozkoumat a prispét tak ke zkvalitnéni
vyzkumu v psychologii a socialnich védach obecné.

Ceho se tyka a jak bude probihat tato konkrétni studie?

V této konkrétni studii se zaméfujeme na samotnou podstatu toho, co psycholog-
ickymi metodami méfime, a srovhavame odpovédi ziskané pomoci riznych
metod dotazovani. Kromé tradi¢ni formy, ktera se vas pta na miru souhlasu s jed-
notlivymi tvrzenimi, budete mit za ukol také srovnavat dvojice tvrzeni a vybirat ta-
kové, které 1épe odpovida zadani. Podrobné instrukce se dozvite vzdy v prislusné
casti dotazniku. Cela studie bude trvat asi 10 minut. Dotaznik obsahuje i volitelnou,
zhruba 5minutovou ¢ast, jejimz absolvovanim si zdvojnasobite pravdépodobnost
vyhry. Poté (budete-li chtit) mlZete pokracovat v podobné studii na pribuzné téma
(¢imz dale zvysite pravdépodobnost své vyhry).

Jak bude vyzkum probihat?

Na dalSich strankach vas budou cekat konkrétni pokyny a série otazek, tykajici se
télesné vysky a zakladnich demografickych charakteristik. Zadna z otazek neni pov-
inna a kteroukoli z nich miiZete preskocit, v nékterych ¢astech dotazniku se vam vsak
tlacitko po preskoceni zobrazi az s casovym odstupem. Nejsme si védomi zadnych
rizik, které se s Gi¢asti ve vyzkumu poji. Uéast ve vyzkumu je plné dobrovolna a lze
ji kdykoliv predcasné ukoncit.

Jaka je odména za ucast?
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Ucast ve vyzkumu neni honorovana, po ukonéeni této studie (zhruba v poloviné
dubna 2024) vsak budou vylosovani 3 ucastnici, kazdy z nich obdrZi finan¢ni
odménu ve vysi 1.000 K¢. Na vyhru neni pravni narok, ze slosovani rovnéz budou
vyrazeni respondenti, ktefi poskytli zjevné nevalidni nebo vyrazné nedplna data.
Vyplnénim volitelné ¢asti studie se pravdépodobnost vyhry zdvojnasobi. Podminkou
ziskani vyhry je uvedeni e-mailové adresy, abychom vas mohli kontaktovat.

Pokud budete souhlasit, na e-mail vdm rovnéz miiZeme poslat pozvanku k zapojeni
do jiné studie v rdmci tohoto nebo navazujiciho vyzkumného projektu. E-mailova
adresa pak mize byt vyuzita k provazani téchto informaci naptic dil¢imi studiemi,
pokud ji v budoucnu rovnéz uvedete, nikoli v§ak nap¥i¢ studiemi z raznych projekt.
Souhlas s timto oslovenim vSak neni podminkou pro ucast v této vyzkumné studii, a
ani vas jakkoli nezavazuje k ucasti v budoucich studiich.

Podrobny informovany souhlas si mizZete zobrazit nize. Pokud mate jakékoli otazky,
nevahejte nas kontaktovat na adrese 520017 @mail.muni.cz.

Informace o zpracovani osobnich udaja

V rdmci tohoto projektu budeme zpracovavat nasledujici osobni udaje: vas vék, po-
hlavi/gender a vzdélani, odpovédi z dotaznikii, kontaktni e-mail pro propojeni jednotlivych
sbért dat a losovani odmény. K vasi e-mailové adrese budou mit pfistup vyhradné vyzkum-
nici bezprostifedné€ zapojeni do feSeni projektu. Po dobu jeho trvani bude mozné pomoci vasi
e-mailové adresy propojit vaSe odpoveédi napti¢ dil¢imi sbéry dat. Thned po ukonceni po-
sledniho sbéru dat v§ak budou data pln¢ anonymizovana a dal$i propojeni vasich odpovédi
S vasi osobou JiZ nebude mozné.
Pokud vSak budete souhlasit (neni podminkou pro ucast v této studii), uchovame si vasi e-
mailovou adresu (oddélené€ od vasich dat) za G€elem pozvanky do ptipadnych navazujicich
vyzkumi. V takovém piipad¢ budeme kromé e-mailové adresy evidovat jesté vas vek, po-
hlavi/gender a vzdé€lani, a to za ucelem efektivnéjSiho oslovovani v budoucich studiich. Tyto
informace budou u nas ulozeny po dobu nejdéle péti let od ukonceni tohoto projektu (tedy
do prosince 2030), a poté budou smazany. Kdykoliv béhem této doby mtizete také pozadat
0 pred¢asné ukonceni vasi ucasti ve vyzkumu a tedy i1 odstranéni vasi e-mailové adresy
Z nasi databaze.
Pokracovanim v tomto dotazniku rovnéZ souhlasite s tim, Ze pln€ anonymizovana data bez
jakychkoli vasich osobnich udaji mohou byt poskytnuta jinym vyzkumnikim za jinymi vy-
zkumnymi ucely, a ze mohou byt i zvefejnéna (napt. publikaci ve védecké data-
bazi www.0sf.io0).
Déle pak:
e Mate pravo pozadovat ptistup k osobnim udajim tykajicim se vasi osoby, jejich
opravu nebo vymaz, popiipadé omezeni zpracovani, mate pravo vznést namitku
proti zpracovani osobnich udaji tykajicich se mé osoby;
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« mate pravo podat stiznost dozorovému organu (Utad na ochranu osobnich udajti)
Vv ptipad¢, ze se domnivate, Ze zpracovani vasich osobnich tdajti probiha v rozporu
S pravnimi predpisy;

e mate pravo tento souhlas se zpracovanim osobnich udajt kdykoliv odvolat, aniz by
vam za to hrozila jakékoliv sankce ¢i znevyhodnéni, a to oznamenim na elektronic-
kou adresu cigler@fss.muni.cz, odhlaSenim se z automaticky rozesilanych e-maila,
ptipadné jinou formou na kontaktni tidaje pro zpracovani osobnich tudaju.

Informace o vyzkumu:
e Nazev projektu: Vliv formatu odpovéd’ové stupnice na psychometrické parametry

polozek

Hlavni vyzkumnik: Mgr. Hynek Cigler, Ph.D.

e Pracovisté: Fakulta socidlnich studii, Masarykova univerzita

Obdobi feSeni projektu: 2023-2025

Zdroj financovani: Grantovéa agentura Ceské republiky

V ptipadé jakychkoli dotazii o tomto vyzkumu se miiZete obracet na Hynka Ciglera,
e-mail cigler@fss.muni.cz

Dulezité kontakty:

« Spravce osobnich udaji: Masarykova univerzita, Zerotinovo nam. 617/9, 601 77
Brno

o Kontaktni osoba spravce vasich osobnich udaji: Mgr. Hynek Cigler, Ph.D., JoStova
10, 602 00 Brno, cigler@fss.muni.cz, tel. 549 494 616.

o Kontakt na povéfence pro ochranu osobnich tidaji Masarykovy univerzity: povere-
nec@muni.cz.

o Tento projekt byl schvalen Etickou komisi pro vyzkum Masarykovy univerzity. V
ptipad¢ dotazi, nejasnosti ¢i pfipominek k pribéhu vyzkumu muzete kontaktovat
vedeni komise na adrese ekv@muni.cz.
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Appendix D Example of item pairs for BTM and
Pairwise Comparisons

Paired comparison as directly displayed to respondent

Vyberte moznost, ktera 1épe reprezentuje vyrok vyssiho ¢lovéka.

Kdyz checi nékoho obejmout, vétsinou se Kvlli mé mensi vysce lidé hadaji, Zze jsem
musim sklonit. mladsi, nez ve skuteénosti jsem.

Paired comparison 10 seconds after being displayed
Vyberte moznost, ktera 1épe reprezentuje vyrok vyssiho &lovéka.

Kdyz chci nékoho obejmout, vétsinou se Kvili mé mensi vysce lidé hadaji, Ze jsem
musim sklonit. mladsi, nez ve skuteénosti jsem.

Nevim
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Appendix E Selected graphs and figures from RM

Proportion of correct and incorrect responses for women

Responses o
Missing
Items 0 1

vl 0.625 0.375 0.000
V2 0.791 0.209 0.000
v3 0.773 0.227 0.000
va 0.849 0.151 0.002
V5 0.862 0.138 0.000
VB* 0.302 0.698 0.002
V7* 0.155 0.845 0.000
v8* 0.432 0.568 0.002
VO* 0.736 0.264 0.002
v10* 0.204 0.796 0.000
vi1* 0.455 0.545 0.000
;?;f)l()rtion 0.562 0.438 0.001

* Reversed items

Rasch Model Summary Table for men

Statistic ltems Persons
Logit Scale Location Mean -1.23 0.264
Logit Scale Location SD 2.269 0.443
Standard Error Mean 0.374 0.407
Standard Error SD 0.112 0.494
Outfit MSE Mean 0.933 0.93
Outfit MSE SD 0.863 2.2
Infit MSE Mean 0.879 0.817
Infit MSE SD 0.171 0.847
Std. Outfit Mean 0.091 0.521
Std. Outfit SD 0.679 1.365
Std. Infit Mean -0.62 -0.32
Std. Infit SD 0.986 1.156
Reliability 0.971 0.775
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Rasch Model Item Calibration Table for men

Proportion Item Loca-

Task ID Correct tion Item SE Outfit MSE Std. Outfit Infit MSE Std. Infit
v2 0.264 1.716 0.317 0.91 0.265 1.03 0.232
v5 0.341 1.112 0.3 0.533 -0.458 0.636 -2.572
v3 0.407 0.637 0.291 0.657 -0.405 0.873 -0.813
v4 0.429 0.484 0.289 0.858 -0.052 1.091 0.631
v9 0.484 0.11 0.285 0.563 -0.818 0.794 -1.435
vl 0.516 -0.111 0.284 0.662 -0.604 0.817 -1.274
vil 0.857 -2.772 0.382 1.112 0.474 1.091 0.482
v8 0.879 -3.056 0.41 0.5 -0.038 0.741 -1.098
v10 0.879 -3.213 0.427 3.447 1.549 0.895 -0.336
v7 0.923 -3.792 0.498 0.731 0.473 1.064 0.305
V6 0.956 -4.64 0.633 0.292 0.615 0.642 -0.939

Empirical ltem Characteristic Curves for women

Expected Scores Curve - ltem v1 Expected Scores Curve - Item v2

1.0 4 10 4
0.8 - 08 -
o 06 o 06
3 5]
2 o
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Expected Scores Curve - ltem v3 Expected Scores Curve - ltem v4
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