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1 Einleitung

In der Alltagssprache werden Emotionen nicht nur nach der Qualität unterschieden,
also z. B. als Freude, Angst oder Ärger, sondern auch nach der Intensität. Man
kann zum Beispiel sagen, dass man sehr enttäuscht über ein Ereignis ist oder dass
man sich ein wenig vor etwas gefürchtet hat. Emotionswörter werden häufig mit die-
sen Intensitätsmodifikatoren („sehr“, „ein wenig“, usw.) kombiniert, um neben der
Qualität auch die Intensität der jeweiligen Emotionen auszudrücken (Reisenzein &
Junge, 2012). Die Intensitäten von emotionalen Erlebnissen werden im Alltag zudem
miteinander verglichen, und zwar sowohl auf intraindividueller als auch auf interin-
dividueller Ebene. So kann man beispielsweise sagen, dass man heute nicht mehr so
enttäuscht ist wie gestern (Vergleich der Intensität über die Zeit) oder dass Paul ent-
täuschter ist als Katja (Vergleich der Intensität über Personen). Sogar verschiedene
Emotionsqualitäten werden manchmal miteinander nach der Intensität verglichen;
so kann man beispielsweise sagen, dass man sich zwar freut, dass Paul doch noch
erschienen ist, dass jedoch der Ärger darüber überwiegt, dass er sich verspätet hat
(siehe auch, Ben-Ze’ev, 1996). Die Alltagspsychologie nimmt also offenbar an, dass
neben der Qualität auch die Intensität ein wesentliches Merkmal von Emotionen ist.
Auf den ersten Blick scheint sich die wissenschaftliche Emotionspsychologie in

Bezug auf diese Annahme nicht von der Alltagspsychologie zu unterscheiden. Wer-
den Emotionen in emotionspsychologischen Untersuchungen gemessen, geschieht das
meistens durch Selbstberichte (z. B., Pekrun & Bühner, 2014). Dabei sollen die Be-
fragten gewöhnlich nicht nur Auskunft über die Qualität ihrer Emotionen geben,
sondern auch über deren Intensität. Typischerweise werden dazu Ratingskalen ver-
wendet, wie z. B. „Wie enttäuscht fühlen Sie sich?“ (von 0 = „überhaupt nicht
enttäuscht“ bis 10 = „extrem enttäuscht“).
Der Berücksichtigung der Intensität von Emotionen in der Messpraxis steht je-

doch keineswegs eine entsprechende Berücksichtigung der Emotionsintensität in der
Emotionstheorie gegenüber. In den meisten aktuellen Emotionstheorien finden sich
nämlich, wenn überhaupt, dann nur recht allgemeine und vage Annahmen über die
Intensität von Emotionen (z. B., Frijda, 1986; Ortony, Clore & Collins, 1988; Rose-
man, Antoniou & Jose, 1996; Scherer, 2001). Explizit quantitative Emotionsmodelle
- d. h. Emotionstheorien, in denen Emotionen als quantitative Größen behandelt
werden und mittels quantitativer Gesetze mit ihren Ursachen und Wirkungen ver-
knüpft werden - gibt es nur wenige (z. B., Gratch, Marsella, Wang & Stankovic, 2009;
Mellers, 2000; Reisenzein, 2009b). Ein Grund dafür ist vermutlich, dass quantitative
Emotionsmodelle als nicht überprüfbar erscheinen, weil man es für nicht möglich
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1 Einleitung

hält, die Intensität von Emotionen mit ausreichender Genauigkeit zu messen. Um
quantitative Emotionstheorien überprüfen zu können, werden Intensitätsmessungen
benötigt, die ausreichend präzise sind (wenig Messfehler enthalten) und metrisch
sind. Zumindest in Bezug auf die gängige Messung der Emotionsintensität mit Hilfe
von Ratingskalen ist jedoch sehr fraglich, ob diese den genannten Ansprüchen gerecht
werden. Emotionsratings erhalten nicht nur viel Fehlervarianz, sie haben wahrschein-
lich auch kein metrisches Skalenniveau, sondern liegen irgendwo zwischen Intervall-
und Ordinalskala und sind vielleicht sogar nur ordinal (z. B., Krantz, Luce, Suppes
& Tversky, 1971).
Das wirft die Frage auf, ob sich alternative Methoden zur Messung der Emo-

tionsintensität finden lassen, die den Ansprüchen an eine präzise Messung besser
gerecht werden. In anderen Gebieten der Psychologie, insbesondere der Psychophy-
sik, werden seit langem mit genau diesem Ziel neben Ratings und anderen, direkten
Skalierungsverfahren sogenannte indirekte Skalierungsverfahren angewendet, um die
Intensität mentaler Zustände (in der Psychophysik sind das üblicherweise Sinnes-
empfindungen) zu messen (z. B., Borg & Staufenbiel, 2007; Marks & Algom, 1998).
Der wesentliche Unterschied zur direkten Skalierung ist dabei, dass die Versuchs-
personen keine absoluten, sondern relative Urteile über die Intensität ihrer mentalen
Zustände abgeben. Die absoluten Intensitäten dieser Zustände werden nachträglich
aus diesen Urteilen mit Hilfe von Skalierungsmodellen erschlossen bzw. geschätzt.
In der Emotionspsychologie wurden diese indirekten Skalierungsverfahren jedoch
bislang so gut wie nicht angewendet.
Vor diesem Hintergrund sollte in der vorliegenden, kumulativen Dissertation unter-

sucht werden, ob indirekte Skalierungsverfahren für die Messung der Intensität von
Emotionen im Vergleich zu den bisher praktisch ausschließlich verwendeten direk-
ten Skalierungsverfahren tatsächlich eine verbesserte Messung der Emotionsintensi-
tät erlauben und wenn ja, worauf diese Verbesserung zurückgeführt werden kann.
Um diese Frage zu beantworten, wurden insgesamt sechs Studien durchgeführt, die
sich auf drei Publikationen verteilen (die Daten einer Studie wurden in zwei der
Publikationen unter verschiedenen Fragestellungen ausgewertet).
In der ersten Publikation (Junge & Reisenzein, 2013) geht es um die Frage, ob

indirekte gegenüber direkten Skalierungsverfahren tatsächlich eine verbesserte Mes-
sung der Intensität von Emotionen ermöglichen, wobei auf die möglichen Ursachen
für eine Verbesserung der Messung nicht im Detail eingegangen wird. In der zweiten
Publikation (Junge & Reisenzein, 2014a) werden zwei indirekte Skalierungsverfah-
ren für die Messung der Intensität von Emotionen miteinander verglichen. Die dritte
Publikation (Junge & Reisenzein, 2014b) widmet sich schließlich der Frage, ob es sich
bei den Messungen durch indirekte und direkte Skalierungsverfahren um metrische
Messungen handelt.
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2 Theoretischer Hintergrund

2.1 Die Intensität von Emotionen

Die Frage, ob mentale Zustände überhaupt eine (messbare) Intensität aufweisen,
wurde noch gegen Ende des 19. und Anfang des 20. Jahrhunderts kontrovers disku-
tiert (z. B., Bradley, 1895; Brentano, 1897; Ehrenfels, 1898; Meinong, 1896; Sheldon,
1904a, 1904b). Heutzutage wird dagegen in Übereinstimmung mit der impliziten
Alltagspsychologie allgemein angenommen, dass es sich zumindest bei einem Teil
der mentalen Zustände, zum Beispiel bei Sinnesempfindungen, aber auch bei den
Emotionen, um quantitative Phänomene handelt. So ist beispielsweise in der Ar-
beitsdefinition von Emotionen, die im Lehrbuch der Emotionspsychologie von Mey-
er, Reisenzein und Schützwohl (2001) vorgeschlagen wird, die Intensität neben der
Qualität ein wesentliches Merkmal von Emotionen:

„1. Emotionen sind Vorkommnisse von zum Beispiel Freude, Traurig-
keit, Ärger, Angst, Mitleid, Enttäuschung, Erleichterung, Stolz, Scham,
Schuld, Neid sowie von weiteren Arten von Zuständen, die den genannten
genügend ähnlich sind.
2. Diese Phänomene haben folgende Merkmale gemeinsam: (a) Sie sind

aktuelle Zustände von Personen; (b) sie unterscheiden sich nach Art oder
Qualität und Intensität [...]; (c) sie sind in der Regel objektgerichtet [...];
(d) Personen, die sich in einem der genannten Zustände befinden, ha-
ben normalerweise ein charakteristisches Erleben (Erlebensaspekt von
Emotionen), und häufig treten auch bestimmte physiologische Verände-
rungen (physiologischer Aspekt von Emotionen) und Verhaltensweisen
(Verhaltensaspekt von Emotionen) auf.“ (S. 24)

Der Begriff der Intensitätsausprägung einer Qualität geht auf die mittelalterlichen
Scholastiker zurück (Schlaudt, 2009). Sie wollten damit der Beobachtung Rechnung
tragen, dass Qualitäten in unterschiedlichen Graden auftreten können. Für Emo-
tionen bedeutet das, dass jede Emotionsqualität in unterschiedlichen Intensitäten
auftreten kann. Wenn nach der Qualität einer Emotion gefragt wird, wird danach
gefragt, was eine Person zu einem bestimmten Zeitpunkt erlebt, also in welcher
Art von emotionalem Zustand sie sich befindet (Freude, Traurigkeit, Angst, Ärger,
usw.). Wird hingegen nach der Intensität einer Emotion gefragt, dann wird danach
gefragt, wieviel von einer bestimmten Emotionsqualität die Person erlebt. Die Frage
nach der Intensität von Emotionen bezieht sich also zumindest implizit stets auf eine
bestimmte Emotionsqualität. Tatsächlich macht es keinen Sinn, nach der Intensität
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2 Theoretischer Hintergrund

von Emotionen unabhängig von einer bestimmten Qualität zu fragen (siehe auch,
Reisenzein, 1994), auch wenn diese Qualität manchmal nur sehr grob bestimmt ist
(z. B. „er reagierte sehr emotional“).
In den letzten 25 Jahren sind im Zuge der in der Psychologie stattfindenden Re-

naissance der Emotionspsychologie (z. B., Meyer et al., 2001) auch einige Veröffentli-
chungen entstanden, die sich explizit mit der Intensität von Emotionen beschäftigen
(z. B., Ben-Ze’ev, 1996; Brehm, 1999; Carrera & Oceja, 2007; Frijda, Ortony, Son-
nemans & Clore, 1992; Reisenzein, 1994; Schützwohl & Krefting, 2001; Sonnemans
& Frijda, 1994, 1995; van Mechelen & Hennes, 2009; Verduyn, van Mechelen, Tuer-
linckx, Meers & van Coillie, 2009). Im Vergleich zur Menge der Publikationen, die
sich mit anderen Aspekten von Emotionen wie z. B. dem Gesichtsausdruck, befas-
sen, ist die Anzahl der Arbeiten zur Emotionsintensität jedoch gering. Schon vor 20
Jahren wurde eine Vernachlässigung der Emotionsintensität durch die Emotionsfor-
schung diagnostiziert (Frijda et al., 1992; Reisenzein, 1994). Zwanzig Jahre später
scheint sich an diesem Zustand nichts Grundsätzliches geändert zu haben. Jedoch
ist die Intensität von Emotionen nicht nur von hoher praktischer Bedeutung (Frijda
et al., 1992), sondern auch von theoretischer, denn eine umfassende Emotionstheo-
rie muss auch eine zufriedenstellende Erklärung für die Intensität von Emotionen
liefern (Reisenzein, 1994). Idealerweise sind Emotionstheorien demnach quantitative
Theorien, also Theorien, die Emotionen als Quantitäten konzeptualisieren und die
funktionalen Beziehungen zwischen Emotionen und ihren Ursachen und Wirkungen
als quantitative Gesetze (siehe Carnap, 1966) spezifizieren.

2.2 Quantitative Emotionstheorien

Bisher wurden nur wenige Emotionstheorien vorgeschlagen, die als quantitative
Emotionstheorien im genannten, strengen Sinne bezeichnet werden können (Gratch
et al., 2009; Mellers, 2000; Reisenzein, 2009b). Daneben werden von einigen Autoren
allgemeine „Intensitätsvariablen“ diskutiert (z. B., Ben-Ze’ev, 1996; Ortony et al.,
1988; Sonnemans & Frijda, 1995), also Variablen, welche die Intensität von Emo-
tionen beeinflussen sollen, ohne dass jedoch die funktionalen Beziehungen zwischen
diesen Variablen und der Intensität von Emotionen genauer spezifiziert werden. Es
kann aber auch bezweifelt werden, dass es allgemeine Intensitätsvariablen gibt, wel-
che die Intensität aller Emotionsqualitäten gleichermaßen beeinflussen. Es scheint
eher erfolgsversprechend, quantitative Gesetze auf der Ebene einzelner Emotionsqua-
litäten oder Klassen von Emotionsqualitäten („Emotionsfamilien“; Castelfranchi &
Miceli, 2009) zu formulieren. Beispielsweise hat die Unerwartetheit eines Sachver-
halts zwar einen starken Einfluss auf die Intensität von Überraschung, Erleichterung
und Enttäuschung, wirkt sich jedoch kaum auf die Intensität von Trauer oder Freude
aus (Reisenzein, 2009b).
Die empirische Überprüfung quantitativer Emotionstheorien stellt allerdings, wie

bereits eingangs erwähnt, eine große Herausforderung für die Emotionsmessung dar.
Die quantitativen Gesetze, die in solchen Theorien angenommen werden, können
nämlich nur dann einer strengen Überprüfung unterzogen werden, wenn man prä-
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zise (von Messfehlern möglichst freie) Intensitätsmessungen hat, die zudem ein me-
trisches Skalenniveau aufweisen. So können beispielsweise lineare von nicht-linearen
monotonen Zusammenhängen zwischen Ursachenvariablen und der Intensität von
Emotionen (z. B., Mellers, 2000; Reisenzein, 2009b) nur dann voneinander unter-
schieden werden, wenn man metrische Messungen der Emotionsintensität zur Verfü-
gung hat. Aber auch die empirische Überpüfung von qualitativen Emotionstheorien
und -hypothesen würde von präziseren (möglichst fehlerfreien und metrischen) Mes-
sungen der Emotionsintensität profitieren (z. B., Roseman & Evdokas, 2004; Scherer,
1997; Siemer, Mauss & Gross, 2007, siehe auch Abschnitt 3.1.2).

2.3 Die Messung der Intensität von Emotionen

2.3.1 Direkte Skalierungsverfahren

Selbstberichte in Form von Ratingskalen sind die am häufigsten verwendeten Ver-
fahren zur Messung der Qualität und Intensität von Emotionen (z. B., Mauss &
Robinson, 2009; Pekrun & Bühner, 2014). In den meisten emotionspsychologischen
Untersuchungen, in denen das emotionale Erleben gemessen wird, werden Versuchs-
personen eine oder mehrere mit Wörtern für unterschiedliche Emotionsqualitäten
beschriftete Skalen vorgelegt, und sie sollen darauf ankreuzen, wie stark sie die je-
weilige Emotionsqualität erleben (z. B. „Wie enttäuscht fühlen Sie sich?“ von 0 =
„überhaupt nicht enttäuscht“ bis 10 = „extrem enttäuscht“). Wie aber kommt eine
Versuchsperson zu einem Intensitätsurteil auf einer Ratingskala?
Eine Emotion kann als ein nicht-propositionales analoges Signal verstanden wer-

den (Oatley & Johnson-Laird, 1987; Reisenzein, 2009a), dessen Intensität „einheiten-
frei“ (Peacocke, 2013) als ein bestimmtes Gefühl erlebt wird. Dieses analoge Signal
muss im Prozess der Introspektion „digitalisiert“ werden, damit die Versuchsperson
ein numerisches Urteil auf einer Ratingskala abgeben kann. Akzeptiert man diese
Annahmen, handelt es sich bei der Intensität von Emotionen um eine quantitati-
ve Größe, das heisst eine kontinuierliche, latente Variable mit metrischer Struktur
(Michell, 1990), die sich über einen Prozess der introspektiven Kategorisierung z. B.
in den Intensitätsurteilen auf einer Ratingskala manifestiert. Bei der Messung einer
solchen kontinuierlichen, latenten Variablen mittels einer Ratingskala können drei
Arten von Messfehlern auftreten (O’Brien, 1985).
Transformationsfehler treten auf, wenn der metrische Charakter der latenten Va-

riable durch die Messung teilweise oder vollständig verloren geht. Man kann zwar
argumentieren, dass die Versuchspersonen durch die Verwendung einer Ratingskala
implizit angehalten werden, diese wie eine Intervallskala zu verwenden (d. h., glei-
che Abstände auf der Skala sollen gleichen Differenzen in der Intensität des Gefühls
entsprechen) und bisweilen werden sie sogar explizit dazu instruiert (Stevens, 1975).
Dadurch ist aber nicht gewährleistet, dass Versuchspersonen dies auch tatsächlich
tun.
Kategorisierungsfehler treten auf, wenn die Abstufungen der Ratingskala nicht

optimal gewählt sind. Das häufigste Problem dabei ist, dass Ratingskalen zu wenige
Abstufungen haben und es dadurch zu einer Vergröberung der gemessenen Variable
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kommt.
Die dritte Fehlerart, von der Ratingskalen betroffen sind, ist der unsystematische

oder Zufallsmessfehler. Dieser spielt bei der Messung der Intensität von Emotionen
durch Ratings ebenfalls eine bedeutsame Rolle, da jede Emotionsintensität gewöhn-
lich nur einmal beurteilt wird. Insbesondere um den Zufallsmessfehler in den Griff zu
bekommen, werden Ratingdaten häufig auf Gruppenebene aggregiert, indem z. B.
die Mittelwerte der Ratings einer Gruppe von Versuchspersonen analysiert werden.
Da Emotionstheorien (ebenso wie auch die meisten anderen psychologischen Theori-
en) jedoch in der Regel auf dem individuellen Niveau formuliert sind, ist es eigentlich
notwendig, diese Theorien auch auf individueller Ebene zu überprüfen (Borsboom,
2005). Außerdem ist die Aggregation von Daten nur dann legitim, wenn man es mit
homogenen Gruppen von Versuchspersonen zu tun hat, d. h. mit Versuchspersonen,
die auf dieselben Reize gleichartig oder ähnlich reagieren. Gerade in der Emotions-
psychologie zeigt sich jedoch häufig, dass die individuellen Reaktionen auf denselben
Auslöser stark variieren (z. B., Kuppens, van Mechelen, Smits, de Boeck & Ceule-
mans, 2007, siehe auch die Publikationen dieser Dissertation), weshalb homogene
Gruppen in emotionspsychologischen Untersuchungen häufig gerade nicht vorliegen.

2.3.2 Indirekte Skalierungsverfahren

Als Alternative zur direkten Skalierung der Intensität von Emotionen, wie sie übli-
cherweise in emotionspsychologischen Untersuchungen anzutreffen ist, wird in dieser
Dissertation ein indirektes Skalierungsverfahren zur Emotionsmessung vorgeschla-
gen und untersucht: Gradierte Paarvergleiche (GPCs; engl.: graded pair compari-
sons). Allgemein können indirekte Skalierungsverfahren als Messverfahren definiert
werden, bei denen die Versuchspersonen die Intensität mentaler Zustände nicht di-
rekt auf einer Skala beurteilen, sondern die Skalenwerte indirekt aus einer Menge
von Vergleichsurteilen der Versuchsperson erschlossen bzw. geschätzt werden (z. B.,
Borg & Staufenbiel, 2007). Der in dieser Dissertation primär verwendete gradierte
Paarvergleich ist eine spezielle Variante des klassischen Paarvergleichs (Thurstone,
1927). Beim gradierten Paarvergleich sollen die Versuchspersonen nicht nur beurtei-
len, welche von zwei Intensitäten die größere ist, sondern sollen darüberhinaus auch
auf einer Ordinalskala angeben, um wieviel größer die eine Intensität gegenüber der
anderen ist (Bechtel, 1967; Boschmann, 2001).
Auch wenn die Intensität von Emotionen mit einem indirekten Skalierungsverfah-

ren gemessen wird, können die drei geschilderten Arten von Messfehlern (O’Brien,
1985) auftreten. Theoretische Überlegungen sprechen jedoch dafür, dass alle drei
genannten Fehlerarten durch die Verwendung einer indirekten Skalierung gegenüber
einer direkten Skalierung reduziert werden können. Transformationsfehler könnten
reduziert werden, weil der metrische Charakter der Emotionsintensität in der in-
direkten Skalierung vermutlich eher erhalten bleibt als in der direkten Skalierung.
Grundlage dieser Annahme ist die Hypothese, dass Vergleichsurteile den Versuchs-
personen deutlich leichter fallen als absolute Größenurteile (Titchener, 1905; siehe
auch, Michell, 2006; und Ben-Ze’ev, 1996 spezifisch für die Intensität von Emotio-
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nen). Wichtiger ist jedoch, dass diese Frage - bleibt der metrische Charakter der
Emotionsintensität bei der indirekten Skalierung erhalten, bzw. liefert die indirekte
Skalierung metrische Emotionsskalen - im Gegensatz zur direkten Skalierung über-
prüft werden kann, indem untersucht wird, ob die GPC-Urteile (genauer: daraus ab-
geleitete Differenzenvergleiche) die Axiome einer Differenzenstruktur erfüllen (siehe
Abschnitt 3.3).
Auch Kategorierungsfehler dürften durch eine indirekte Skalierung reduziert wer-

den. Denn dadurch, dass Versuchspersonen bei einer GPC-Aufgabe immer nur zwei
Emotionsintensitäten miteinander vergleichen müssen, muss in Bezug auf die Anzahl
der Rating-Kategorien nur gewährleistet sein, dass die vorgegebene ordinale Skala
für die Beurteilung der Größe der Paardifferenzen ausreichend differenziert ist. Die
Skala für die absoluten Intensitäten wird erst nachträglich aus den Paardifferenzen
erschlossen, wobei die Gesamtmenge der abgegebenen GPC-Urteile berücksichtigt
wird, was die Schätzgenauigkeit deutlich erhöht. Die resultierende Intensitätsskala
erlaubt deshalb feinere Differenzierungen als eine Ratingskala. Zusätzlich wurden
die Versuchspersonen in den vorliegenden Untersuchungen durch das bewußte Weg-
lassen einer zentralen („gleich“) Kategorie dazu motiviert (Böckenholt, 2001), auch
solche Intensitätsunterschiede zu entdecken, die bei der Beurteilung der zwei ent-
sprechenden absoluten Intensitäten auf einer Ratingskala möglicherweise nicht mehr
differenziert werden.
Schließlich ist zu erwarten, dass der unsystematische Messfehler durch eine in-

direkte Skalierung deutlich reduziert wird. Im Gegensatz zu Ratings, bei der jede
Emotionsintensität nur einmal von jeder Versuchsperson beurteilt wird, wird bei
einem Paarvergleich nämlich jede Emotionsintensität indirekt (in Relation zu einer
anderen) mehrmals beurteilt, wobei die Anzahl der Beurteilungen von der Gesamt-
menge der Stimuli und der Vollständigkeit des Designs abhängt. Bei einem voll-
ständigen Design mit 10 Stimuli wird beispielsweise jeder Stimulus 9 mal in einem
Paarvergleich zu einem anderen Stimulus beurteilt. Unsystematische Messfehler, die
bei jedem dieser Urteile auftreten, können damit ausgeglichen werden.
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2 Theoretischer Hintergrund
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3 Zusammenfassung der Publikationen

3.1 Publikation 1: Indirekte Skalierungsmethoden zur Überprüfung quantita-
tiver Emotionstheorien

In der ersten Publikation wurde in zwei Experimenten untersucht, ob eine indirekte
Skalierungsmethode in Form von gradierten Paavergleichen (GPCs) eine präzisere
Messung der Emotionsintensität erlaubt als die, in der emotionspsychologischen For-
schung üblicherweise zur Anwendung kommende, direkte Skalierung durch Ratings.
Zur Untersuchung dieser Fragestellung wurden aus den GPCs von Emotionsinten-
sitäten mittels zweier probabilistischer Skalierungsmodelle Skalenwerte geschätzt,
die dann ebenso wie direkte mittels Ratings erhobene Skalenwerte an quantitati-
ve Modelle der untersuchten Emotionen angepasst wurden. Überprüft wurde die
Hypothese, dass die indirekte Skalierung zu präziseren Messungen der Intensität
der untersuchten Emotionen führt, was sich in (1) höheren Reliabilitäten und (2)
höheren Modellanpassungen niederschlagen sollte.

3.1.1 Studie 1

Methode

In der ersten Studie wurden direkte und indirekte Skalierungen der Emotionsintensi-
tät im Rahmen der Überprüfung von quantitativen Modellen von Erleichterung und
Enttäuschung verglichen. Dazu nahmen 39 Versuchspersonen an einer Serie von Lot-
terien in Form von Glücksrädern teil, bei denen sie kleine (echte) Geldbeträge (10c
bis 2€) entweder gewinnen oder verlieren konnten. Die Höhe und Wahrscheinlich-
keit der Gewinne und Verluste, sowie der Ausgang der Lotterien wurde systematisch
manipuliert. Von Interesse waren insbesondere jene Durchgänge, bei denen die Ver-
suchspersonen einen potenziellen Gewinn verpasst bzw. einen potenziellen Verlust
vermieden haben, wodurch Enttäuschung (verpasster Gewinn) bzw. Erleichterung
(vermiedener Verlust) induziert werden sollte. Das quantitative Emotionsmodell,
an das die direkten und indirekten Skalenwerte später angepasst wurden, sagt eine
nichtlineare Beziehung zwischen der potenziellen Gewinn- bzw. Verlusthöhe und der
Gewinn- bzw. Verlustwahrscheinlichkeit auf der einen Seite und der Intensität der
erlebten Enttäuschung bzw. Erleichterung auf der anderen Seite vorher (für Details,
siehe Anhang A: Publikation 1).
Im ersten Teil des Experiments beurteilten die Versuchspersonen die Intensität

der erlebten Enttäuschung über die verpassten Gewinne bzw. der erlebten Erleich-
terung über die vermiedenen Verluste auf einer Ratingskala von 0 („überhaupt nicht
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3 Zusammenfassung der Publikationen

enttäuscht/erleichtert“) bis 100 („extrem enttäuscht/erleichtert“). Im zweiten Teil
des Experiments wurden die erleichterungs- und enttäuschungsauslösenden Lotterien
noch einmal paarweise dargeboten und miteinander verglichen. Die Versuchsperso-
nen sollten sich vorstellen, sie würden an den Lotterien noch einmal real teilnehmen.
In jedem Durchgang sollte beurteilt werden, welche der zwei Lotterien z. B. mehr
Erleichterung auslöste, und um wieviel mehr. Zur Beantwortung wurde eine ordi-
nale Skala von 1 („gerade eben mehr“) bis 6 („extrem viel mehr“) verwendet. Aus
den GPC-Urteilen wurden anschließend die Skalenwerte mittels zweier verschiede-
ner Skalierungsmodelle geschätzt: ein metrisches Modell, das Additive Functional
Measurement (AFM; Anderson, 1970) und ein nichtmetrisches, das Maximum Li-
kelihood Difference Scaling (MLDS; Maloney & Yang, 2003). Die erhaltenen Ska-
lenwerte wurden danach; ebenso wie die direkten Skalierungen (Ratings) mittels
nichtlinearer Regression auf individueller und auf Gruppenebene an die quantitati-
ven Emotionsmodelle angepasst.

Ergebnisse

Es zeigte sich, dass die indirekten Skalenwerte (AFM und MLDS) gegenüber den di-
rekten (Ratings) deutlich reliabler waren und dass die individuelle Modellanpassung
(R2) an die quantitativen Emotionsmodelle für die indirekten Skalenwerte signifi-
kant besser ausfiel. Zusätzlich wurde auf der Gruppenebene gefunden, dass die von
den Emotionsmodellen vorhergesagte bilineare Interaktionskomponente (siehe An-
hang A: Publikation 1) zwar für die indirekten Skalierungen signifikant wurde, für
die direkten Skalierungen jedoch nicht. Auf der individuellen Ebene manifestierte
sich dieser Unterschied in einer signifikant höheren Anzahl von modell-konsistenten
Versuchspersonen bei den indirekten Skalierungen und einem signifikant größeren
durch die bilinieare Interaktionskomponente aufgeklärten Varianzanteil.

3.1.2 Studie 2

Methode

In der zweiten Studie wurden analoge Vergleiche von direkten und indirekten Ska-
lierungsmethoden wie in Studie 1 für die Intensität von Ekel durchgeführt. Die 24
Versuchspersonen dieses Experiments beurteilten vier verschiedene Ekelreize, die je-
weils auf zwei Dimensionen, nämlich Größe (klein vs. groß) und Farbe (natürlich
vs. verfärbt), experimentell manipuliert wurden. Das semi-quantitative Modell, an
das die Intensitätsskalierungen angepasst wurden, nimmt an, dass die Intensität
des Ekels eine additive oder überadditive Funktion der beiden Variablen Größe und
Farbe ist (für Details, siehe Anhang A: Publikation 1). Genauergesagt lautete die
(aus evolutionspsychologischen Annahmen abgeleitete) Vorhersage, dass die Inten-
sität des Ekels bei natürlicher Farbe und größerem Objekt (was eine größere Nähe
zum Objekt suggeriert) größer sein sollte als bei unnatürlicher Farbe und kleinerem
Objekt.
Wie im ersten Experiment führten die Versuchspersonen zunächst eine direkte Ska-

10



3.2 Publikation 2

lierung der 4 * 4 = 16 Ekelreize auf einer 11-stufigen Skala (0 = „überhaupt nicht
eklig“ bis 10 = „extrem eklig“) durch. Danach wurden alle 16 Ekelreize in einer
GPC-Aufgabe miteinander verglichen. Auf die GPCs wurden anschließend diesel-
ben Skalierungsmodelle (AFM und MLDS) wie in Studie 1 angewendet. Die direk-
ten und indirekten Skalierungen wurden dann auf der Gruppenebene mittels einer
2 x 2 Varianzanalyse an das theoretische Modell angepasst. Zusätzlich wurde auf
der Individualebene ausgezählt, wie viele Personen den ordinalen Vorhersagen des
Modells entsprachen.

Ergebnisse

Auch in der zweiten Studie erwiesen sich die indirekten Skalierungen den direkten
Skalierungen hinsichtlich Reliabilität und Passung zum theoretischen Modell als
deutlich überlegen. Für drei der vier Ekelobjekte fand sich ein deutlicher Anstieg
der aufgeklärten Varianz sowohl für die Haupteffekte als auch für die Größe x Farbe-
Interaktion von den direkten zu den indirekten Skalierungen. Auf der individuellen
Ebene stieg der Anteil der Personen, die den ordinalen Vorhersagen des Modells
entsprachen, von den Ratings (insgesamt 30%) zu den AFM-Skalierungen (85%)
für alle Ekelobjekte signifikant an. Für die MLDS-Skalierungen (51%) war dieser
Anstieg für ein Ekelobjekt signifikant.

3.1.3 Diskussion

Die Ergebnisse beider Studien bestätigen die Hypothese, dass indirekte Skalierungs-
verfahren eine präzisere Messung der Emotionsintensität erlauben als direkte Skalie-
rungen in der Form von Ratings. Die erhöhte Präzision der indirekten Skalierungen
manifestierte sich einerseits in höheren Reliabilitäten und andererseits in besseren
Modellanpassungen. Die Vorteile der indirekten Skalierungen wurden insbesondere
auf der individuellen Ebene deutlich. Die AFM-Skalierungen waren den MLDS-
Skalierungen in beiden Untersuchungen bezüglich der Modellanpassung leicht über-
legen.

3.2 Publikation 2: Vergleich zweier indirekter Skalierungsverfahren für die
Messung der Intensität von Emotionen

In den Experimenten der ersten Publikation wurde gezeigt, dass auf GPCs beru-
hende, indirekte Skalierungsmethoden eine präzisere Messung der Intensität von
Emotionen ermöglichen als direkte Skalierungen. In der zweiten Publikation wurden
zwei indirekte Skalierungsverfahren für unterschiedliche Arten von Vergleichsurteilen
miteinander verglichen. Ein Motiv für die Wahl der GPCs als Datenerhebungsme-
thode in Publikation 1 war, dass es für die emotionspsychologische Forschung wichtig
ist, neben einem präzisen auch ein einigermaßen ökonomisches Messinstrument zur
Messung der Emotionsintensität zur Verfügung zu haben. In Publikation 2 sollte
geprüft werden, ob mit einem gegenüber der GPC-Methode deutlich aufwendige-
ren indirekten Skalierungsverfahren, dass auf direkten Quadrupelvergleichen (QCs;
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3 Zusammenfassung der Publikationen

engl.: quadruple comparisons) beruht, also dem direkten Vergleich von Paardifferen-
zen, noch bessere Ergebnisse erzielt werden können. Ein weiteres Ziel der zweiten
Publikation war es, die Ergebnisse der GPC-Methode durch ein weiteres, ebenfalls
auf Differenzenmessung beruhendes, alternatives indirektes Skalierungsverfahren zu
validieren.
Für die Verwendung von QCs könnte sprechen, dass sie auf Grund der höheren An-

zahl an Urteilen (bei 12 zu skalierenden Reizen stehen 66 GPCs bereits mindestens
4951QCs gegenüber) zu noch präziseren Skalenwerten führt. Außerdem kann für QCs
ins Feld geführt werden, dass sie anders als die GPCs nur ein binäres Ordinalurteil
(welche Intensitätsdifferenz ist größer?) verlangen, und kein mehrstufiges Ordinalur-
teil über die Größe des Intensitäsunterschieds und deshalb für die Versuchspersonen
möglicherweise einfacher durchzuführen sind (siehe Anhang B: Publikation 2 für
eine kritische Diskussion dieser Annahmen).
In Publikation 2 sollte die Frage, ob die QC-Methode relativ zur GPC-Methode

bessere Ergebnisse liefert, oder ob die Ergebnisse vergleichbar sind, empirisch be-
antwortet werden. Dazu wurden beide Skalierungsverfahren von denselben Versuchs-
personen mit denselben Reizen durchgeführt, die jeweiligen Daten danach mit pas-
senden Skalierungsmodellen skaliert und die Lösungen miteinander verglichen. Um
die Generealisierbarkeit der Ergebnisse dieses Methodenvergleichs zu erhöhen, wur-
den zwei unterschiedliche Emotionen (Ekel in Studie 1 und Erleichterung in Studie
2) sowie zwei unterschiedliche Induktionsarten (Bilder in Studie 1 und schriftliche
Szenarien in Studie 2) verwendet.

3.2.1 Studie 1

Methode

Im ersten Experiment wurden 10 Versuchspersonen 10 eklige Bilder präsentiert,
welche von ihnen in Bezug auf die Intensität des erlebten Ekels beurteilt werden
sollten.
Im ersten Teil der Studie sollten die Ekelreize von den Versuchspersonen direkt auf

einer 11-stufigen Skala (0 = „überhaupt nicht eklig“ bis 10 = „extrem eklig“) beur-
teilt werden. Im zweiten Teil wurden die Ekelreize durch GPCs beurteilt, also mit-
tels derselben indirekten Skalierungsaufgabe, die schon in den beiden Experimenten
der ersten Publikation zum Einsatz gekommen war. Im dritten Teil des Experiments
wurden schließlich QCs durchgeführt, d. h. es wurden Paare von Reizen miteinander
verglichen. Die GPCs wurden anschließend mit einem auf diese Daten zugeschnitte-
nen, probabilistischen nichtmetrischen Skalierungsverfahren, dem Ordinal Difference
Scaling (ODS; Agresti, 1992; Boschmann, 2001) skaliert. Die QCs wurden ebenfalls
mit dem für diese Daten zugeschnittenen, probabilistischen nichtmetrischen Ver-
fahren ausgewertet, dem Maximum Likelihood Difference Scaling (MLDS; Maloney

1Bei den genannten 495 Quadrupeln handelt es sich bereits um eine von Knoblauch und Ma-
loney (2008) empfohlene ausgewählte Untermenge der möglichen Quadrupel; die Anzahl aller
möglichen Quadrupel beläuft sich bei 12 zu skalierenden Reizen auf 2145.
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3.2 Publikation 2

& Yang, 2003).2 Die resultierenden Skalenwerte wurden anhand ihrer Reliabilität
und ihrer Korrelation mit den direkten Skalenwerten miteinander verglichen. Zu-
sätzlich wurde beurteilt, wie gut die erhaltenen Skalenwerte aus beiden indirekten
Skalierungsverfahren miteinander übereinstimmen.

Ergebnisse

Die Ergebnisse zeigten, dass die sparsameren GPCs den aufwendigeren QCs in Bezug
auf die Reliabilität der resultieren ODS- und MLDS-Skalenwerte ebenbürtig sind.
Die Korrelationen zu den direkten Ratings - welche unter der Annahme, dass die
direkten und indirekten Skalierungen dieselbe latente Variable (die erlebte Intensi-
tät der Emotion) messen, als ein Validitätskoeffizient interpretiert werden können
- fielen für die ODS-Skalierungen sogar höher aus als für die MLDS-Skalenwerte.
Darüberhinaus stimmten die Skalenwerte, die mit den beiden Skalierungsverfahren
erhalten wurden, für die meisten Versuchspersonen gut bis sehr gut miteinander
überein. Wie bereits in Publikation 1 waren die Reliabilitäten beider indirekter Ska-
lierungsverfahren denen der direkten Skalierung deutlich überlegen.

3.2.2 Studie 2

Methode

In der zweiten Studie wurden 10 Versuchspersonen 12 Szenarien aus dem studen-
tischen Alltag vorgelegt, die Erleichterung unterschiedlicher Intensität hervorrufen
sollten, z. B. „Du hast in Greifswald endlich eine Wohnung gefunden“ oder „Du
kommst gerade noch rechtzeitig zur Vorlesung“. Wie in Studie 1 führten die Ver-
suchspersonen insgesamt drei Skalierungsaufgaben durch. Zunächst beurteilten Sie
die Szenarien wieder direkt auf einer Ratingskala nach der Intensität der Erleich-
terung, die sie erleben würden, wenn ihnen die geschilderten Ereignisse zustoßen
würden. Danach wurde eine GPC-Aufgabe und schließlich eine QC-Aufgabe durch-
geführt. Auch diesmal wurden die resultierenden ODS- und MLDS-Skalierungen
hinsichtlich ihrer Reliabilität und der Korrelation zu den Ratings miteinander ver-
glichen sowie überprüft, inwieweit ODS- und MLDS-Skalenwerte übereinstimmten.

Ergebnisse

Die Ergebnisse der zweiten Studie zeigten dasselbe Muster wie die der ersten Stu-
die; (1) in Bezug auf die Reliabilitäten können ODS und MLDS als gleichwertig
erachtet werden. (2) Die Korrelation zu den direkten Skalenwerten ist für die ODS-
Skalenwerte höher; (3) die ODS- und MLDS-Skalierungen stimmen für die meisten

2Dieses Verfahren wurde bereits in Publikation 1 als ein nichtmetrisches Skalierungsverfahren
eingesetzt, dabei wurden jedoch die QCs aus den GPCs analytisch abgeleitet. Der Grund für
die Verwendung der MLDS in Publikation 1 waren u. a. Probleme bei der Maximum-Likelihood
Schätzung durch ODS auf Grund von Separation. Dieses Problem konnte in Publikation 2 durch
ein verbessertes Schätzverfahren (bias-reducing maximum likelihood estimation; Firth, 1993;
Kosmidis, 2014) gelöst werden.
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Versuchspersonen gut bis sehr gut überein; und (4) Die indirekten Skalierungen
haben eine deutlich höhere Reliabilität als die direkten Skalierungen.

3.2.3 Diskussion

Die Ergebnisse beider Studien sprechen dafür, dass mit ODS skalierte GPCs genau-
so „gute“ Skalenwerte liefern wie die mit MLDS skalierten deutlich aufwendigeren
QCs. Da GPCs das ökonomischere Verfahren darstellen, sind sie für die Messung der
Intensität von Emotionen den aufwendigeren QCs vorzuziehen. Ein Nebenergebnis
der Studien war, dass die ODS Skalierungen der GPCs nahezu dieselben Skalenwer-
te (r = .99 bzw. r = .98) liefern wie die MLDS Skalierungen der aus den GPCs
analytisch abgeleiteten QCs (siehe Abschnitt 3.1).

3.3 Publikation 3: Metrische Skalen der Intensität von Emotionen

Die Ergebnisse der ersten beiden Publikationen zeigten, dass gradierte Paarver-
gleiche (GPCs), die mit unterschiedlichen Verfahren (ODS, AFM, MLDS) skaliert
werden (wobei diese weitgehend dieselben Skalenwerte erbringen), präzisere Mes-
sungen der Intensität von Emotionen erlauben als direkte Skalierungen in Form von
Ratings. In der dritten Publikation sollte in drei Untersuchungen (wobei Studie 3
eine Reanalyse der Daten von Studie 1 aus der ersten Publikation ist) überprüft
werden, ob die mit indirekten und direkten Skalierungsverfahren erhaltenen Skalen-
werte metrische Skalen darstellen, d. h., Intervallskalenniveau besitzen. In den drei
Untersuchungen wurden zuerst erneut direkte und indirekte Skalierungen der In-
tensitäten unterschiedlicher Emotionen durchgeführt. Danach wurden zunächst die
ODS-Skalenwerte jeder Versuchsperson daraufhin überprüft, ob sie ein metrisches
Skalenniveau hatten (für Details, siehe Abschnitt 3.3.1). Für diejenigen Versuchsper-
sonen, die diesen Test „bestanden“ und deren ODS-Skalenwerte somit als metrisch
gelten konnten, wurde mit einem weiteren Test überprüft, ob ihre direkten Ska-
lenwerte hoch genug mit den indirekten korrelieren, um auch für diese Metrizität
annehmen zu können (für Details, siehe Abschnitt 3.3.1).

3.3.1 Studie 1

Methode

In der ersten Studie sollten 37 Versuchspersonen die Intensität von Angenehmheit
und Ekel skalieren, die jeweils durch 12 angenehme bzw. 12 ekelauslösende Bil-
der ausgelöst wurden. Die Studie umfasste insgesamt 3 Skalierungsaufgaben. Zu-
nächst sollten die Bilder (bzw. die Intensität der durch sie verursachten Gefühle)
auf einer Ratingskala von 0 („überhaupt nicht angenehm/eklig“) bis 100 („extrem
angenehm/eklig“) beurteilt werden. Danach wurde für beide Reizgruppen die GPC-
Aufgabe durchgeführt. Schließlich führten die Versuchspersonen noch eine dritte
Skalierung durch, die eine Mischung aus Rating und Rangordnung darstellte, und
daher als Rank-Rating bezeichnet werden kann (Kim & O’Mahony, 1998). Im nächs-
ten Schritt wurde für jede Versuchsperson und jede Emotion überprüft, ob ihre
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ODS-Skalenwerte metrisch sind. Zu diesem Zweck wurde auf die repräsentationale
Messtheorie (Krantz et al., 1971) zurückgegriffen. Genauer gesagt wurden mittels
der geschätzten Skalenwerte Quadrupel von Stimuli ausgewählt, welche das Anteze-
dens eines zentralen Axioms der Differenzmessung (Krantz et al., 1971) erfüllen, das
sogenannte Quadrupel-Axiom (Debreu, 1958; Luce & Suppes, 1965; Orth, 1982).
Danach wurde überprüft, ob die Antworten der Personen auf das Konsequens des
Quadrupel-Axioms axiomenkonform ausfielen. Um zu entscheiden, ob Axiomverlet-
zungen systematisch waren, wurde ein parametrischer Bootstrap-Test verwendet,
der eine Modifikation eines von Maloney und Yang (2003) vorgeschlagenen Tests
darstellt. Dazu wurden aus dem für die jeweilige Versuchsperson geschätzte ODS-
Skalenwerten und dem ebenfalls geschätzten Urteilsfehler GPC-Urteile für die Test-
fälle des Quadrupel-Axioms generiert. Dies simuliert einen „idealen“ Urteiler, d. h.
eine Person, die das Axiom bis auf zufällige Fehler exakt befolgt. Für jedes der so
erhaltenen 10000 Antwortmuster wurden die korrekten Antworten auf das Konse-
quens des Quadrupel-Axioms ausgezählt. Dies ergab eine Verteilung der relativen
Häufigkeiten richtiger Antworten eines perfekten Beurteilers. Diese Bootstrapvertei-
lung wurde dann mit der relativen Häufigkeit richtiger Antworten der tatsächlichen
Differenzenurteile der jeweiligen Person verglichen. Wenn die tatsächliche relati-
ve Häufigkeit korrekter Antworten in der kumulativen Bootstrapverteilung einen
niedrigen Platz einnimmt (α = .05), kann analog zu einem klassischen Signifikanz-
test, geschlossen werden, dass die manifesten Axiomverletzungen nicht mehr allein
durch Urteilsfehler erklärt werden können, sondern dass die Versuchsperson das
Quadrupel-Axiom systematisch verletzt.
Personen, die den Test des Quadrupel-Axioms bestanden, wurden als „metrisch

in den ODS-Skalenwerten“ klassifiziert. Dies erschien gerechtfertigt, weil der Test
aufgrund der großen Anzahl von Testfällen (ca. 300 in Studie 1) eine hohe Test-
stärke aufweist und deshalb nichtentdeckte Abweichungen von der Metrizität nur
gering sein dürften bzw. klein genug, um sie vernachlässigen zu können. Für diese
Versuchspersonen wurde anschließend überprüft, ob auch ihre direkten Skalenwerte
metrisch waren. Diese Überprüfung beruhte auf der Überlegung, dass jede andere
metrische Messung derselben Emotionsintensitäten, die durch das ODS geschätzt
wurden, bis auf Messfehler eine lineare Transformation der ODS-Skala sein müss-
te, für welche bereits gezeigt worden war, dass sie eine metrische Skala ist. Um
zu entscheiden, ob Abweichungen von der perfekten Korrelation (r = 1) systema-
tisch waren, wurde erneut ein Bootstrap-Test durchgeführt. In diesem Test wurden
zuerst aus den ODS-Skalenwerten und dem Standardmessfehler, der aus den Relia-
bilitäten der entsprechenden direkten Skalierungen berechnet wurde, 10000 Ratings
der 12 Reize simuliert. Diese Ratings simulierten einen Rater, der mit den ODS-
Skalenwerten operiert, dabei jedoch zufällige Fehler entsprechend der Reliabilität
der direkten Skalierung der Person macht. Dann wurde jeder Satz von Skalenwerten
mit den ODS-Skalenwerten korreliert. Dies ergibt eine Verteilung der Korrelationen,
die erwartbar ist, wenn man annimmt, dass die Skalenwerte bis auf den Messfehler
der direkten Skalierungen perfekt miteinander korrelieren. Diese Bootstrapverteilung
wurde herangezogen, um zu beurteilen, ob die empirisch erhaltenen Korrelationen
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der ODS-Skalenwerte mit den direkten Skalenwerten, signifikant von der erwarteten
Korrelation abwichen (α = .05). Falls ja, wurde die Nullhypothese, dass die direkten
Skalierungen bis auf Messfehler mit den ODS-Skalenwerten übereinstimmten und
daher metrisch waren, verworfen.

Ergebnisse

Die große Mehrheit der Versuchspersonen (90%) bestand den Quadrupel-Test für
die ODS-Skalierungen und ihre indirekten Skalierungen wurden deshalb als me-
trisch betrachtet. Von diesen Versuchspersonen bestand nur der kleinere Teil den
Metrizitäts-Test für die direkten Skalierungen. Dabei schnitten die Rank-Ratings
(66%) jedoch deutlich besser ab als die „klassischen“ Ratings (33%). Allerdings ist
denkbar, dass dieser Vorteil der Rank-Ratings nicht auf die Urteilsart allein zu-
rückzuführen ist, sondern darauf, dass diese Skalierung stets als letzte durchgeführt
wurde und deshalb von den vorausgehenden direkten Ratings und GPCs profitierte.
Wegen der relativ geringen Teststärke des Metrizitäts-Tests für die direkten Skalie-
rungen kann nicht behauptet werden, dass diejenigen Versuchspersonen, die den Test
bestanden, zu metrischen direkten Skalierungen in der Lage waren. Umgekehrt kann
jedoch gesagt werden, dass diejenigen Personen, die diesen Test nicht bestanden, in
den direkten Skalierungen nicht metrisch urteilten.

3.3.2 Studie 2

In der zweiten Studie wurde die Intensität von Überraschung und Amüsiertheit, die
durch die Lösungen von Quizfragen erzeugt wurde, sowohl direkt als auch indirekt
skaliert. Die Items bestanden aus je 15 ausgewählten Quizfragen mit mehr oder
weniger überraschenden bzw. amüsanten Lösungen aus einer umfangreichen Samm-
lung von Quizfragen, die an der Abteilung Allgemeine Psychologie II bereits früher
angelegt und in vorherigen Studien zum Einsatz gekommen war. Beispiele sind „Das
Horn des Nashorns besteht aus Haaren.“ (Überraschung) oder „Die Amerikaner ent-
wickelten für eine Million Dollar einen Kugelschreiber für Astronauten. Die Russen
verwendeten Bleistifte.“ (Amüsiertheit).

Methode

Bei der direkten Skalierung sollten die Versuchspersonen auf einer 11-stufigen Ra-
tingskala von 0 („überhaupt nicht überrascht/amüsiert“) bis 10 („extrem über-
rascht/amüsiert“) die Intensität ihrer Überraschung bzw. Amüsiertheit beurteilen.
Im Anschluss erfolgte wiederum die indirekte Skalierung mittels GPCs. Danach
wurden dieselben Bootstrap-Tests wie im ersten Experiment durchgeführt, um die
Metrizität der indirekten und direkten Skalenwerte zu überprüfen. Da in der zwei-
ten Studie das Rating nur einmal durchgeführt wurde, konnte allerdings keine in-
dividuelle Reliabilität für die Ratings berechnet werden. Deshalb wurde für den
Metrizitäts-Test der Ratings (siehe Studie 1) angenommen, dass die Ratings aller
Versuchspersonen dieselbe Reliabilität haben und dass diese der mittleren Korrela-
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tion der Ratings zu den ODS-Skalenwerten entspricht (welche eine untere Grenze
für die Reliabilität angibt).

Ergebnisse

Auch in der zweiten Studie wurde für die große Mehrheit der Versuchspersonen
(80%) gefunden, dass sie den Quadrupel-Test bestanden und dass somit ihre ODS-
Skalenwerte als metrisch betrachtet werden können. Wiederum bestand jedoch die
Mehrheit dieser Versuchspersonen (53%) den Metrizitäts-Test für die Ratings nicht.

3.3.3 Studie 3
Methode

Das dritte Experiment wurde bereits in Publikation 1 als Studie 1 beschrieben. Im
Rahmen von Publikation 3 wurden die Daten jedoch reanalysiert. Dazu wurden aus
den GPCs neue Skalenwerte mittels ODS geschätzt und anschließend wurden ana-
log zu den ersten beiden Studien Bootstrap-Tests zur Überprüfung des Quadrupel-
Axioms und der Metrizität der Ratings durchgeführt.

Ergebnisse

Auch für die ODS-Skalenwerte für Erleichterung und Enttäuschung bestanden die
meisten Versuchspersonen (86%) den Test des Quadrupel-Axioms; ihre Skalenwer-
te konnten deshalb als metrisch betrachtet werden. Dagegen bestand erneut die
Mehrheit dieser Versuchspersonen (58%) den Metrizitäts-Test für die direkten Ska-
lierungen nicht.

3.3.4 Diskussion

Die Ergebnisse der drei Studien zeigten übereinstimmend, dass indirekte Skalierun-
gen für die große Mehrheit der Versuchspersonen - gemessen am Test des Quadrupel-
Axioms - zu metrischen Intensitätsskalen von Emotionen führen. Für die direkten
Skalierungen wurde die Hypothese der Metrizität dagegen für die Mehrheit der Ver-
suchspersonen abgelehnt. Aufgrund der geringen Teststärke des Metrizitäts-Tests
für die direkten Skalierungen ist anzunehmen, dass der Anteil an Versuchspersonen
mit nichtmetrischen Ratings in Wahrheit sogar noch höher ist.
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4 Allgemeine Diskussion

In insgesamt sechs Studien konnte gezeigt werden, dass das indirekte Skalierungs-
verfahren „gradierte Paarvergleiche“ (GPCs) eine geeignete Methode zur präziseren
Messung der Intensität von Emotionen darstellt.

1. In allen durchgeführten Studien erreichten die indirekten Skalierungen eine
deutlich höhere Reliabilität als die direkten Skalierungen der Emotionsinten-
sität.

2. Die Verwendung indirekter Intensitätsskalierungen führte sowohl auf der Grup-
penebene als auch insbesondere auf der Individualebene zu höheren Modellan-
passungen, wenn quantitiative Emotionsmodelle überprüft wurden (Publika-
tion 1).

3. Die erhöhte Messgenauigkeit wurde mit einer relativ ökonomischen Variante
der indirekten Skalierung erreicht, nämlich gradierten Paarvergleichen (GP-
Cs) und konnte durch die Anwendung eines deutlich aufwendigeren Verfahrens
(QCs) nicht weiter erhöht werden. Die unterschiedlichen Methoden der Diffe-
renzmessung und die unterschiedlichen damit assoziierten Skalierungsverfah-
ren resultieren in weitgehend übereinstimmenden Skalenwerten (Publikation
2).

4. Für die deutliche Mehrheit der Versuchspersonen wurde gefunden, dass das in-
direkte Skalierungsverfahren zu metrischen Messungen der Emotionsintensität
führt, direkte Skalierungen hingegen in der Mehrheit der Fälle nichtmetrisch
sind (Publikation 3).

Insgesamt erlaubt das indirekte Skalierungsverfahren damit eine strengere Überprü-
fung quantitativer Emotionstheorien als dies mit Ratingverfahren möglich ist. Das
indirekte Skalierungsverfahren empfiehlt sich darüberhinaus überall dort, wo eine
präzise Messung der Intensität von Emotionen erwünscht ist oder sogar notwendig
ist. Ersteres sollte die Mehrheit emotionspsychologischer Untersuchungen betreffen.

4.1 Welche Messfehler werden durch indirekte Skalierungsverfahren redu-
ziert?

In Abschnitt 2.3.2 wurde die Hypothese aufgestellt, dass indirekte im Vergleich zu
direkten Skalierungsverfahren, präzisere Messungen der Intensität von Emotionen
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liefern, da sie alle drei der von O’Brien (1985) unterschiedenen Arten von Mess-
fehlern reduzieren. Diese Hypothese kann auf der Grundlage der Ergebnisse der
durchgeführten Studien für zwei dieser drei Fehlerarten nun differenzierter beurteilt
werden.1
Zunächst einmal legen die Befunde nahe, dass indirekte (gegenüber direkten) Ska-

lierungsverfahren zu einer Reduktion des unsystematischen Messfehlers führen. Da-
für spricht insbesondere die höhere Reliabilität der indirekten Skalierungsverfahren,
die in allen Studien gefunden wurde; aber auch die höheren Modellanpassungen und
das höhere Ausmaß an aufgeklärter Varianz in Publikation 1.
Neben der Reduktion des unsystematischen Messfehlers wurden durch die indirek-

ten Skalierungen aber auch Transformationsfehler reduziert. Diese Fehler enstehen,
wenn die kontinuierliche, latente Variable, also die Intensität von Emotionen, in eine
Ratingskala „übersetzt“ wird (siehe Abschnitt 2.3.1). Im Extremfall kann dabei die
Information über die metrische Struktur der latenten Variablen vollständig verloren
gehen. Insbesondere die Ergebnisse aus Publikation 3 zeigen jedoch, dass indirekte
Skalierungsverfahren deutlich besser als direkte Skalierungsverfahren in der Lage
sind, den metrischen Charakter der latenten Variable „Emotionsintensität“ bei der
Messung zu erhalten. Das bedeutet auch, dass mit Schlussfolgerungen, die auf der
Datenanalyse von Emotionsratings mit solchen statistischen Verfahren beruhen, die
eigentlich ein metrisches Skalenniveau der Daten voraussetzen (z. B. Varianzanalyse,
lineare Korrelation, Regressionsanalyse), vorsichtig umgegangen werden sollte. Auch
jenseits der Kontroverse um die prinzipielle Möglichkeit, nichtmetrische Daten mit
parametrischen statistischen Verfahren zu analysieren (siehe Hand, 1996) erscheint
es plausibel, dass die Belastbarkeit solcher Analysen mit dem Grad der Abweichung
der Daten von der Metrizität abnimmt.

4.2 Kosten und Grenzen für die Anwendung indirekter Skalierungsverfahren

Der Nutzen indirekter Skalierungsverfahren wurde bereits ausführlich dargestellt,
weshalb im Folgenden auf ihre Kosten sowie auf die Grenzen ihrer Anwendbarkeit
hingewiesen werden soll. Die höhere Messgenauigkeit und das metrische Skalen-
niveau, das mit indirekten Skalierungsverfahren für die meisten Versuchspersonen
nach den Ergebnissen der vorliegenden Untersuchungen bei der Messung der In-
tensität von Emotionen erreicht werden kann, muss mit einem höheren zeitlichen
Aufwand bei der Erhebung und Auswertung der Daten erkauft werden. Zunächst
einmal müssen deutlich mehr Urteile je Versuchspersonen bei konstanter Reizmenge
im Vergleich zu Ratings erhoben werden. Die Anzahl aller möglichen Paarvergleiche
für n zu skalierende Reize ergibt sich aus der Formel n(n−1)

2 . So müssen bei vollstän-
diger Durchführung aller Vergleiche z. B. bei 10, 15 bzw. 20 zu skalierenden Reizen
45, 105 bzw. 190 Paarvergleiche durchgeführt werden. Dabei wird relativ rasch eine
Grenze dessen erreicht, was einer Versuchsperson zugemutet werden kann. Zumin-
dest die in den durchgeführten Studien verwendeten Reizmengen erwiesen sich je-

1Dass die indirekte Skalierung auch die dritte Fehlerart, nämlich Kategorisierungsfehler, reduziert,
wurde bereits in Abschnitt 2.3.2 plausibel zu machen versucht.
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doch in Hinsicht auf Motivation und Konzentration der Versuchspersonen offenbar
als unproblematisch. Außerdem wird ein Paarvergleich nach den Erfahrungen aus
den berichteten Studien schneller durchgeführt als ein direktes Rating, vermutlich,
weil er für die Versuchsperson ein einfacheres Urteil darstellt (siehe Abschnitt 2.3.2).
Wichtiger ist jedoch, dass es bei der Anwendung probabilistischer Skalierungsmo-
delle möglich ist, nur eine Untermenge der möglichen Paarvergleiche beurteilen zu
lassen und trotzdem relativ stabile Schätzungen der Skalenwerte zu erhalten (z. B.,
Burton, 2003; Maloney & Yang, 2003). Diese Vorgehensweise schränkt allerdings
die Möglichkeit zum Test messtheoretischer Axiome etwas ein, da nun auch weniger
geeignete Testfälle vorliegen.
Im Gegensatz zu Ratings, die direkt in die Datenanalyse eingehen können, müssen

aus den GPCs zuerst mit einem geeigneten Skalierungsmodell Skalenwerte geschätzt
werden. Dies erfordert einen zusätzlichen Auswertungsschritt bei der Datenanalyse.
Es gibt jedoch inzwischen mehrere, teilweise auch frei zugängliche, Softwarepakete,
die eine Skalierung von GPC-Daten mit relativ wenig Aufwand möglich machen.
Im Rahmen der Arbeit an dieser Dissertation wurde beispielsweise die frei zugäng-
liche Statistiksoftware R (R Core Team, 2014) inklusive einiger Zusatzpakete bzw.
-funktionen verwendet.
Indirekte Skalierungsverfahren stoßen jedoch dann an die Grenzen ihrer Anwend-

barkeit, wenn die emotionsauslösenden Reize nicht in ein (gradiertes) Paarvergleichs-
design einzubetten sind. Zum Beispiel ist es schwer vorstellbar, dass eine indirekte
Skalierung mit bestimmten Emotionsinduktionsmethoden durch reale Situationen
(siehe Studtmann, Otto & Reisenzein, 2009) durchführbar ist, etwa wenn Ärger
durch ein bestimmtes Verhalten des Versuchsleiters induziert werden soll (Siemer et
al., 2007). Allerdings konnten Menkovski, Exarchakos und Liotta (2011) zeigen, dass
es immerhin möglich ist, kleine Videoszenen mit einem indirekten Verfahren, hier
sogar dem noch aufwendigeren Quadrupelvergleich (siehe Abschnitt 3.2), skalieren
zu lassen.
Weiterhin nehmen die indirekten Skalierungsmodelle implizit an, dass die ver-

glichenen Reize während der Skalierungsaufgabe bis auf den zufälligen Messfehler
immer dieselbe Emotionsintensität auslösen. Tatsächlich kann es aber im Verlauf
eines Skalierungsexperiments zu systematischen Veränderungen der Intensität von
Emotionen kommen, z. B., wenn eine wiederholte Darbietung von Reizen zu einer
Adaptation des emotionalen Systems führt.

4.3 Interinviduelle Unterschiede

Ein interessanter Befund aller durchgeführten Studien war, dass es teilweise erheb-
liche interindividuelle Unterschiede in den Ergebnissen in Bezug auf die messtheo-
retische Qualität der direkten und indirekten Skalierungen gab. Eine differential-
psychologische Erklärung dieses Befunds könnte sein, dass sie auf interindividuelle
Unterschiede in der Fähigkeit zur Introspektion (von Emotionen) zurückzuführen
sind. Zukünftige Studien könnten deshalb untersuchen, wie stabil die interindividu-
ellen Unterschiede in der Qualität von direkten und indirekten Emotionsskalierungen
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4 Allgemeine Diskussion

sind und ob z. B. Veränderungen durch Training möglich sind.
Eine erste Studie zu diesem Thema konnte bereits zeigen, dass Leistungen in direk-

ten und indirekten Skalierungsaufgaben für emotionale und nicht-emotionale Reize
untereinander sowie zur Arbeitsgedächtniskapazität moderate Zusammenhänge auf-
weisen (Perkuhn, 2014). Indirekte Skalierungsverfahren eröffnen also möglicherweise
eine interessante neue differentialpsychologische Forschungsperspektive im Bereich
der Emotionspsychologie.
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Insgesamt konnte in der vorliegenden kumulativen Dissertation gezeigt werden, dass
indirekte Skalierungsverfahren eine bessere Alternative zu den bisher in der Emo-
tionsforschung fast ausschließlich verwendeten, direkten Skalierungsverfahren zur
Messung der Intensität von Emotionen darstellen. Die durch indirekte Skalierungs-
verfahren für die meisten Versuchspersonen erreichbare Präzision der Messung er-
laubt es, quantitative Emotionstheorien auf individueller Ebene zu überprüfen. Au-
ßerdem ist es mit indirekten Skalierungsverfahren möglich, die Zusammenhänge zwi-
schen dem emotionalen Erleben und physiologischen Reaktionen sowie Ausdrucksa-
spekten von Emotionen genauer als bisher zu untersuchen. Die in diesem Bereich
gefundenen, häufig schwachen Zusammenhänge zwischen Emotionserleben, Physio-
logie und Ausdruck sind häufig der ungenauen Messung des emotionalen Erlebens
angelastet worden (z. B., Rosenberg & Ekman, 1994). Dies betrifft jedoch primär
Ratingskalen; indirekte Skalierungsverfahren sind von dieser Kritik weit weniger
betroffen. Weiterhin ist das verwendete indirekte Skalierungsverfahren prinzipiell
auch für die präzisere Messung von Ursachenvariablen geeignet, die in quantitati-
ven Emotionstheorien postuliert werden. So könnte im Prinzip auch die „Intensität“
bestimmter Einschätzungen (z. B. Unerwartetheit oder Verantwortlichkeit) sowie
die Stärke von Wünschen, Handlungstendenzen und anderen emotionsbezogenen
Variablen indirekt skaliert werden. Sollte für die genannten Variablen eine ähnliche
Präzisionssteigerung der Messung erreichbar sein wie für die Messung der Emotions-
intensität, könnte die Überprüfung quantitativer Emotionstheorien davon ebenfalls
profitieren. Wie sich inzwischen bereits bestätigt hat, ist das in den Dissertationsun-
tersuchungen verwendete, indirekte Skalierungsverfahren aber auch für die Messung
der subjektiven Intensität von emotionalen Gesichtsausdrücken geeignet (Junge &
Lischke, 2014). Schließlich sind das verwendete und andere indirekte Skalierungsver-
fahren nicht auf das Gebiet der Emotionspsychologie beschränkt. Neben denjenigen
Gebieten, in denen diese Verfahren bereits zum Einsatz kommen (insbesondere der
Psychophysik sowie nun in der Emotionspsychologie), könnten sie auch in weite-
ren Gebieten der Psychologie, z. B. für die Messung von Persönlichkeitsvariablen,
herangezogen werden und dort vergleichbare Präzisionssteigerungen erbringen.
Eine weitere Forschungsperspektive ergibt sich im Hinblick auf die methodische

Weiterentwicklung der hier verwendeten Skalierungsverfahren sowie der Tests zur
Überprüfung der messtheoretischen Axiome. Beispielsweise könnte sowohl das ODS-
Skalierungsverfahren (z. B., Gelman, Jakulin, Pittau & Su, 2008) als auch der Test
des Quadrupel-Axioms (z. B., Karabatsos, 2005) alternativ in einem bayesianischen
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Rahmen realisiert werden.
Eine weitere Forschungsperspektive wäre die Entwicklung eines verbesserten Mo-

dells der Introspektion von Emotionen. Zwar existiert eine relativ umfangreiche emo-
tionspsychologische (z. B., Lambie & Marcel, 2002; Reisenzein, 2009a; Reisenzein
& Junge, 2012; Robinson & Clore, 2002) und auch philosophische (z.B., Haybron,
2007; Seager, 2002) Literatur zum Erleben bzw. Bewußtsein von Emotionen, jedoch
erlauben die vorhandenen theoretischen Ansätze keine vollständige Erklärung des
Zustandekommens von Urteilen über die Qualität und Intensität von Emotionen,
die sich in direkten und indirekten Skalierungsverfahren (und Selbstberichten über
Emotionen allgemein) manifestieren. Die in dieser Dissertation eingenommene mess-
theoretische Perspektive vereinfacht die angenommen Prozesse der Introspektion von
Emotionen zugegebenermaßen stark. Wünschenswert wäre daher eine Theorie der
Introspektion von Emotionen, die auch emotionspsychologisch stärker fundiert ist.
Eine solche Theorie sollte z. B. folgende Fragen beantworten: Inwieweit liegen Qua-
lität und Intensität einer Emotion bereits „fertig“ im phänomenalen Erleben vor
und inwieweit werden sie vielleicht erst im Prozess der Urteilsbildung „konstruiert“?
Das heisst, besteht der introspektive Prozess aus einem reinen „Ablesen“ von Qua-
lität und Intensität einer Emotion aus dem phänomenalen Bewußtsein, oder enthält
dieser Prozess auch konstruktivistische Elemente? Welche kognitiven Urteilsschritte
sind auf dem Weg vom phänomenalen Erleben einer Emotion bis hin zur Urteilsab-
gabe bei einer Skalierungsaufgabe notwendig? Welche Gedächtnisrepräsentationen
der Qualität und Intensität einer Emotion werden bei der Bildung eines Skalie-
rungsurteils herangezogen? Durch welche weiteren Faktoren (über das phänomenale
Erleben einer Emotion hinaus) werden Skalierungsurteile noch beeinflusst? Was un-
terscheidet die spontane Introspektion von Emotionen im Alltag von der instruierten
Introspektion von Emotionen bei einer Messung?
Eine Theorie, die diese Fragen beantwortet, würde nicht nur unser Verständ-

nis von der Messung von Emotionen durch introspektive Methoden erweitern, sie
könnte idealerweise auch bei der Entwicklung neuer verbesserter Messmethoden hel-
fen, welche auf die Natur des introspektiven Prozesses zugeschnitten sind. Bei der
Entwicklung und Überprüfung einer solchen Theorie könnten Eyetracking (z. B.,
Schulte-Mecklenbeck, Kühberger & Ranyard, 2011) und andere prozessanalytische
Methoden hilfreich sein.
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Indirect scaling methods for testing quantitative
emotion theories

Martin Junge and Rainer Reisenzein

Institute of Psychology, University of Greifswald, Greifswald, Germany

Two studies investigated the utility of indirect scaling methods, based on graded pair comparisons, for the
testing of quantitative emotion theories. In Study 1, we measured the intensity of relief and disappointment
caused by lottery outcomes, and in Study 2, the intensity of disgust evoked by pictures, using both direct
intensity ratings and graded pair comparisons. The stimuli were systematically constructed to reflect
variables expected to influence the intensity of the emotions according to theoretical models of relief/
disappointment and disgust, respectively. Two probabilistic scaling methods were used to estimate scale
values from the pair comparison judgements: Additive functional measurement (AFM) and maximum
likelihood difference scaling (MLDS). The emotion models were fitted to the direct and indirect intensity
measurements using nonlinear regression (Study 1) and analysis of variance (Study 2). Both studies found
substantially improved fits of the emotion models for the indirectly determined emotion intensities, with
their advantage being evident particularly at the level of individual participants. The results suggest that
indirect scaling methods yield more precise measurements of emotion intensity than rating scales and
thereby provide stronger tests of emotion theories in general and quantitative emotion theories in particular.

Keywords: Emotion intensity; Emotion measurement; Direct scaling methods; Indirect scaling
methods; Rating scales; Graded pair comparisons; Maximum likelihood difference scaling; Quantitative
emotion theories.

Perhaps the most salient property of emotions,
apart from their quality (happiness, anger, fear,

etc.), is their intensity (e.g., Frijda, Ortony,

Sonnemans, & Clore, 1992; Reisenzein, 1994):

Each emotion quality can be exemplified in different
grades or degrees, ranging from just noticeable to

highly intense. However, whereas many emotion

theories try to account for the qualitative differ-
entiation of emotions (e.g., Lazarus, 1991; Ortony,

Clore, & Collins, 1988; Scherer, 2001), there are

only few explicit attempts to model the intensity

of emotions (see, e.g., Gratch, Marsella, Wang, &

Stankovic, 2009; Reisenzein, 2009a, for reviews; and

the introduction to Studies 1 and 2 below).
One reason for why most emotion theories have

remained on the qualitative level may be the

problems associated with testing quantitative the-

ories. To test a quantitative emotion theory,

emotion intensity must be measured with sufficient

precision to allow the verification or rejection of the
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quantitative laws proposed by the theory (see Study
1 for examples). Behavioural emotion indicators
(e.g., physiological reactions or facial expressions)
are of limited usefulness for this purpose because
they are not differentiated (emotion-specific) en-
ough, and because they are not strongly enough
associated with emotional experience (see e.g.,
Mauss & Robinson, 2009; Reisenzein, Studtmann,
& Horstmann, 2013).1 Patterns of brain activity
corresponding to specific emotions may ultimately
provide objective and precise measures of both the
quality and intensity of emotions; but such mea-
sures still need to be developed. This leaves self-
reports of emotional experience as the most specific
and sensitive measures of emotion currently avail-
able (see also Reisenzein & Junge, 2012). However,
despite their virtues and widespread use in emotion
research, self-reports of emotional experiences are
often regarded as too imprecise to be suitable for
testing quantitative emotion theories.

Criticisms of self-reports of emotions are usually
targeted at their most frequently used incarnation:
direct intensity ratings of emotion on quality-
plus-intensity scales (e.g., ‘‘How happy are you
right now?’’ from 0�Not at all to 10�Extremely).
The basic criticism is this: Even granting that
emotional experiences are continuous magnitudes
with metric structure (Michell, 1990), it is un-
likely that ratings preserve enough information
about these magnitudes to be useable for testing
quantitative theories. Suitable measurements must
meet two basic requirements (e.g., O’Brien, 1985):
(i) they must be on a metric (i.e., an interval or even
a ratio) scale level; and (ii) they must be reasonably
free of (other) measurement errors, both random
and systematic (with the latter including errors
due to categorisation, or a loss of resolution; see
O’Brien, 1985). According to their critics, rating
scales are unlikely to fulfil these requirements. With
regard to scale level, it is widely held that rating
scales are only ordinal, or at best somewhere in
between ordinal and interval (e.g., Krantz, Luce,

Suppes & Tversky 1971). There is also little doubt
that ratings have only limited resolution and contain

a considerable amount of random noise. Although

random measurement error can be reduced by using
repeated measurements or multiple indicators (e.g.,

Bagozzi, 1980; Bollen & Noble, 2011), in practice

there are limits to what can be achieved this way. The
measurement problems of rating scales become par-

ticularly salient if one wants to test emotion theories
at the level of individual participants rather than

at the group (mean) level only. However, given that

emotion theories describe mental processes of in-
dividuals, this is what one should try to do (e.g.,

Reisenzein, 2000; for a more general discussion of this

issue see, e.g., Cohen, Sanborn, & Shiffrin, 2008).
Because of the measurement problems asso-

ciated with category ratings and other direct

intensity judgements (e.g., magnitude scaling;
Stevens, 1975), there have long been attempts to

develop alternative scaling methods that yield

more precise measurements of the intensity of
subjective experiences. The basic idea behind

these alternative scaling methods is to estimate
subjective intensities from judgements that de-

mand less of the participants than direct intensity

ratings do, and that they are (therefore) able to
make reliably. The most frequently proposed kind

of simpler judgements are ordinal comparisons of

intensities (e.g., in the case of emotion: ‘‘the
intensity of relief elicited by event a is greater

than that elicited by event b’’). From these data,
the underlying absolute intensities of the experi-

ences caused by the stimuli are then estimated

with the help of scaling models, which are really
miniature models of the judgement processes

thought to underlie the pair comparison responses

(see below for more detail). Because the intensities
of experiences (the scale values) are thus indirectly

determined rather than directly reported by the
subject, these scaling methods are often called

indirect (e.g., Borg & Staufenbiel, 2007).

1 We conceptualise emotions as mental states that are subjectively experienced as feelings and that manifest themselves in self-

reports, expressive behaviours, and actions. Readers who prefer a multi-component view of emotion (according to which expressive

behaviours and actions are components rather than indicators of emotions) should read our term ‘‘emotion’’ as referring to the

feeling component of the multi-component state.
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Although indirect scaling methods have much to
recommend them (see, e.g., Böckenholt, 2004;
Maydeu-Olivares & Böckenholt, 2008), they have
been rarely used in emotion research. One reason
for this may be emotion researchers’ lack of
familiarity with indirect scaling methods, particu-
larly their recent developments. Another reason
may be the belief that these methods, although
useful for the measurement of sensations, cannot be
used to measure emotional experiences. Perhaps the
most important reason, however, is that emotion
researchers have not been convinced that indirect
scaling methods provide an increase in precision
that justifies the greater effort of data collection and
analysis required by these methods. Indeed, there
seems to be no study in which direct and indirect
scalings of emotion intensity have been compared
in terms of their usefulness for testing substantive
hypotheses. The aim of the present article is to fill
this research lacuna. In two studies, we investigated
to which degree indirect scaling methods can
improve the testing of emotion theories compared
to direct ratings of emotion intensity, as commonly
used in emotion research. In Study 1, we compared
the usefulness of direct ratings and indirect scalings
of relief and disappointment about lottery outcomes
for the testing of quantitative belief�desire models
of these emotions. In Study 2, we compared the
utility of direct ratings and indirect scalings of the
intensity of disgust induced by pictures to test a
semi-quantitative model of disgust intensity.

Scaling methods

We compared direct emotion intensity ratings
obtained using numerically labelled rating scales
with scale values obtained by means of two
indirect scaling methods, both of which are (in
our application) based on graded pair compar-
isons. Graded pair comparisons (Bechtel, 1967) or
difference ratings (Boschman, 2001) are a variant
of the well-known pair comparison method (e.g.,
Borg & Staufenbiel, 2007; Torgerson, 1958).
They differ from the standard pair comparison
task in that the participants judge not only which
of the two stimuli in a pair is greater than the
other on a specified judgement dimension, but

also how much greater it is. In other words,
participants judge the degree of the difference
between the two compared stimuli on the judge-
ment dimension. To illustrate, the participants in
Study 1 were presented with pairs of disappoint-
ing lottery outcomes and were asked to indicate,
for each pair, which of the two outcomes was more
disappointing, and how much more disappointing
it was (from ‘‘Just barely’’ to ‘‘Extremely’’).

Although comparatively rarely used (see De
Beuckelaer, Kampen, & Van Trijp, 2013; Oishi,
Schimmack, Diener, & Suh, 1998, for examples)*
and never before, to our knowledge, to measure the
intensity of specific emotions*graded pair compar-
isons have much to recommend them. Different from
direct ratings, graded pair comparisons do not
presuppose that people can accurately judge absolute
intensities of experiences; only that they can judge
intensity differences. Since the beginnings of psycho-
physical measurement, it has been argued that even
though people may be unable to accurately report the
absolute intensities of experiences, they are able to
judge intensity differences (e.g., Titchener, 1905; see
Michell, 2006). Furthermore, even the difference
judgements are assumed to be only on an ordinal scale
level in one of the two scaling models we used; hence,
ultimately only ordinal comparison is required, as
with binary pair comparison judgements (Thurstone,
1927). However, different from binary pair compar-
isons (see Thurstone, 1927; Torgerson, 1958), graded
pair comparisons can also be used for the scaling of
clear suprathreshold intensity differences.

To derive the emotion intensities from the
graded pair comparison judgements, we fitted two
different probabilistic scaling models to the data: an
additive functional measurement model (AFM)
and the maximum likelihood difference scaling
model (MLDS). Both models can be regarded as
descendants of the well-known Thurstonian scaling
model (Thurstone, 1927; see, e.g., Böckenholt,
2003; Borg & Staufenbiel, 2007). In particular, in
agreement with Thurstone (1927), both models
assume that the comparative judgements provided
by the participants are based on differences in latent
scale values that are perturbed by random error.
The most important difference between the two
models is this: AFM presupposes that the graded

SCALING OF EMOTION INTENSITY
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difference judgements are on a metric scale,
whereas MLDS requires them to be ordinal only.

Additive functional measurement (AFM). The
statistical model underlying AFM scaling can be
regarded as a special version of the additive
functional measurement model proposed by An-
derson (1970, 1982) because it can be obtained
from applying this model to graded pair compar-
isons (Boschman, 2001; see also, Bechtel, 1967;
Bechtel & O’Connor, 1979). Alternatively, AFM
can be regarded as a unidimensional version of
probabilistic metric multidimensional scaling
(e.g., MacKay & Zinnes, 1986). The AFM model
assumes that the response function that maps the
internal states (in our case, the perceived differ-
ences between the intensities of compared emo-
tion stimuli or objects) into overt judgements, is
linear and more precisely proportional. This
implies that the difference judgements, like the
latent scale values, are interpreted as numerical
responses on a ratio scale. Accordingly, the graded
response Rab to a pair of objects (a,b); (e.g., in
Study 1, the difference in the intensity of
disappointment evoked by two lottery outcomes
a and b, coded on a numerical response scale from
� 6 to � 6) is proportional to the latent decision
variable Dab, which is the perceived difference in
emotion intensities; i.e., Rab�aDab. The decision
variable Dab, in turn, is assumed to be internally
computed as the difference between the scale
values ca, cb of the compared stimuli plus a
random error term o that summarises diverse
kinds of randomly fluctuating components of the
judgement process: The stimuli do not always
evoke the same intensity of emotion when pre-
sented repeatedly; the computation of the differ-
ence may be imprecise, and so on. Following

Thurstone’s (1927) classical case V model, the
errors are assumed to be independent and normally
distributed with mean 0 and constant variance d2.
The AFM model can be succinctly summarised by
two equations, the first of which describes how the
decision variable is computed, and the second, how
it is mapped into an overt graded response:

Dab ¼ wb � wa þ e with e � N 0; d2
� �

(1)

Rab ¼ aDab: (2)

The scale values ca, cb, . . . , cn and the error
variance d2 are unknown parameters of the model
that must be estimated from the data (the graded
pair comparisons). Hence, as with all probabilistic
scaling methods, AFM scaling (the process of
determining the scale values of the stimuli) involves
fitting a probabilistic judgement model to the data.

Maximum likelihood difference scaling (MLDS).
As mentioned, the AFM model assumes that the
graded difference ratings are on a metric scale level.
Although this assumption (that judgements of
intensity differences are on a metric scale) is weaker
and intuitively more plausible (Titchener, 1905)
than the assumption that absolute intensity ratings
are metric, it is far from uncontroversial. To address
this concern, we included a second recently devel-
oped scaling method that requires only ordinal
difference judgements: MLDS (Knoblauch &
Maloney, 2008; Maloney & Yang, 2003). Different
from the AFM model, the response variable in
MLDS is dichotomous, and the response function
that maps the decision variable into the overt
response is a threshold function. MLDS can be
regarded as a probabilistic unidimensional version
of nonmetric multidimensional scaling (Maloney
& Yang, 2003, p. 582).2

2 Another probabilistic scaling model suitable for graded pair comparisons is the cumulative probit model (e.g., Boschman, 2001;

Greene & Hensher, 2010). The cumulative probit model (also called ordinal regression) is similar to the AFM model in that it uses

the original graded comparison judgements as input, and similar to the MLDS model in that it requires only ordinal data. Its main

disadvantage is that it has many more parameters than MLDS because, in addition to the m scale values and the error variance, m�1

threshold parameters that mark the category boundaries need to be estimated. This can lead to estimation problems, particularly at the

individual level. In addition, we prefer MLDS because it is based on a representational measurement model (Krantz et al., 1971; see

also the general discussion). However, it should be noted that Boschman (2001) found that the scale values obtained with the

cumulative probit model were highly similar to those obtained with the AFM model.
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The input data for MLDS are 0/1 dominance
judgements as in classical Thurstonian pair com-
parison scaling; however, comparisons are made
between pairs of objects (a,b) and (c,d) rather than
between single objects, and the participant’s task is
to judge which difference is larger: the difference
between a and b or the difference between c and d.
In our studies, the MLDS input data represent,
for example, whether the difference in the
intensity of disappointment caused by two lottery
outcomes a and b is greater or smaller than the
difference in disappointment caused by outcomes
c and d. In previous applications of MLDS, the
input data were obtained by actually presenting
participants with (a subset of) the possible quad-
ruples (ab,cd) and asking them to judge whether
the difference between a and b is greater or less
than that between c and d (e.g., Maloney & Yang,
2003). However, it is also possible to use the data
from a graded pair comparison task as input to
MLDS.3 To do so, the graded pair comparisons
are transformed into dominance judgements for
quadruples as follows (see e.g., Roberts, 1979,
p. 135): For each quadruple (each pair of stimulus
pairs; ab,cd), ab�cd if the graded comparison
(judged difference) of a and b has a higher rank
than the difference of c and d. For example,
assume that the disappointment about lottery
outcome b is judged as ‘‘a little more intense’’
(difference score 2) than the disappointment
about outcome a, whereas the disappointment
about d is judged as ‘‘much more intense’’
(difference score 4) than the disappointment
about c. Because the judged difference between c
and d is greater than that between a and b, the
quadruple (ab,cd) is assigned the dominance score
1. By contrast, if the judged difference between a
and b is smaller than that between c and d (ab,cd),
is assigned the dominance score 0. Because only
the ranks of the graded pair comparison judge-
ments are used to decide which difference is
larger, MLDS requires that these judgements be
on only an ordinal scale.

Analogous to the AFM model, the MLDS
judgement model can be summarised by two
equations, the first of which describes how the
decision variable is computed from the scale values
of the stimuli, and the second how it is mapped
into an overt dominance judgement.

Dab;cd ¼ wd � wcj j � wb � waj j
þ e with e � N 0; d2

� � (3)

Rab;cd ¼ 1 if Dab;cd> 0; else Rab;cd ¼ 0: (4)

According to the psychological law expressed by
Equation 3, the participant in a quadruple judge-
ment task implicitly computes the (absolute)
difference between the two members of each
stimulus pair (e.g., how much more or less
disappointing lottery outcome a is compared to b,
and c compared to d), and then again computes the
difference between these intervals, jcd�ccj�
jcb�caj, to determine which of them is larger.
Furthermore, as in the AFM model, the internal
judgement process is assumed to be contaminated
by independent random error stemming from a
normal distribution with variance d2. It should be
noted, however, that according to simulation
studies by Maloney and Yang (2003), MLDS is
remarkably robust against misspecifications of the
error distribution as well as violations of the
assumption of independent errors. Analogous to
the AFM model, the error component o can be
thought of as summarising all sources of random
error in the judgement process: The stimuli may
not always elicit the same intensity of emotion,
there may be random errors when computing the
intervals, and so on. Note that because in our
application of the method, the 0/1 responses to the
stimulus pairs were deduced from the graded pair
comparison judgements, random errors associated
with the computation of the differences between
the two intervals ab and cd were excluded; hence
one possible source of error in direct quadruple
judgements was eliminated. Equation 4 implies

3 In a recent study (Junge & Reisenzein, 2013a), we compared the MLDS solutions obtained from quadruple comparisons of

emotional stimuli with those derived from graded pair comparisons of the same stimuli. For most participants, high agreements of

the solutions were found.
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that, if the error were zero, the difference between

c and d would be judged as greater than that

between a and b (i.e., Rab,cd�1) whenever�jcd�
ccj�jcb�caj; however, due to the presence of

error, the other response (Rab,cd�0) will occa-

sionally be given, particularly if the two intervals

are of similar size.

STUDY 1: INTENSITY OF RELIEF
AND DISAPPOINTMENT
EXPERIENCES

For a small set of emotions, quantitative theories*
theories that explicitly seek to explain not only the

quality but also the intensity of emotions*have

been proposed by philosophers (e.g., Davis, 1981),

economists (e.g., Bell, 1985; Loomes & Sudgen,

1986), and psychologists (e.g., Anderson, 1989;

Mellers, Schwartz, Ho, & Ritov, 1997). Although

they use different terminology (e.g., strength of

desire is referred to as utility or value, and

strength of belief as subjective probability or

expectancy), most of these theories can be re-

garded as variants of a common underlying

emotion theory, the belief�desire theory of emo-

tion (e.g., Davis, 1981; Green, 1992; Reisenzein,

2009a). Integrating this and other previous re-

search, Reisenzein (2009a) proposed a simple

quantitative model of belief�desire theory that

includes intensity laws for happiness and unhap-

piness, relief and disappointment, hope and

fear, and surprise. As formulated in Reisenzein

(2009a), the model is restricted to situations

in which a single desired or undesired event can

occur (hope, fear) and then either occurs or does

not occur (relief, disappointment, surprise). In

Study 1, we tested the proposed intensity laws for

relief and disappointment, using two-outcome

lotteries where either a gain (vs. no gain) or a

loss (vs. no loss) could occur.

The disappointment model assumes: (i) dis-
appointment occurs if the person believes that a
desired outcome p (in Study 1, this was a
monetary gain) might occur, but then comes to
believe not-p (i.e., that p did not or will not
occur); and (ii) the intensity of disappointment
about not-p is a strictly increasing function, f, of
the product of the strength of the person’s prior
belief that p would occur, b(p), and the strength
of her/his (positive) desire for p, d(p).4 We will
assume here that f is the identity function. Then,
the proposed intensity model for disappointment
simplifies to:

disappointmentðnot-pÞ ¼ bðpÞ� dðpÞ if

dðpÞ> 0; else 0:
(5)

Analogously, the relief model assumes: (i) relief is
experienced if the person believes that an outcome
p may happen to which s/he is averse or that s/he
wishes would not occur (in Study 1, a monetary
loss), but then comes to believe not-p; and (ii) the
intensity of relief about not-p is determined by the
product of belief strength and the degree of
undesiredness of, or aversion toward p:

reliefðnot-pÞ ¼ jbðpÞ � dðpÞj if

dðpÞB0; else 0:
(6)

The absolute value of b(p)�d(p) is used in
Equation 6 only to make the intensity of relief
a positive number. Note that the emotion models
described by Equations 5 and 6 are in agreement
with Mellers et al.’s (1997) theory of the deter-
minants of positive affect (relief) and negative
affect (disappointment) when this theory is
restricted to two-outcome lotteries with a zero
outcome.

Both the emotions and their proximate mental
causes (beliefs and desires) are not intersubjec-
tively observable but must be inferred. In our

4 In keeping with the common representation of subjective probability and utility, we assume that b(p), the belief strength, is

represented by real numbers from [0,1], with 1 denoting certainty that p, 0.5 maximal uncertainty, and 0 certainty that not-p; and

that d(p) represents the direction and strength of the desire for p, with values �0 denoting positive desire, 0 indifference, and

values B0 denoting negative desire, or an aversion to p.
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study, the emotion intensities were measured
using direct ratings and indirect scaling methods,
whereas the belief and desire strengths were not
measured in that way, but were experimentally
manipulated by presenting lotteries with different
outcome probabilities and payoffs. The values of
b(p) and d(p) corresponding to these probabilities
and payoffs were (implicitly) estimated during the
process of fitting the emotion models, simulta-
neously with the parameters of these models
(Equations 1 and 2), by specifying plausible
‘‘psychophysical’’ functions5 for the mapping of
the objective outcome probabilities into degrees
of belief and the monetary payoffs into degrees
of desire (see Tversky & Kahneman, 1992, for
an analogous method in the domain of decision
making; and Mellers et al., 1997, for a related
approach). Based on prior research, we assume
that both input functions are power functions.
More precisely, using mp for the size of the
monetary gain or loss associated with outcome p,
and probp for the objective probability of p, we
assume: d pð Þ ¼ kma

p for gains and l?jmpjb for
losses; and b pð Þ ¼ d probc

p; where a, b and g
reflect the curvature of the power functions and l,
l?, and d their steepness. For d(p), these assump-
tions amount to adopting the familiar power
function for utility typically assumed and obtained
in decision-making studies (e.g., Tversky &
Kahneman, 1992; see Fox & Poldrack, 2009;
Stott, 2006). For monetary gains and losses,
utilities are typically negatively accelerated power
functions (i.e., the exponents a and b are between
0 and 1; Fox & Poldrack, 2009; Galanter, 1990).
For the mapping of objective probabilities into
subjective quantities, decision theorists typically
prefer more complicated, inverted S-shaped func-
tions (e.g., Gonzalez & Wu, 1999; Prelec, 1998;
Stott, 2006). However, it is at present not clear
that these probability weighting functions are also

descriptive of the process of emotion generation.
Previous studies on relief, disappointment and
other emotions by the authors (Reisenzein &
Junge, 2006; Reisenzein & Junge, 2013a) found
that power functions provided a good fit to the
data, as did a study by Gratch et al. (2009). At
minimum, then, a power function seems to be a
good approximation to the true ‘‘emotion weight-
ing’’ function (see Footnote 5).

The actual emotion models that we estimated
are shown in Equations 7 and 8. These equations
were obtained by plugging the power-function
predictors for d(p) and b(p) into Equations 1 and
2 and combining the two steepness parameters l,
l? and d into single parameters ld, l?d. For
convenience, these combined parameters are here
also labelled l, l?:

disappointmentðnot-p)¼ kma
p � probc

p if

mp> 0; else 0:
(7)

reliefðnot-pÞ¼ jk0jmpj
b � probc

pjif
mpB0; else 0:

(8)

The parameters of the emotion models were
estimated using nonlinear regression (e.g., Bates
& Watts, 1988; Ritz & Streibig, 2008). Figure 1
shows the disappointment and relief functions
graphically for the range of outcomes and the
probabilities used in Study 1, using parameters
close to the median of the individual parameter
values obtained in the study.

Method

Participants
Participants were 39 students (six males and
33 females) from different majors at the Univer-
sity of Greifswald, with a mean age of 22.3 years
(SD�4.8) who responded to a posting on the

5 In the case of belief, it is actually not quite correct to speak of a ‘‘psychophysical’’ function because b(p) also includes (and in

our view, even mainly reflects) the weight attached to perceived probabilities in the emotion-generating process. The case here is

parallel to that of the decision-weighting function proposed in prospect theory (Fox & Poldrack, 2009; Kahneman & Tversky,

1979). Analogous to the decision weights of prospect theory, we propose speaking of ‘‘emotion weights’’ (Junge & Reisenzein,

2010). However, important as this clarification (or amendment) of the belief�desire theory of emotion is on a theoretical level, it

makes no difference to the empirical tests of the emotion models reported here.
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internet student message board. The study was
described as dealing with the subjective experience
of gambling. Potential participants were also
informed that they could win a few Euros in a
laboratory lottery game.

Materials
To induce disappointment and relief, we used a
lottery paradigm similar to that used by Mellers
et al. (1997). The experiment was created using
WEXTOR, a free online web experiment gen-
erator (Reips & Neuhaus, 2002) and consisted of a
set of HTML pages into which FLASH-based
‘‘money wheels’’ (wheels of fortune) were em-
bedded. Fifty-one different money wheels were
used. For each trial, the participant could either
win or lose money, or else neither win nor lose.
Outcome probabilities were manipulated by vary-
ing the size of the gain or loss sector of the wheel.
The wheel was divided into 20 equal sectors, each
of which therefore represented a probability of
.05. Gain sectors were coloured in green, loss
sectors in red, and the zero outcome sector in

grey. The amount at stake in a trial was indicated
by placing pictures of the corresponding coins at
the centre of the wheel.

Design
The lotteries were constructed according to a two-
factor design with factors Potential gain or loss
(�2,�0.50,�0.10, 0.10, 0.50, and 2 Euros) and
Outcome probability (.05, .50, .75). We focused
on the 18 lotteries with zero outcomes because
these were the occasions where relief and dis-
appointment were primarily expected to occur.6

However, to keep up the appearance of a real
lottery, we also included 15 trials with nonzero
outcomes. Furthermore, to estimate the reliability
of the direct emotion rating and to increase its
reliability by averaging, all zero-outcome lotteries
were presented twice.

Procedure
The experiment was conducted in a single session
that took about 60 minutes. Participants were
tested individually.

Figure 1. Graphs of the relief and disappointment models for the outcome range and the probabilities used in Study 1. The parameters used

in these examples are l �60, a�.20, and g�.20 for the disappointment model and l?�60, b �0.20, and g�.20 for the relief model.

6 Losses can also cause disappointment, and gains can cause relief, under certain circumstances: namely, when participants focus

on avoiding the possible loss or on missing the possible gain. However, we have found that without prompting (e.g., by explicitly

asking participants how disappointed they feel about failing to avoid a possible loss), only a subset of the participants spontaneously

construe the lottery outcomes in this way.
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Direct scaling task (ratings). Participants were
told that, to create a realistic gaming experience,
they would participate in a series of lotteries in
which they could win or lose money. In each trial,
they could win or lose up to 2 Euros, but their net
outcome would at worst be set to 0 Euros at
the end of the experiment. In each trial, the
participants were first presented with a money
wheel and were asked to consider it carefully to
gain a clear understanding about the chances for
winning or losing that it offered. They then set
the wheel into motion by clicking the ‘‘start’’
button. To support the impression that the out-
comes were random, the time until the wheel
came to a standstill varied randomly between
3.2 and 4 s. The outcome of the lottery was
additionally communicated to the participants by
a sentence that appeared below the wheel (e.g.,
‘‘You won 2 Euros’’ vs. ‘‘You won nothing’’ in the
case of the gain lotteries and ‘‘You lost 2 Euros’’
vs. ‘‘You lost nothing’’ in the case of the loss
lotteries). Finally, the participants indicated how
disappointed and relieved they felt about the
outcome by moving a slider along rating scales
ranging from 0 (Not at all [disappointed/relieved])
to 100 (Extremely [disappointed/relieved]). To
allow for finely graded ratings, the currently
selected scale value was continuously displayed
in numerical format (0�100) immediately above
the midpoint of the scale.

Indirect scaling task (graded pair comparisons).
The second part of the experiment, also pro-
grammed in WEXTOR, was a graded pair
comparison task (e.g., Bechtel & O’Connor,
1979; Boschman, 2001). The participants were
informed that they would now be presented with
all possible pairings of missed gains (disappoint-
ment) and avoided losses (relief) from the first
part of the experiment. Because there were nine
lotteries of each type, the participants judged (9�
8)/2�36 pairs of lotteries of each type. Half of
the participants worked on the relief lotteries first
and the other half on the disappointment lotteries.
Within each block, the comparisons were pre-
sented in a random order. In each trial, the two
money wheels that had to be compared were

shown side by side on the screen. In four of the
eight comparisons involving a given lottery, it was
presented on the left side of the screen and in the
other four, on the right side. Participants were
asked again to imagine that they were participat-
ing in a real lottery even though no actual money
was at stake. To aid their imagination, they were
asked to spin the left money wheel, wait until it
stopped, and then do the same for the right wheel.
To save time, the wheels revolved more quickly
than in the first part of the experiment and
stopped after about 2 s. Subsequently, the parti-
cipants indicated which of the two disappointing
[relief-inducing] outcomes would have caused
stronger disappointment [relief] if they had played
for real money, and how much more disappoint-
ment [relief] it would have elicited. Answers were
given on a bipolar rating scale (without numerical
labels) ranging from The left outcome is extremely
much more disappointing [relieving] to The right
outcome is extremely much more disappointing
[relieving]. Intermediate scale points on both sides
were labelled very much more, much more, more, a
little more, and just barely more. An answer of
equally intense was not allowed to encourage
participants to discriminate even small intensity
differences. There is some evidence (e.g., Grid-
geman, 1959) that discrimination may deteriorate
when a tie category is included, possibly because
its presence suggests that indeed not all of the
items are distinguishable (Böckenholt, 2001). We
assume that if participants cannot detect a differ-
ence, their responses are determined by guessing.
The response scale was placed below the lottery
wheels such that its right half extended below the
right wheel and its left half below the left wheel.

Estimation of scale values
As detailed by Critchlow and Fligner (1991),
many scaling models for pair comparisons can
be conceptualised as generalised linear models
(GLIMs; see, e.g., Hardin & Hilbe, 2007), as a
consequence of which standard GLIM software
can be used to estimate the model parameters (the
scale values and the error variance), using max-
imum likelihood. This is also true for the AFM
model, although for complete pairwise comparison
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data, estimation is also possible using ordinary
least squares (in this case, the maximum like-
lihood solution corresponds to the OLS solution;
see Hardin & Hilbe, 2007). We preferred maxi-
mum likelihood estimation because we wanted to
use the same estimation method as in MLDS, and
because it allows the estimation of model para-
meters from subsets of the data. This feature was
exploited to compute the reliability of the scale
values by separately estimating the scale values
from the two halves of a random split of the pair
comparison judgements.

The AFM and MLDS scaling models were
fitted separately to the data of each participant
using the glm function of R (R Development
Core Team, 2011). For the AFM model, the
details were as follows: The nine stimuli (lotteries)
were coded as dummy variables with values 1
and�1 whenever the stimuli were included in a
comparison, and as 0 otherwise (Critchlow &
Fligner, 1991). These dummy variables were used
to predict the graded pair comparison judgements,
coded as�6 to�6. In agreement with Equations
1 and 2, the Gaussian distribution family with an
identity link was specified. One dummy variable
was excluded to allow identification of the model
(Critchlow & Fligner, 1991); the scale value for
this stimulus was set to 0.

For the MLDS model, the graded pair com-
parisons were first transformed into quadruples
(ab,cd). For n stimuli (objects), there are m�
n(n�1)/2 pairs of objects, which in turn can be
combined to m(m�1)/2 object pairs. In Study 1,
there were nine stimuli (lotteries) for each of the
two emotions (disappointment and relief) and
hence 36 stimulus pairs ab (those used in the
graded pair comparison task) and 630 quadruples
(ab,cd) that could be used as input to MLDS.
However, because MLDS has been found to
perform well even if only a fraction of the possible
quadruples are used (Maloney & Yang, 2003), we
decided to include only the 378 quadruples that
did not contain the same stimulus twice, such as
(ab,ac). Of these, we had to eliminate quadruples

for which the judged differences ab and cd were
equal in size (23.4%) because MLDS does not
allow for ‘‘equal’’ responses. As in the case of the
AFM model, the parameters of the MLDS model
were estimated with the glm function of R, but
this time the binomial distribution family with a
probit link was specified (Knoblauch & Maloney,
2008). This specification implies a normal error
distribution for the latent decision variable, as
assumed in the MLDS model (Equation 3). To fit
the MLDS model using standard GLIM software
such as glm, it is in addition necessary to order the
predictor variables (stimuli) in the model matrix
according to their scale values (Knoblauch &
Maloney, 2008). Hence one needs to know the
rank order of the stimulus values. When simple
sensory stimuli are scaled, this rank order is often
evident and can therefore be specified by the
experimenter (Knoblauch & Maloney, 2008). By
contrast, in the case of the emotion stimuli used in
our studies, the rank order of intensities is not so
clearly evident. To circumvent this problem, we
used the participants’ AFM scale values to specify
the rank order of the stimuli.7

Results

Reliabilities
The reliabilities and intercorrelations of the direct
and indirect intensity measurements are shown in
Table 1 (note that these are individual-level
statistics). For the ratings, the index of reliability
is the retest correlation computed from the two
(first and second) presentations of the zero-out-
come lotteries; for the MLDS and AFM scale
values, it is the split-half reliability, computed as
the correlation between the scale values estimated
from two randomly determined halves of the
graded pair comparisons (AFM) or quadruples
(MLDS). The Spearman�Brown corrected reli-
abilities are shown in parentheses. The corrected
values best reflect the reliability of the intensity
measurements actually used in the subsequent
analyses (the scale values derived from the com-
plete set of pair comparisons, and the means of the

7 We also tried nonmetric multidimensional scaling (restricted to one dimension) for this purpose, but obtained inferior results.

JUNGE AND REISENZEIN

1256 COGNITION AND EMOTION, 2013, 27 (7)

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
G

re
if

sw
al

d]
, [

M
ar

tin
 J

un
ge

] 
at

 0
1:

39
 0

7 
O

ct
ob

er
 2

01
3 



two ratings, respectively). As can be seen from
Table 1, for both relief and disappointment, the
average reliabilities of the scale values obtained via
AFM scaling and MLDS were consistently higher
(Spearman�Brown corrected .90/.91 for AFM
and .98/.99 for MLDS) than those of the ratings
(.82/.83).8 Furthermore, the AFM and MLDS
scale values were highly correlated for both relief
(average r�.94) and disappointment (.95),
whereas their correlations with the direct ratings
were much lower (AFM: .69 and .71; MLDS: .64
and .67).

Quantitative model fits
The quantitative models of relief and dis-
appointment (Equations 7 and 8) were estimated
separately for each participant and type of in-
tensity measurement (rating, AFM, MLDS)
using the nonlinear regression function nls of

R (R Development Core Team, 2011). Only the
measurements for negative unobtained outcomes
were used to fit the relief model, and only the
measurements for positive unobtained outcomes
were used to fit the disappointment model,
because only these measurements were available
from the indirect scaling methods. However, an
examination of the ratings of relief and disap-
pointment revealed that, as predicted by the
emotion models, unobtained positive outcomes
elicited virtually no relief and unobtained negative
outcomes elicited virtually no disappointment
(94% zero judgements). Hence, one may assume
that the ‘‘else 0’’ parts of the emotion models
(Equations 7 and 8) are correct.

The indirect scale values were first linearly
transformed, separately for each participant, in
such a way that their minimum and maximum
corresponded to the minimum and maximum of

Table 1. Reliabilities and intercorrelations of the ratings and indirect scalings of emotion intensity, Study 1

M SD Min Max

Reliabilitiesa

Relief

Ratings .75 (.82) .28 (.27) .00 (.00)b .99 (.99)

AFM .84 (.90) .17 (.14) .12 (.22) .98 (.99)

MLDS .96 (.98) .06 (.03) .70 (.83) .99 (.99)

Disappointment

Ratings .75 (.83) .25 (.23) .00 (.00)b .98 (.99)

AFM .85 (.91) .12 (.09) .32 (.48) .98 (.99)

MLDS .98 (.99) .04 (.02) .76 (.86) .99 (.99)

Correlations

Relief

Rating�AFM .69 .33 �.67 .97

Rating�MLDS .64 .33 �.36 .93

AFM�MLDS .94 .16 .01 .99

Disappointment

Rating�AFM .71 .36 �.48 .96

Rating�MLDS .67 .40 �.41 .97

AFM�MLDS .95 .10 .43 .99

Notes: a The computation of the reliabilities is explained in the text. Numbers in parentheses are Spearman�Brown corrected reliabilities.
b For one participant, the correlations between the two relief ratings as well as the two disappointment ratings were negative; for another

participant, the correlation between the relief ratings was negative. For these participants, the reliability of the respective rating was

defined as zero.

8 In addition, the reliabilities of the MLDS scalings were higher (.98/.99) than those of the AFM scalings (.90/.91). We

attribute this to the fact that the split-half scale values whose correlation was used as the index of reliability were estimated from

many more, as well as more diverse data points, in the case of MLDS than in the case of AFM. As a result, the MLDS estimates

were more stable.
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the participant’s ratings. This was done to obtain
an estimate of the zero point (scale origin) of the
indirect scales, as pair comparison data per se
provide no information about the zero point (see
Böckenholt, 2004; Guilford, 1954), but this
information is needed to obtain correct estimates
of the parameters of the emotion models. To
ensure that the estimated power functions were
monotonically increasing (or at least non-decreas-
ing), their exponents were constrained to be ]0.
R2, the squared correlation between actual and
predicted values, was used as the index of model
fit (see Zheng & Agresti, 2000, for the advantages
of R2). For one participant, R2 could not be
computed for the ratings and the AFM scale
values because the estimated exponents of the
power functions were zero; for another partici-
pant, the same problem occurred for the AFM
and MLDS scale values. The data of these
participants were excluded from the statistical
analyses involving model fit.

Relief. The distributions of the individual fit
values obtained for the relief and disappointment
models are shown in Figure 2. For relief, the
median fit value (the median was used because of
the skewed distributions) was Mdn(R2)�.76
(MAD, the median of absolute deviations from

the median�.19) for the direct ratings, .97
(MAD�.02) for the AFM scale values, and .95
(MAD�.05) for the MLDS scale values. Wil-
coxon signed-rank tests revealed that the latter
two model fits were significantly higher than
those obtained with the direct ratings, W�693,
pB.001 for the AFM, and W�660, pB.001 for
MLDS. In addition, the fit obtained with the
AFM scale values was significantly higher than
that obtained with the MLDS scale values, W�
636, pB.001. Compared to the ratings, the
variance explained by the relief model was, on
average, 27% and 24% higher when using the
AFM or MLDS scale values, respectively.
Furthermore, in contrast to the ratings, a close
fit was obtained for most participants, leaving on
average but 6% and 9% of the variance unex-
plained. Inspection of the distribution of the fit
values (Figure 2) revealed that with the direct
ratings, 13% of the participants attained R2

values�.90. By contrast, when the AFM scale
values were used to fit the relief model, 92% of the
participants had R2�.90, and with the MLDS
scale values, 68% had R2�.90.

Disappointment. Highly similar results were ob-
tained for disappointment. The median model fit
was Mdn(R2)�.86 (MAD�.11) for the direct

Figure 2. Histograms of the individual model fits (R2) for relief and disappointment.
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ratings, .96 (MAD�.02) for the AFM scale
values, and .94 (MAD�.03) for the MLDS scale
values. Again the differences between the direct
and indirect scaling methods, and between AFM
scaling and MLDS, were highly significant (psB
.001). For the direct ratings, 38% of the partici-
pants had fit values�.90. By contrast, 95% had
R2�.90 if the AFM scale values were used and
77% if the MLDS scale values were used.

Figure 3 shows the data and fitted values for
relief of two participants representative of two
main subgroups found in the data. For the first
group, both the ratings and the AFM and MLDS
scale values showed good fit to the relief model
(Figure 3, top row). The second group comprised
participants whose ratings did not fit the relief

model but whose indirect scale values fit the
model well (Figure 3, bottom row). A third group,
comprising only two participants, showed poor
model fit for both the ratings and the indirect
scale values. In no case did the ratings but not the
indirect scale values fit the model. Hence, as
judged by model fit, the indirect scaling methods
improved the quality of emotion measurement for
many participants but never resulted in a dete-
rioration. Parallel findings were obtained for
disappointment.

Effects of aggregation
Although the indirect scaling methods were
superior to the direct ratings in terms of model
fit on the individual level, ratings might achieve
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Figure 3. Data and model fits for two selected participants, Study 1. From left to right: Direct ratings of relief, AFM scalings and MLDS

scalings. For each measurement, the scale values are plotted against the potential outcome, with different symbols for each level of outcome

probability. The lines show the predictions of the fitted relief models.
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comparable fit if the data are aggregated across
participants to reduce measurement error. This
data analytic strategy was previously used by
Mellers et al. (1997). To explore this possibility,
the relief and disappointment models were fitted
to the means of the emotion intensity measure-
ments in the different Outcome�Probability
conditions. Indeed, we found that the fit values
obtained for the mean ratings (R2�.96 for relief
and R2�.99 for disappointment) were compar-
able to those obtained for the mean AFM scale
values (R2�.98 for relief and R2�.98 for
disappointment) and better than those obtained
for the mean MLDS scale values (.95 for relief
and .95 for disappointment). This finding may at
first sight appear to be reassuring, because it seems
to suggest that direct ratings of emotion intensity,
although much noisier than indirectly determined
scale values, do not lead to systematic distortions
or information loss and can therefore be used for
testing quantitative theories of emotion on the
mean level. However, even a very high R2 value
can hide theoretically important local deviations
from a theoretical model (e.g., Anderson, 1982;
Birnbaum, 2011). Indeed, as reported below,
information about one model component*the
bilinear interaction between belief and desire for
relief*was lost in the ratings (but not the indirect
scalings) during aggregation. On a more general
note, aggregation presupposes homogeneity of
individuals in terms of their conformity to the
theoretical model, which should not simply be
presupposed, but should be checked by fitting the
model to individual data. Nevertheless, our data
suggest that aggregation biases may be less severe
in the case of subjective ratings of emotion
intensity than in some other areas of research
(see Cohen et al., 2008).

Test of the Belief�Desire interaction
A central assumption of the belief�desire models
of relief and disappointment is that belief and
desire combine multiplicatively to determine
emotion intensity. This assumption can be tested
separately (i.e., without making assumptions
about the form of the input functions that map
the monetary outcome and its probability into

desire and belief strengths, respectively) by using
analysis of variance (ANOVA) techniques (An-
derson, 1982). In addition, it is advisable to test
this assumption separately because, as mentioned,
even a high overall fit of a quantitative model can
hide theoretically important local deviations of the
data from the model. If the assumption of a
multiplicative combination is correct, a two-way
ANOVA with factors Potential outcome and
Probability of outcome should reveal a significant
interaction effect, and the interaction should be
concentrated in the bilinear component (i.e., the
linear�linear part of the interaction; see Keppel,
1991), reflecting a fan-shaped pattern of means in
an Outcome�Probability plot (Anderson, 1982).
As recently discussed by Nagengast et al. (2011)
in the context of testing expectancy�value mod-
els of action, predicted multiplicative effects are
often difficult to detect using ratings due to the
presence of error. Hence, the empirical detection
of (possibly weak) theoretically predicted interac-
tions is another occasion for indirect scaling
methods to prove their value.

We conducted separate two-way (3�3) AN-
OVAs with Potential loss (for relief) or Potential
gain (for disappointment) and Outcome prob-
ability as within-subjects factors for the three
measurements (rating, AFM, MLDS) and used
generalised eta squared (g2

g; Olejnik & Algina,
2003) as the measure of effect size, as recom-
mended by Bakeman (2005) especially for re-
peated-measurement designs. Tests of the bilinear
trend component of the interaction were con-
ducted using the estimated marginal means of the
two factors to construct contrast coefficients for
the whole group.

Relief. For relief, the ANOVAs revealed sig-
nificant main effects and interactions for all three
kinds of measurement, psB.05 or better. How-
ever, the obtained effects were consistently stron-
ger for the indirect scaling methods: For Potential
outcome, effect sizes were g2

g ¼ :19 (ratings)
versus .34 (AFM) and .33 (MLDS); for Outcome
probability, they were .16, .36, and .31; for the
interaction, they were .010, .024, and .051. More
importantly, the bilinear interaction component
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was very small and not significant for the ratings,
F(1, 152)�2.03, p�.16, g2

g ¼ :001; whereas it
was significant for the AFM scale values and
accounted for nearly all of the interaction variance,
F(1, 152)�109.31, pB.001, g2

g ¼ :024. Like-
wise, the bilinear interaction component was
significant for the MLDS scale values and
accounted for nearly all of the interaction variance,
F(1, 152)�104.69, pB.001, g2

g ¼ :046.
To answer the question of how well the

predicted bilinear interaction showed up at the
level of individual participants, we tested its
significance for the individual data using Tukey’s
(1949) test for additivity (see Anderson, 1982,
p. 176). Note that because the small number of
data points (i.e., nine) included in these tests, it is
difficult to reach conventional levels of signifi-
cance even if a bilinear interaction exists. Never-
theless, Tukey’s test reached significance (pB.05)
in 17 (44%) of 39 cases for the AFM scaling and
in 21 (54%) for MLDS, whereas it was only
significant in six (15.4%) cases for the rating.
McNemar’s test, an analogue to the dependent
t-test for binary variables (Bortz, Lienert, &
Boehnke, 2008), revealed that the percentage of
model-consistent participants increased signifi-
cantly from the rating to AFM, x2(1, N�39)�
5.88, pB.05, and to MLDS, x2(1, N�39)�
9.33, pB.01. As an alternative, we compared
the variance explained by the bilinear interaction
component for the direct and indirect scalings at
the individual level (partial h2) using dependent t-
tests. Confirming the results of the Tukey test
approach, the explained variance was significantly
higher for the AFM scale values (M�0.61, SD�
0.32) and the MLDS scale values (M�0.65,
SD�0.34) than for the ratings (M�0.35, SD�
0.32), ts(38)�3.52, psB.01.

Disappointment. For disappointment, the AN-
OVAs revealed significant main effects and
interactions for all three kinds of measurement,
psB.05 or better; but with one exception, the
effects were stronger for the indirect scalings: For
Potential outcome, g2

g ¼ :14 (ratings) versus .28
(AFM) and .25 (MLDS); for Outcome probabil-
ity, g2

g ¼ :20, .38, and .35; for the interaction,

g2
g ¼ :03, .02, and .04. Different from the results

for relief, the bilinear interaction component was
also significant for the ratings, F(1, 152)�35.48,
pB.001, g2

g ¼ :02. For the AFM scale values, the
bilinear interaction component was not only
significant, but accounted for nearly all of the
interaction variance, F(1, 152)�103.14, pB.001,
g2

g ¼ :02. For the MLDS scale values, the bilinear
interaction component was also significant and
accounted for more than three quarters of the
interaction variance, F(1, 152)�87.99, pB.001,
g2

g ¼ :03.
Tukey’s tests of additivity was significant (psB

.05) for seven of the 39 (18%) participants with
the direct rating, for 16 (41%) with AFM scaling,
and for 14 (35.9%) with MLDS. The increase in
the percentage of model-consistent participants
was marginally significant for the AFM scaling,
McNemar x2(1, N�39)�3.37, p�.07, but not
significant for MLDS, x2(1, N�39)�2.40, p�
.12. However, the variance explained by the
bilinear interaction component was significantly
higher for both the AFM scalings (M�0.62,
SD�0.32), t(38)�2.35, pB.05, and the MLDS
scalings (M�0.61, SD�0.31), t(38), pB.05,
than for the ratings (M�0.46, SD�0.29).

Discussion

Emotion intensities estimated using indirect scal-
ing methods resulted in substantially improved fits
of quantitative models of relief and disappoint-
ment. This was true for both indirect scaling
methods used (AFM and MLDS). The super-
iority of the indirect scaling methods was manifest
in higher reliabilities, higher sensitivities to inter-
action effects, higher effect sizes, and increased
numbers of model-consistent participants. The
advantages of the indirect scaling methods were
particularly pronounced at the level of individuals:
The median fit index increased from R2�.76
(rating) to .97/.95 (AFM/MLDS) for relief and
from .86 to .94/.95 for disappointment; further-
more, whereas the predicted Belief�Desire inter-
action was significant for 15% (relief) and 18%
(disappointment) of the participants when the
direct ratings were used, the respective percentages
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increased to 44/41% for the AFM scale values and
to 54/36% for the MLDS scale values. Visual
inspection of the data revealed that even in the
cases with non-significant interactions, the pattern
of means obtained using the indirect scaling
methods was often close to the predicted fan shape
(altogether, about 70% of the participants showed
this pattern). Therefore, a significant bilinear
interaction might conceivably have been found
for the majority of the participants if more, or
more extreme, payoffs and probabilities had been
used.

The advantage of the indirect scaling methods
was also apparent at the group level of analysis,
where it revealed itself in increased effect sizes in
the ANOVAs. Furthermore, the predicted bi-
linear (belief�desire) interaction for relief was
detected with the indirect scale values, but not
with the direct ratings.

It might be argued that our comparison of
direct and indirect scaling methods is not ‘‘fair’’ to
the ratings because the AFM and MLDS scale
values were derived from twice as many data
points (36 graded pair comparisons) than the
direct scale values (two ratings of nine lotteries�
18 ratings). However, this objection would miss
the aim of our studies. Our aim was not to
compare two types of intensity judgements (abso-
lute vs. comparative) in isolation (i.e., while
keeping all other factors constant), but in their

typical implementation. That is, we wanted to
compare the typical form of direct ratings (the
standard method for measuring emotion inten-
sity), which involves only one or at best very few
ratings of an object, with the standard form of
graded pair comparisons, which involves judging
the full set of object pairs. Seen from this
perspective, the greater number of judgements
required by the indirect scaling method is the
price that has to be paid for the gain in
measurement precision. Whether this is a price
worth paying will be discussed in the general
discussion, where we will also consider in more

detail the reasons for the better performance of
the indirect scaling methods.

Finally, Study 1 found that AFM was superior
to MLDS in terms of model fit. This finding, too,
will be addressed in the general discussion.

STUDY 2: MEASURING THE
INTENSITY OF DISGUST
EXPERIENCES

In Study 2, we examined whether the indirect
scaling methods used in Study 1 can be used to a
similar advantage for the measurement of dis-
gust*an emotion that, according to several
authors, is much less dependent on cognitions
(beliefs) than are relief and disappointment. For
example, Royzman and Sabini (2001) have argued
that, in contrast to typical emotions such as joy or
disappointment, no plausible abstract appraisal
pattern or ‘‘core relational theme’’ (Lazarus,
1991) has yet been identified for disgust, suggest-
ing that disgust might not depend on appraisals.
Similarly, Reisenzein (2009b; 2010) proposed
that, different from paradigmatic emotions, dis-
gust (or at least the subform of disgust called ‘‘core
disgust’’ by Rozin, Haidt, and McCauley, 2008) is
a ‘‘sensory emotion’’ because it does not presup-
pose beliefs and desires about its objects, but is
directly elicited by certain sensory features of the
objects. More precisely, building on the evolu-
tionary theory of disgust as an evolved disease-
avoidance mechanism (Curtis & Biran, 2001;
Nesse & Williams, 1995), Reisenzein (2010)
proposed that disgust is elicited by sensory
properties of objects that were predictive of
contamination in evolution. Elaborating on this
idea, a semi-quantitative model of disgust was
proposed according to which the intensity of
disgust is a monotonically increasing function of
(i) the similarity of the eliciting object, in terms
of its sensory features, to evolutionary disgust
prototypes and (ii) the apparent physical closeness
of the person to the disgusting object.9

9 The model is called semi-quantitative because it does not specify the form of the proposed function beyond declaring it to be

increasing; however, a more precise specification seems within reach (e.g., Tversky, 1977).
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To test this hypothesis, Reisenzein (2010;
Reisenzein & Junge, 2013b) studied the effects
of an experimental manipulation of pictures of
disgusting objects on experienced disgust. To
manipulate the similarity of the objects to the
evolutionary prototype, the colour and form of the
objects were changed, whereas the apparent
closeness to the objects was manipulated by
varying the picture (and hence object) size. In
line with predictions, it was found, among other
things, that changing the colour of disgusting
objects from natural to unnatural, and their size
from large to small, reduced feelings of disgust.
However, although these effects were statistically
significant at the group level, they were not
consistently found at the level of individuals.
We propose that this is to a large degree due
to random and systematic errors involved in the
measurement of disgust feelings with rating
scales. Accordingly, in Study 2, we compared
direct ratings of disgust and scale values derived
from graded pair comparisons with respect
to their ability to confirm the predictions of
the sensory theory of disgust. As in the previous
studies, the colour (natural vs. unnatural) and
size (large vs. small) of disgusting pictures were
experimentally varied. We predicted that both
variables would contribute to the intensity of
experienced disgust elicited by an object, with
their joint effect being either additive or super-
additive (a superadditive effect would be pre-
dicted if one assumes that the apparent closeness
to a disgusting object potentiates the effects
of colour). Hence, the disgust model tested in
Study 2 was:

disgustij ¼ mþ colouri þ sizej þ csij

þ eij with eij � N 0; d2
� �

:
(9)

Here, disgustij is the intensity of disgust caused by
an object with colour level i and size j, m is the
mean disgust elicited by the stimuli, colouri and
sizej are the effects of colour level i and size level j,
csij is the (possibly zero) superadditive effect, and
oij is random error assumed to be normally and

independently distributed with mean 0 and var-
iance d2. This model can be tested using ANOVA
methods (see method).

Method

Participants
Twenty female and four male psychology students
participated. Most were between 18 and 24 years
old; two were over 30 years. They received course
credit for participation.

Materials and design
Disgust was induced by means of pictures similar
to those used in previous studies (Reisenzein,
2010; Reisenzein & Junge, 2013b). Four pictures
representing different major categories of disgust-
inducing objects (e.g., Curtis & Biran, 2001) were
used. They showed, respectively: a toilet with
faeces, maggots, a purulent finger, and a plate of
viscous liquid resembling bodily fluids (this
picture was taken from Curtis, Aunger, & Rabie,
2004). Each picture was varied on two dimensions
predicted to influence disgust intensity: colour
(natural colour vs. unnatural colour) and size
(large vs. small) as a proxy for apparent distance
to the object. Four variants of each picture were
constructed according to the 2 (Colour)�2 (Size)
design. Each participant rated all of the resulting
4�4�16 pictures. Pictures were presented on a
19-inch colour monitor with a screen resolution of
1,024�768 pixels. The large picture was 300�
360 pixels and the small picture was 125�150
pixels. The unnaturally coloured versions of the
pictures were obtained by tinting the originals in
different neon colours (blue, green, purple, and
violet) using picture-editing software.

Procedure
Like Experiment 1, the study comprised a graded
pair comparison task and a direct scaling task.
Participants were tested in small groups of two to
four in a laboratory room equipped with several
computer work places separated by room dividers.
To further reduce possible acoustic interference, the
participants wore sound-dampening headphones.
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The two scaling tasks took 15�20 minutes to
complete.

Indirect scaling task (graded pair comparisons). In
Experiment 2, the graded pair comparison judge-
ments were made before the direct ratings to see
whether extended experience and ensuing famil-
iarity with the stimuli would improve the quality
of the direct intensity ratings. All possible (16�
15)/2�120 pairwise combinations of the 16
pictures were presented in an individually rando-
mised order to each participant using DMDX
(Forster & Forster, 2003). For each picture pair,
participants indicated which picture was more
disgusting and how much more. Analogous to
Study 1, answers were given on a bipolar rating
scale ranging from The left picture is extremely much
more disgusting to The right picture is extremely
much more disgusting. Intermediate scale points on
both sides were labelled Very much more, Much
more, More, A little more, and Just barely more. In
half of the comparisons involving a picture, it was
presented on the left side of the screen and in the
other half, on the right side. It may be noted that
there is little adaptation to disgusting pictures
across repeated presentations, at least in the short
run. Therefore, genuine disgust feelings were
evoked by the stimuli during the pair compar-
isons. By contrast, in Study 1, participants had to
compare simulated or recalled emotions.

Direct scaling task (ratings). The 16 pictures were
presented in a separate random order to each

participant together with an intensity rating scale
ranging from 0 (No disgust at all) to 10 (Very strong
disgust). Participants rated the intensity of disgust
elicited by each picture by pressing a labelled
button on the keyboard.

Results

Reliabilities
Table 2 shows the reliabilities and intercorrela-
tions of the disgust measurements. The reliabil-
ities of the indirect scalings (AFM, MLDS) are
split-half reliabilities computed as in Study 1. The
reliability of the disgust rating was estimated from
the data of a different study in which a set of
disgusting pictures, including three of those used
in the present study, were first rated on a 10-point
disgust rating scale and later scaled using a
combined rating/ranking task where participants
had to place the pictures alongside a 100 cm
disgust scale; the reported reliability is the corre-
lation between these two judgements. The
Spearman�Brown correction is not meaningful
in this case because only a single rating of each
picture was available for the subsequent analyses.

Group level analysis
To facilitate the comparison of the different
disgust measures, the AFM and MLDS scale
values of each participant were transformed into
the range of the participant’s disgust ratings,
analogous to Study 1. We first analysed the data

Table 2. Reliabilities and intercorrelations of the ratings and indirect scalings of disgust intensity, Study 2

M SD Min Max

Reliabilitiesa

Rating .76 (*) .21 (*) .00 (*)b .99 (*)

AFM .87 (.93) .08 (.05) .64 (.78) .95 (.97)

MLDS .99 (.99) .01 (.01) .97 (.98) .99 (.99)

Correlations

Rating�AFM .82 .19 .14 .96

Rating�MLDS .76 .22 �.02 .96

AFM�MLDS .91 .11 .49 .99

Notes: a The computation of the reliabilities is explained in the text. Numbers in parentheses are Spearman�Brown corrected reliabilities.

For the ratings, the Spearman�Brown correction is not meaningful because only a single rating was available for each picture. b For one

participant, the correlation between the rating and the scale values obtained from the combined rating/ranking task was negative. For this

participant, the reliability of the rating was defined as zero.
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at the group level to see whether an advantage of
the scalings was already apparent at this level. The

means of disgust in the four cells of the 2
(Colour)�2 (Size) design are plotted separately
for the four disgust objects in Figure 4. A

preliminary three-way ANOVA with Type of
object, Picture size, and Colour as within-subjects
factors revealed that Object Type interacted

significantly with Colour for all three kinds of
measurement, Fs(3, 69)�8, psB.001, and also
with size, Fs(3, 69)�5, psB.05. These interactions

were mainly due to the fact that the plate with

‘‘bodily fluids’’ elicited much less disgust than the

other objects, and the effects of colour and size were

also reduced for this object (see Figure 4). We

therefore computed separate 2�2 ANOVAs for

the four disgust pictures.
For maggots and purulent finger, both main

effects of Colour and Size and the interaction

were significant for all three disgust measure-

ments, Fs(1, 23)�at least 4.4, ps at leastB.05.

For toilet and plate with bodily fluids, all effects

Figure 4. Means of the disgust measurements in the four experimental conditions of Study 2, shown separately for the different objects.

Mean disgust intensities are plotted against picture size, with a separate line for naturally and unnaturally coloured pictures. Solid lines are

the direct disgust ratings, dashed lines are the AFM scale values, and dotted lines are the MLDS scale values.

SCALING OF EMOTION INTENSITY

COGNITION AND EMOTION, 2013, 27 (7) 1265

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
G

re
if

sw
al

d]
, [

M
ar

tin
 J

un
ge

] 
at

 0
1:

39
 0

7 
O

ct
ob

er
 2

01
3 



were significant, Fs(1, 23)�6, psB.05, with the
exception of the interaction effect for the ratings,
which was marginally significant for toilet, F(1,
23)�3.93, p�.06, and not significant for plate
with bodily fluids, FB1. In addition, no sig-
nificant effect of colour was obtained for the
MLDS scale values for plate with bodily fluids,
F(1, 23)�2.56, p�.12. The form of the mean
Colour�Size interaction agreed in all cases with
the superadditive model (Figure 4).

Figure 5 shows the effect sizes (g2
g, generalised

h2). As can be seen, for toilet, maggots, and
purulent finger, both main effects and the inter-
action increased from the ratings to the MLDS
and AFM scale values. Likewise, for plate with
bodily fluids, all effects increased from the ratings

to the AFM scale values. However, only the
interaction effect increased from the ratings to the
MLDS scale values, whereas the main effects of
picture size and colour decreased.

Individual level analysis
To compare the ratings to the AFM and MLDS
scale values at the level of individuals, we
computed the number of participants whose
response patterns conformed to the ordinal pre-
dictions of the disgust model. According to the
model, picture size and colour should have an
additive or superadditive effect. Labelling the four
cells of the 2 (natural vs. unnatural colour)�2
(small vs. large picture) design from top left
to bottom right a, b, c, d, this assumption implies

Figure 5. Generalised h2 for the main effects of colour (C) and size (S) and the Colour�Size interaction (C�S), shown separately for the

four disgust objects.
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aBb, cBd and a�c, b�d. That is, for both levels
of colour, large pictures should be more disgusting
than small pictures; likewise, for both levels of
size, naturally coloured pictures should be more
disgusting than unnaturally coloured pictures.

As shown in Table 3, for all four disgust
pictures, the number of participants whose pat-
terns of ratings or scale values conformed to the
ordinal predictions of the disgust model increased
substantially from the ratings to the scalings. On
average (across the four pictures), the percentage
of participants consistent with the disgust model
was 30% for the ratings, 51% for the MLDS scale
values, and 85% for the AFM scalings. In two
cases (toilet and purulent finger), more than 90%
became model-consistent if the AFM scale values
were used. McNemar’s test revealed that the
increases in the number of model-consistent
participants were significant (psB.05) for all
disgust pictures for the AFM scalings, and for
one picture (purulent finger) for the MLDS
scalings (Table 3).

Discussion

Study 2 conceptually replicated the central find-
ings of Study 1 for the emotion of disgust.
Analogous to Study 1, disgust intensity measure-
ments obtained using indirect scaling procedures
(AFM and MLDS) yielded greatly improved fits
to the proposed model of sensory disgust. The
advantage of the indirect scaling methods for
the measurement of disgust was evident at both
the group and individual levels of analysis. At the
group level, it was reflected in a greater sensitivity
for interaction effects (4 of 4 for the indirect
scalings vs. 2 of 4 for the ratings) and in
substantially increased effect sizes (with the
exception of the main effects obtained with the
MLDS scale values for plate with bodily fluids).
At the level of individuals, the superiority of the
indirect scaling methods was evident in the greatly
increased number of participants whose data were
consistent with the disgust model.

Finally, also replicating the findings of Study 1,
we obtained better model fits using AFM than
MLDS. T
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GENERAL DISCUSSION

Two studies investigated the utility of indirect
scaling methods, based on graded pair compar-
isons, for the testing of quantitative emotion
theories: A quantitative belief�desire model of
relief and disappointment (Study 1) and a semi-
quantitative theory of disgust as a sensory emotion
(Study 2). The findings of the studies suggest that
both indirect scaling methods (AFM and MLDS)
yield more precise measurements of emotion
intensity than the direct ratings typically used in
emotion research. The superiority of the indirect
intensity measurements was evident in higher
reliabilities as well as in better fits of the emotion
models. The beneficial effects of the indirect
scaling methods were particularly pronounced at
the level of individuals. In Study 1, the median fit
index increased from R2�.76 (ratings) to .97/.95
(AFM/MLDS) for relief and from .86 to .94/.95
for disappointment; furthermore, whereas only
15% (relief) and 18% (disappointment) of the
participants showed the predicted significant
Belief�Desire interaction using the direct rat-
ings, these percentages rose to 44/41% for the
AFM scale values and to 54/36% for the MLDS
scale values (plus another 25% showed a data
pattern close to the predicted fan shape). Simi-
larly, in Study 2, the number of participants
consistent with the proposed disgust model
increased on average (across the four disgust
pictures) from 30% when disgust was measured
using direct ratings to 51% for the MLDS and
85% for the AFM scalings.

At the group level, the superiority of the
indirect scalings was evident in increased effect
sizes (see Study 2 in particular) and in a higher
sensitivity for predicted interactions: Whereas all
predicted interactions were detected with the
indirect scaling methods, the direct ratings missed
one of two interactions in Study 1, and two of four
in Study 2.

Differences between AFM scaling and
MLDS

Judged by the fit of the emotion models, AFM
scaling was generally superior to MLDS, although
the difference was not large.10 Because both scaling
methods were ultimately based on the same raw
data (graded pair comparisons), the reason for this
difference can be traced to the scaling models. One
possible explanation is that AFM scaling exploits
additional reliable information contained in the
graded pair comparisons that is disregarded in
MLDS. This additional information concerns the
size of the intervals (differences) between scale
values. For example, assume that the interval (a,b)
is rated 6 (e.g., in Study 1, outcome b is judged as
‘‘extremely much more relieving’’ than a), (c,d) is
rated 4 and (e,f) is rated 2. Then the difference
between the intervals ab and cd is 2 and that
between ab and ef is 4. The AFM model explicitly
takes these differences in interval size into account
when estimating the scale values, whereas the
MLDS model uses only the ranks of the differ-
ences, to decide which of two intervals is larger.
Accordingly, the response to both the quadruple
(ab,cd) and the quadruple (ab,ef) in the
above example is coded 1 in MLDS. Thus, some
of the information about interval size differences is
ignored in MLDS (although not all of this
information is ignored, as larger intervals will
more often dominate smaller intervals). The better
performance of AFM scaling could therefore
indicate that graded pair comparisons contain
more than just ordinal information about intensity
differences*they also contain some amount of
metric information.

How does indirect scaling achieve its effects?

O’Brien (1985) distinguished three kinds of error
that can contaminate direct intensity ratings of a
latent quantity: Random measurement errors,
transformation errors resulting from the mapping
of the latent metric variable into a manifest

10 Interaction effects were larger for MLDS than for AFM in Study 2 (see Figure 5) and partly also in Study 1 (for relief).

However, without additional investigation (e.g., simulation studies), we find it difficult to say whether this finding reflects greater

sensitivity of MLDS for interaction effects or a tendency of MLDS to overestimate the size of these effects.
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ordinal scale, and errors of categorisation (or
coarsening) resulting from a reduction of the level
of resolution of the manifest variable (the rating).
Although it was not the goal of the present studies
to determine to which degree indirect scaling
differentially reduces these different kinds of
errors, the findings provide some information
relevant to this question. In particular, the higher
reliabilities and larger effect sizes obtained for the
indirect scaling methods indicate that they re-
duced random measurement error. This reduction
was in part undoubtedly due to the larger number
of judgements from which the indirect scale values
were derived; but in part it could also have been
due to the fact that these judgements were
comparative rather than absolute (cf. the intro-
duction). In addition, it seems likely that the
graded pair comparisons reduced categorisation
errors. The reason is that graded pair comparisons
of objects enable and encourage participants to
make finer distinctions than can be made (or at
least are typically made) with rating scales (see
Reisenzein & Schimmack, 1999, Study 3).

Finally, the hypothesis that the indirect scaling
methods reduced transformation errors receives
some support from the better performance of
AFM compared to MLDS: As argued above,
this finding could mean that the graded pair
comparison judgements contain metric informa-
tion. However, this support is rather indirect.
Inspection of the statistical fit of the scaling
models is similarly inconclusive. Theory dictates
that, if the judgement models underlying the AFM
and MLDS scaling methods are correct, then the
estimated scale values form an interval scale
(Bechtel, 1967; Knoblauch & Maloney, 2008).
However, although the obtained statistical fits of
the scaling models to the data (not reported in this
article) were good, they were by no means perfect;
and even a high global fit of a scaling model is
compatible with systematic violations of metric
structure (Michell, 1990; see also, Birnbaum,
2011).

A more sensitive method for probing the
metric character of a scale is the testing of
measurement axioms. For the case of MLDS, a
set of necessary and sufficient axioms for the

existence of a metric (interval) representation of
the input data (quadruple judgements) is available
in the form of the axioms for additive difference
structures (Krantz et al., 1971). These axioms can
be tested with the same data that are used to
estimate the MLDS scale values; hence an addi-
tional benefit of graded pair comparisons is that
they allow us to test whether the resulting scale is
metric. Although the measurement axioms are
formulated deterministically (i.e., do not consider
random error), methods for axiom testing that
take random error into account have recently been
developed (e.g., Karabatsos, 2005; Maloney &
Yang, 2003). Specifically, along with introducing
MLDS, Maloney and Yang (2003) proposed a
parametric bootstrap test for the central axiom of
additive difference structures, the weak monotoni-
city axiom. This test allows us to decide whether
the responses of a person to quadruples of objects
(ab,cd) conform to the requirement of weak
monotonicity up to the person’s level of random
error, estimated as a by-product of MLDS. This
bootstrap test can be extended to other axioms of
additive difference structures (Knoblauch & Mal-
oney, 2008). Furthermore, it seems possible to
extend this axiom testing method to AFM
scalings, and even to rating scales (Junge &
Reisenzein, 2013b; see also Orth, 1982; Wester-
mann, 1994). Tests of the measurement axioms
for additive difference structures for several kinds
of emotion measurements will be reported else-
where (Junge & Reisenzein, 2013b).

Implications for emotion research

Although indirect scaling methods have been
around for a long time, they have been rarely
used in emotion research. As mentioned in the
introduction, one reason for this may have been
the absence of studies that demonstrate the
benefits of indirect scaling techniques in emotion
research. Filling this research lacuna, our studies
show that indirect scaling methods based on
graded pair comparisons can substantially improve
the testing of emotion theories relative to direct
ratings of emotion intensity. This finding, together
with the possibility afforded by pair comparisons
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to probe the metric character of the obtained
scales, recommend the indirect scaling techniques
as alternative methods of emotion measure-
ment (see Böckenholt, 2004; Maydeu-Olivares &
Böckenholt, 2008, for additional advantages).
However, the indirect scaling methods are more
expensive than ratings, and they have limitations
of their own. Therefore, the question arises under
which circumstances indirect scaling methods
should be used. This question is discussed below.
In addition, we give some practical advice about
how to conduct indirect scaling studies using
graded pair comparisons.

When should indirect scaling methods be used?
The central advantage of indirect scaling methods
is their increased precision. Accordingly, one
central consideration in deciding whether (or
when) to use or not to use indirect scaling
methods for the measurement of emotion inten-
sity is how much measurement precision is
needed. The answer depends on the precision of
the hypotheses one wishes to test (quantitative,
ordinal, or purely qualitative). As mentioned in
the introduction, testing quantitative emotion
theories requires reasonably error-free, metric
scales. The results of our studies suggest that
indirect scaling methods are more likely to provide
such scales than direct ratings, particularly at the
level of the individual, on which emotion theories
should preferably be tested; although direct rat-
ings are still useful to estimate the scale origin (see
Study 1; other methods for identifying the scale
origin are discussed in Böckenholt, 2004). How-
ever, tests of ordinal and qualitative hypotheses
(where the dependent variable is quantitative) will
also profit from more precise measurement be-
cause the power of statistical tests is increased (cf.
Study 2).

The main disadvantage of indirect scaling
methods is that they are more expensive, in terms
of both administration time and computational
effort, than direct ratings. Although the method
of graded pair comparisons used in our studies is
more economical than are some other indirect
scaling methods, in particular the method of
quadruple comparisons (Maloney & Yang,

2003), it still requires many more judgements
than direct scaling methods do. However, as
explained below, this difference can be further
reduced by scaling only a subset of the stimuli.
Furthermore, although indirect scaling methods
require a larger investment in measurement, they
lead to savings in terms of participants because
precise measurements allow the detection of
effects with smaller samples (see also, Nagengast
et al., 2011).

Apart from their greater costs, indirect scaling
methods have certain limitations of applicability
that one should be aware of. One limitation
concerns the number of stimuli that can be scaled.
Because the number of possible pair comparisons
increases with the square of the number of
stimuli-for n stimuli, there are (n2�n)/2 pairs-
collecting the complete set of graded pair com-
parisons in a single session becomes impractical
beyond, say, 16 stimuli (120 pair comparisons, cf.
Study 2). However, more stimuli can be scaled by
dividing the experiment into several sessions, or
by presenting only a subset of the pair compar-
isons (subsampling). Subsampling is possible
because the probabilistic scaling methods used in
our studies allow the estimation of scale values
from incomplete input data. Subsampling can
either be done randomly (Maloney & Yang,
2003), or systematically, using so-called incom-
plete cyclic designs (Burton, 2003). Subsampling
studies conducted by these authors suggest that
the number of pair comparisons needed to derive
reliable scale values can be reduced to at least a
third, meaning that the number of stimuli judged
by a participant even in a single session can be
increased to at least 25. If care is taken that the
stimuli are optimally spaced across the intensity
continuum, this number should be sufficient to
allow estimation of even fairly complicated quan-
titative functions (e.g., the inverted S-shaped
probability weighting functions of prospect theo-
ry; Stott, 2006). Alternatively, the reduction in the
number of pair comparisons afforded by subsam-
pling could be used to scale more than one
emotion, either in the same or in different trials.
Still, it should be acknowledged that even when
these options are exploited to the full, indirect
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scaling methods are not well suited for measuring
multiple emotions at a time.

A second possible limitation of the usability of
pair comparisons in emotion research stems from
the assumption of the scaling models that the
intensity of an emotion elicited by a stimulus on
repeated presentations remains constant up to a
randomly fluctuating component (treated as part
of the measurement error). This assumption
implies that participants do not quickly adapt to
the stimuli, which may be unrealistic for some
kinds of emotion elicitors. One way to overcome
this problem is to ask participants to recall or
imagine emotion-eliciting events (that may have
been presented before) and compare these recalled
or imagined events (cf. Study 1). This method
presupposes that the emotional effects of recalled
and imagined events are comparable to those of
real events, which may not always be justified.
Note, however, that the problem of adaptation to
stimuli exists for all kinds of repeated emotion
measurements including ratings, although it is less
salient in the latter case because the number of
repeated presentations of the same stimuli is
usually very small.

Despite their limitations and greater costs, we
believe that indirect scaling methods based on
graded pair comparisons could be the method of
choice for measuring emotion intensity in many
research situations. Apart from their advantages
over direct ratings, graded pair comparisons also
have advantages over other indirect scaling meth-
ods. Compared to binary pair comparisons, they
are similarly economical but generate more in-
formation and can also be used for the scaling of
clear suprathreshold intensity differences. Com-
pared to quadruple comparisons, they are much
more economical but seem to contain largely the
same information (see also Footnote 3). There-
fore, graded pair comparisons can also be scaled
using MLDS, which requires only that the
difference judgements are on an ordinal scale
level. Other scaling models for graded pair
comparisons that offer the same advantage are
also available (the cumulative probit model and
nonmetric multidimensional scaling; though see
Footnotes 2 and 7 for limitations). Although our

studies suggest that AFM scaling can perform
even better than MLDS, this could be different
with other emotions or in different settings.
Furthermore, in our view the use of nonmetric
scaling methods should always be considered as an
alternative to AFM scaling, or as a check on its
results, to avoid the strong assumption of a metric
response function.

Finally, note that the indirect scaling methods
advocated in this article are not restricted to self-
reports of specific feelings but can be used to
measure all aspects of emotion that are consciously
accessible, including appraisals, action tendencies
and bodily symptoms.

Practical considerations in conducting indirect
scaling studies
Graded pair comparisons can in principle be made
using paper and pencil and a printed question-
naire, and AFM-type scale values (for complete
data) can in principle be computed by hand (Oishi
et al., 1998). Nevertheless, to speed up the
collection and analysis of the data, to allow the
estimation of scale values from incomplete data,
and to be able to use more complex scaling models
such as MLDS, we recommend the computer-
aided implementation of graded pair comparison
measurement. Basically, any experiment generator
software, including the freeware programs
DMDX (Forster & Forster, 2003) and WEX-
TOR (Reips & Neuhaus, 2002) used in our
studies, can be used to program indirect scaling
experiments for a wide variety of emotional
stimuli (e.g., pictures, sounds, text-based scenar-
ios, video clips). Likewise, basically any statistical
analysis system that includes a module for gen-
eralised linear models can be used to estimate the
scale values of the AFM and MLDS models. We
recommend R (R Development Core Team,
2011) for several reasons: It is free; it already
contains several ready-to-use add-on packages for
specific scaling models including MLDS (Kno-
blauch & Maloney, 2008); it makes it compara-
tively easy to program one’s own implementations
and extensions of scaling models or to modify
existing programs; and it allows the creation of a
seamless, customised analysis workflow ranging
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from reading the graded pair comparison judge-

ments into R to combining the obtained indivi-

dual scale values with other data from the same

participants.
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Abstract We compare the utility of Maximum Likelihood Difference Scaling (MLDS) and
Ordinal Difference Scaling (ODS) for the measurement of emotion intensity. MLDS and ODS
are both nonmetric probabilistic scaling methods based on difference measurement; however,
MLDS uses quadruple comparisons (comparison of pairs of stimulus pairs) as input data,
whereas ODS uses graded pair comparison judgments, where participants indicate the size of
the difference between two stimuli on an ordinal response scale. In two studies using different
kinds of emotional stimuli (disgust-inducing pictures, and descriptions of situations eliciting
relief), quadruple comparisons and graded pair comparisons of the stimuli were collected
and submitted to MLDS and ODS respectively. The scaling solutions were compared in
terms of the reliability of the estimated scale values and their correlations to direct ratings of
emotion intensity. The findings of both studies suggest that ODS performs at least as well as
MLDS on these criteria. In addition, in most cases, good to high agreement between the scale
values estimated by the two methods was found. Hence, ODS may be used as an economical
alternative to MLDS for the difference scaling of emotional stimuli.

Keywords Graded pair comparisons · Quadruple comparisons · Maximum likelihood
difference scaling · Ordinal difference scaling · Emotion intensity · Emotion measurement

1 Introduction

The most widely used methods of emotion measurement are based on self-reports of emo-
tional experience (see e.g., Mauss and Robinson 2009; Pekrun and Bühner 2014). Among
these, direct scaling methods (e.g., Stevens 1975; Torgerson 1958), typically in the form of
category rating scales (e.g., “How happy do you feel right now on a scale from 0 = not at
all happy to 10 = extremely happy?”), are by far the most common. Although ratings have
several advantages (e.g., economy, ease of use), they also have serious drawbacks, including
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limited resolution, limited reliability, and a measurement level that is only ordinal, or at best
somewhere in between ordinal and interval (see e.g., Krantz et al. 1971; O’Brien 1985). To
overcome the limitations of direct emotion intensity ratings, Junge and Reisenzein (2013) pro-
posed to apply indirect scaling methods, developed in psychophysics, to the measurement of
emotion intensity. In support of their proposal, they showed that a recent probabilistic scaling
method based on difference measurement, Maximum Likelihood Difference Scaling (MLDS;
e.g., Maloney and Yang 2003; Knoblauch and Maloney 2008, 2012) yielded highly reliable
measurements of emotion intensity, that also fitted theoretical models of the determinants of
emotion intensity much better than direct intensity ratings did.

The aim of the studies reported in this article is to compare MLDS of emotion intensity
to a closely related indirect scaling method, Ordinal Difference Scaling (ODS; Boschman
2001; see also Agresti 1992). Like MLDS, ODS is a nonmetric, probabilistic, unidimensional
scaling method based on difference measurement. However, whereas MLDS uses compar-
isons of pairs of stimulus pairs (quadruple judgments, QCs) as input data, ODS uses graded
pair comparisons (GPCs), where participants indicate the size of the difference between two
stimuli on an ordinal response scale. Paralleling this difference in scaling tasks, MLDS and
ODS differ with respect to the underlying scaling models (see Sect. 1.1).

Compared to MLDS, ODS has a number of potential advantages for emotion measurement,
in particular greater economy and the absence of the need to know the rank order of the
stimuli on the judgment dimension (for details, see Sect. 1.1.3). Given these advantages, it is
important to know whether the results of ODS are comparable to those of MLDS. The aim of
the two studies reported in this article was to investigate this question empirically, using two
different kinds of emotional stimuli: disgust-inducing pictures, and descriptions of situations
inducing relief. In both studies, QCs and GPCs of the stimuli were collected and submitted
to MLDS and ODS respectively, and the scaling solutions were compared in terms of the
reliability of the estimated scale values, their correlations to direct emotion intensity ratings,
and their agreement with each other. Before presenting the studies, the scaling methods are
described in more detail and briefly compared.

1.1 Maximum Likelihood Difference Scaling versus Ordinal Difference Scaling

1.1.1 Maximum Likelihood Difference Scaling

Following up on seminal work by Schneider and co-workers on difference scaling (e.g.,
Schneider 1980; Schneider et al. 1974), Maloney and Yang (2003) proposed Maximum
Likelihood Difference Scaling (MLDS) as a new unidimensional scaling method with several
desirable properties (see also Knoblauch and Maloney 2008, 2012; Kingdom and Prins
2010): It is suited for the scaling of suprathreshold stimulus differences, requires only binary
comparative judgments as input data, is probabilistic (i.e., explicitly takes judgment errors
into account), is robust to violations of its distributional assumptions, allows missing data,
yields stable solutions if only a fraction of the possible stimulus comparisons are scaled, and
is grounded in an axiomatic measurement model (the difference measurement model; Krantz
et al. 1971). Although MLDS has so far mainly been used for the scaling of sensory features
such as image quality (e.g., Charrier et al. 2007; Maloney and Yang 2003; Menkovski et al.
2011), it has also been found suitable for the measurement of emotion intensity (Junge and
Reisenzein 2013).

As its name indicates, MLDS is a method for the scaling of difference judgments. The
input data to MLDS are 0/1 dominance judgments as in classical Thurstonian pair comparison
scaling (Thurstone 1927; see Böckenholt 2003); however, different from the classical pair
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comparison task, comparisons are made between pairs of stimuli (a, b) and (c, d) rather than
between single stimuli, and the participant’s task is to judge which difference on the to-be
measured dimension is larger: that between a and b, or that between c and d. To illustrate
this quadruple comparison (QC) task1, in Study 1 participants were presented with pairs
of disgusting pictures (a, b) and (c, d) and indicated which of the two pairs differed more
strongly in regard to the intensity of elicited disgust.

The statistical model underlying MLDS can be regarded as a miniature psychological
theory of the judgment processes that underlie the participant’s responses in the QC task.
The model can be summarized by two equations. The first of these describes the relation
between the scale values of the stimuli presented in a trial of the QC task, ψa, ψb, ψc,
ψd (in Study 1, the intensities of disgust elicited by the stimuli) and the internal decision
variable �ab,cd that represents the result of comparing these stimuli, and is the basis of the
participant’s overt response Rab,cd. The second equation maps the decision variable into the
overt response.

�ab,cd = |ψd − ψc| − |ψb − ψa| + ε with ε ∼ N (0, σ 2) (1)

Rab,cd = 1 if �ab,cd > 0; else Rab,cd = 0 (2)

Equation 1 implies that the participant in a QC task first (implicitly) computes the differ-
ence between the scale values of the members of the stimulus pairs (a, b) and (c, d), and then
computes the difference between the (absolute) differences of these intervals, to determine
which of them is larger. The internal judgment processes—including the initial mental repre-
sentation of the stimuli and, in the case of emotion measurement, the elicitation of emotional
reactions by the stimuli—are assumed to be biased by independent random error stemming
from a normal distribution with constant variance σ 2. Equation 2 implies that, if the judgment
error were zero, the difference between stimuli c and d would be judged as greater than that
between a and b (i. e., Rab,cd = 1) whenever the difference between the scale values of c
and d is greater than that between a and b; however, due to the presence of error, the wrong
response will occasionally be given, and this will occur more frequently, the more similar in
size the compared intervals are. The aim of MLDS scaling is to estimate, from the observable
responses Rab,cd (the 0/1 dominance judgments of the stimulus pairs (a, b) and (c, d)), the
latent scale values of the stimuli assumed to underlie these responses. This is achieved by
collecting responses to a sufficiently large number of quadruples (see Sect. 1.1.3), and then
fitting the statistical model described by Eqs. 1 and 2 to these data using maximum likeli-
hood estimation. As explained in Sect. 2.1.4, if the stimuli are arranged in increasing order,
the MLDS model becomes a special case of binary probit regression (see Hardin and Hilbe
2007), that can be fitted using available software for generalized linear models.

1.1.2 Ordinal Difference Scaling

Whereas MLDS is appropriate for the scaling of comparisons of differences (standardly, QC
judgments),ODS is tailored to the scaling of ordinal difference judgments (Boschman 2001),

1 MLDS can also be used to scale triad judgments, where participants compare two stimuli to a third and
judge which of them is closer to the target on the judgment dimension (see Devinck and Knoblauch 2012;
Knoblauch and Maloney 2008, 2012). Triad judgments can be conceptualized as a special case of QCs with
overlapping stimulus pairs, i.e. (a, b) is compared to (a, c). They allow to reduce the number of necessary
stimulus comparisons relative to QCs.
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or graded pair comparisons (Bechtel 1967; De Beuckelaer et al. 2013). The GPC task is
like the classical Thurstonian (Thurstone 1927) pair comparison task in that only pairs of
stimuli are judged; however, different from the classical pair comparison task, the participants
are asked to state not only which of the two stimuli has the larger value on the judgment
dimension, but also how much the stimuli differ from each other, using an ordered category
response scale (i.e., the reported differences are assumed to have an ordinal scale level only).
To illustrate, in Study 1 the participants were presented with pairs of disgusting pictures and
were asked to indicate which picture was more disgusting, and how much more disgusting
it was, using a response scale with 12 ordered categories from “the left picture is extremely
more disgusting than the right” to “the right picture is extremely more disgusting than the
left”. The statistical model underlying ODS can be described by the following two equations:

�a,b = ψa − ψb + ε with ε ∼ N (0, σ 2) (3)

Ra,b = j if θj−1 < �a,b ≤ θj,with j = 1, ..., J

and − ∞ = θ0 < θ1 < · · · < θJ−1 < θJ = +∞ (4)

ψa and ψb are the scale values of the two stimuli a and b compared in a trial of the
GPC task, and �a,b is the internal decision variable on which the overt response Ra,b is
based. In addition, the ODS model contains θ1, . . . , θJ−1 unknown thresholds separating the
response categories, which, like the scale values, must be estimated. Equation 3 assumes
that the participant in a GPC task (implicitly) computes the difference between the scale
values of the two presented stimuli, and that the judgment process—including the initial
mental representation of the stimuli and the elicitation of emotional responses—is biased by
independent random error stemming from a normal distribution with constant variance σ 2.
Equation 4 implies that if the judgment error were zero, the decision variable�a,b (which in
our case represents the perceived difference between the intensities of the emotions elicited
by stimuli a and b) would be mapped into category j of the response scale consisting of
J ordered categories, whenever �a,b lies between the thresholds θj−1 and θj that mark the
boundaries of j on the latent continuum; however, due to the presence of error, the wrong
response category will occasionally be chosen, and this will happen more frequently, the
closer the stimuli are on the judgment dimension. The aim of ODS scaling is to estimate,
from the observable responses Ra,b (the ordinal difference judgments of stimuli a and b), the
latent scale values of the stimuli assumed to underlie these responses.

As just described, the ODS model is a special case of the ordered (or cumulative) probit
model (McKelvey and Zavoina 1975; Greene and Hensher 2010), which can be obtained in a
straightforward manner from applying the ordered probit model to graded pair comparisons
(Agresti 1992). Boschman’s (2001) version of ODS is a restricted version of the general ODS
model, in which the threshold parameters are constrained to be symmetric around the middle
threshold (in case of an even number of response categories), or around the two middle
thresholds (in case of an odd number of response categories). This is done to take account of
the fact that the response scale in GPC tasks typically consists of two symmetric halves with
identically labeled categories plus, sometimes, a middle category of “no difference”.

1.1.3 A comparison of MLDS and ODS for the measurement of emotion intensity

MLDS and ODS are in many ways similar: Both are unidimensional, nonmetric, probabilistic
scaling methods based on difference measurement, and both are suitable for the scaling of
suprathreshold stimulus differences. What is more, the cognitive processes assumed in the
scaling models of MLDS and ODS overlap: As a comparison of Eqs. 1 and 3 reveals, the first
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step of the QC judgment process—computing the differences between the scale values of
stimuli (a, b) and (c, d)—corresponds to two instances of the first step of the GPC judgment
process. Therefore, the GPC task could be regarded as an abbreviated version of the QC task,
in which participants are asked to verbalize the results of the first step of the QC judgment
process, assuming that they can report these results on at least an ordinal scale; whereas the
second step of the QC judgment process (determining which of the two intervals is larger) is
omitted.

Compared to MLDS, ODS has two potential advantages for the measurement of emotion
intensity. First, ODS is more economical than MLDS, as it needs fewer input data. This
is a direct consequence of the fact that the scaling task associated with ODS is based on
the comparison of pairs, whereas that associated with MLDS is based on the comparison
of pairs of pairs. Although the number of QCs required for MLDS can be greatly reduced
by means of random or systematic subsampling, or a combination of both (Maloney and
Yang 2003; see also Burton 2003), the differences to GPCs remain substantial. For example,
Maloney and Yang (2003, see also Knoblauch and Maloney 2008, 2012) propose to use
only quadruples (a, b, c, d) with nonoverlapping stimuli and increasing values on the to-be-
measured psychological dimension (i.e., stimuli with scale values ψa < ψb < ψc < ψd) (as
argued by Knoblauch and Maloney, this subsample prevents the possible use of judgment
heuristics that circumvent the comparison of intervals). This amounts to 210 QCs for 10
stimuli (our Study 1), 495 for 12 stimuli (Study 2), and 1365 for 15 stimuli. Furthermore,
simulation studies by Maloney and Yang (2003) suggest that reliable scale values can still
be obtained with a random subsample of the systematically selected QCs; for 10–15 objects,
about 30 % seem to be sufficient. This would mean that the number of QCs required for MLDS
scaling (10, 12, 15) stimuli is (70, 165, 455). Although these numbers are manageable in basic
research, they may be regarded as prohibitive in applied contexts. Furthermore, researchers
are often interested in measuring several different psychological magnitudes to relate them
in a theory (e.g., Junge and Reisenzein 2013), which means that separate scalings need to be
made for each dimension of interest. At least in these cases, ODS recommends itself as an
economical alternative: The complete set of GPCs for (10, 12, 15) objects comprises just (45,
66, 105) comparisons; and as in the case of MLDS, these can be further reduced by random
or systematic subsampling.

In addition to its economy, a second consideration that speaks in favor of ODS specifically
for the scaling of emotional stimuli is that, different from MLDS, ODS does not presuppose
knowledge of the rank order of the stimuli on the judgment dimension (see Sect. 2.1.6 for
an explanation why this rank order is needed for MLDS). For sensory dimensions such as
loudness or image quality, the stimulus rank order is often evident because it is monotonically
related to a physical stimulus dimension, and can therefore be specified a priori by the
experimenter (Knoblauch and Maloney 2012). In contrast, the rank order of the intensities
of an emotion elicited by a set of stimuli is usually not evident and can vary considerably
between participants. Therefore, if emotional stimuli are scaled using MLDS, their rank order
of intensity must usually be empirically estimated for each participant. If this rank order is
only used to fit the MLDS model, it can be estimated from the QCs (see Sect. 2.1.6); however,
if it is also used to select the quadruples for the scaling task (Maloney and Yang 2003), it
must be separately estimated, for example by a preceding rank-ordering or rating task.

Although economy and the lack of need to know the stimulus order recommend GPC-
based ODS for the scaling of emotional stimuli, these advantages could come at the cost
of a lower quality of the scaling solution. Two considerations might lead one to expect that
MLDS yields more precise estimates of scale values than ODS. First, it might be held that
the “greater/smaller” judgments used as input to MLDS are easier to make, and therefore
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more reliable, than the graded difference judgments required for ODS. Second, it could be
argued that MLDS should yield more precise estimates of scale values than ODS because it
is based on a larger number of judgments.

However, on second thought, both arguments appear doubtful. As to the first argument,
QCs are certainly less complex than GPCs with regard to the final stage of the judgment
process (Eqs. 2 vs. 4), but they are more complex than GPCs with respect to the computations
assumed to result in the internal decision variable (Eqs. 1 vs. 3). It can be argued that if the
complete judgment process is considered, the cognitive requirements of the two tasks are
actually quite similar: In the GPC task, participants are in each trial asked to estimate a
single interval and rank-order it relative to a set of verbally described comparison intervals
(e.g., “small difference”, “medium difference”, “large difference”); in the QC task, they are
required to estimate two intervals, compare them to each other, and judge which is larger. As
to the second argument, the advantage of MLDS of a larger number of input data could be
balanced by the fact that a single QC judgment contains much less information than a single
GPC judgment.

The two scaling studies reported in this article were conducted to provide an empirical
answer to the question of how ODS compares to MLDS for the measurement of emotion
intensity. In Study 1, we scaled the intensity of disgust experiences induced by pictures and
in Study 2 the intensity of (imagined) relief experienced in hypothetical scenarios. In Sects. 2
and 3, the two studies are described; in Sect. 4, we summarize the results and present some
proposals for future research.

2 Scaling the intensity of disgust experiences

2.1 Method

2.1.1 Participants

The participants of Study 1 were seven students and three non-students, seven of them
females, with a mean age of M = 25.1 (SD = 7.8). They were paid 8 Euros per hour.

2.1.2 Materials

To induce disgust, we used 10 pictures representing major categories of disgust-eliciting
objects (see Curtis and Biran 2001) and a reasonably wide range of disgust intensities. The
pictures showed a moldy piece of bread and a rotten animal carcass (from the disgust category
“decay and spoiled food”; Curtis and Biran 2001); a cockroach, a spider, and maggots (from
the category “particular living creatures”); a toilet with feces, vomit, and a purulent finger
(from the category “bodily excretions and body parts”); garbage-polluted water, and an oil-
contaminated swan. The last two pictures, which elicited only mild disgust, were included to
increase the range of disgust intensities. All pictures were 300 ∗ 360 pixels in size and were
presented on notebooks with a screen resolution of 1280 ∗ 800 pixels.

2.1.3 Procedure

The participants performed three scaling tasks: direct scalings (ratings), graded pair compar-
isons (GPCs) and quadruple comparisons (QCs). All scaling tasks were programmed using
DMDX (Forster and Forster 2003). Each participant performed the ratings, GPCs and QCs
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in this order two times, with a three days interval. The choice of this task order was moti-
vated by the consideration that the task order should not disadvantage the QCs (we assumed
that performing the rating and GPC tasks first would, if anything, facilitate the subsequent
QCs). Participants received a notebook with the pre-installed scaling experiments and were
instructed how to start them. They completed the tasks at home at their own leisure within a
period of two weeks.

Direct scaling task (Ratings) In the rating task, the ten pictures were separately presented
in an individual random order to the participants, who rated how disgusting they found each
picture on an 11-point rating scale ranging from 0 = “not at all disgusting” to 10 = “extremely
disgusting”. Responses were entered by pressing labeled keys (0–10) on the keyboard.

Indirect scaling task I (GPCs) Following the rating task, the participants made all possible
(10 ∗ 9)/2 = 45 GPCs of the 10 pictures. The comparisons were presented in a different
random order to each participant; furthermore, in half of the comparisons involving a given
picture, it was presented on the left side of the screen and in the other half, on the right
side. For each pair, participants indicated which picture was more disgusting and how much
more disgusting it was. Answers were given on a bipolar 12-category response scale ranging
from “The left picture is extremely more disgusting than the right” to “The right picture is
extremely more disgusting than the left”. The intermediate scale points on both halves of
the scale were labeled “very much more”, “much more”, “more”, “a little more”, and “just
barely more”. The response scale was positioned below the pictures in such a way that its left
half extended below the left picture and its right half below the right picture. Answers were
entered by pressing appropriately labeled keys on the keyboard. An “equally intense” answer
was disallowed to encourage the participants to discriminate even small intensity differences
(see Böckenholt 2001). We assumed that if the participants could not detect a difference,
their responses would be determined by guessing.

Indirect scaling task II (QCs) Following the GPCs, the participants made all possible QCs of
the 10 pictures, i.e. the (45 ∗ 44)/2 = 990 comparisons of the 45 picture pairs used in the GPC
task.2 Because of the large number of QCs, they were randomly divided into three separate
blocks of 330 that were to be judged in separate sessions. Within each block, trials were
individually randomized. In each trial, two pairs of disgust-eliciting pictures were presented
on the left and right side of the screen, respectively, with the pictures belonging to a pair
shown one above the other. The participants were asked to indicate which of the two picture
pairs differed more with respect to the intensity of elicited disgust. Answers were entered by
pressing the left or right arrow key. The position of the pictures was balanced across trials
such that each picture pair appeared equally often on the left and right side of the screen, and
each picture within a pair appeared equally often in the top and the bottom position.

2.1.4 Estimation of the scale values

The scaling models were separately fitted to the data of each participant at each of the
two measurement points. The input data to MLDS were all possible QCs except those with
overlapping stimulus pairs, such as (a, b; a, c). This left 630 of the 990 QCs. We also scaled
the subset of 210 QCs with increasing scale values, as proposed by Maloney and Yang (2003);
however, because the reliabilities of these scalings and their correlations to the direct emotion

2 Although we only used a subset of the possible QCs for MLDS, we collected the complete set for the purpose
of additional analyses (not reported in this article).
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intensity ratings were on average somewhat lower than the scalings of the complete set of
nonoverlapping QCs, these results are not reported in detail. For ODS, the complete set of
GPCs (45) was used as input.

The parameters of the MLDS model were initially estimated using the glm function of
R (R Core Team 2014). The binomial distribution family with a probit link was specified
(Knoblauch and Maloney 2008, 2012). This specification implies a normal error distribution
for the latent decision variable, as assumed in the MLDS model (Eq. 1). The ODS model
was initially estimated using the R package ordinal (Christensen 2013), which allows to
fit a variety of cumulative link models with and without constraints on the thresholds. A
cumulative probit model was specified (Eqs. 3 and 4). However, in several cases estimation
problems caused by separation were encountered; to overcome these, we switched to biased-
reducing estimation methods (see Sect. 2.1.5).

2.1.5 Coping with separation

A technical problem that can occur when trying to fit binary regression and cumulative
link models, especially with sparse data, is the occurrence of complete or quasi-complete
separation (e.g., Albert and Anderson 1984; Agresti 2010; Allison 2008; Kosmidis 2014; see
also, Knoblauch and Maloney 2008, 2012, for the case of MLDS). In binary regression models
(MLDS), complete separation is present if one or a combination of several of the predictors
permit a perfect separation of the sample responses into “0” and “1”; or in other words, if
they allow a perfect prediction of the response. In cumulative link models (ODS), complete
separation is present if separation exists for each of the possible collapsings of the ordinal
response to a binary response (Agresti 2010 p. 64). Quasi-complete separation is present if
predictability of the response is near-perfect. Although perfect or near-perfect predictability
of the criterion variable would seem to be desirable, it has the undesired side-effect that unique
maximum likelihood estimates of the coefficients of the responsible predictor variables do not
exist. Typical indications of the occurrence of complete or quasi-complete separation are the
presence of extreme values and very high standard errors for one or more parameter estimates.
Some statistical programs also report that the estimation algorithm failed to converge or give
some other warning message (see Allison 2008).

Although separation can occur in both MLDS and ODS, it is more likely in ODS because
of the smaller number of input data. Inspection of the MLDS solutions suggested that no case
of separation occurred if the full set of nonoverlapping quadruples (630) was used as input,
whereas separation occurred for three of the ten participants at one or both measurement
points if the subset of quadruples with increasing scale values (210) was used. Inspection of
the ODS solutions suggested the occurrence of separation for four participants at one or both
measurement points.

To overcome this problem, we reestimated the MLDS model using the bias-reducing
maximum likelihood estimation method proposed by Firth (1993, see also Kosmidis and Firth
2009), which has been implemented, for binary regression models, in the R package brglm
(Kosmidis 2013). Likewise, we reestimated the ODS model using bias-reducing estimation
for the cumulative probit model, implemented in the R function bpolr (Kosmidis 2014).3

Note that the bias-reducing estimation method provides not only an effective solution to
the problem of separation (Heinze and Schemper 2002), but also reduces the bias inherent
in the standard maximum likelihood estimates of regression parameters (Firth 1993). In

3 Thanks are due to Ioannis Kosmidis, who kindly made an updated version of bpolr available to us.
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cases not affected by separation, the scale values estimated by the bias-reducing method
correlated near-perfectly (all r > .999) with the original maximum likelihood estimates,
but were, as expected, numerically somewhat smaller. In cases affected by separation, the
bias-reducing estimation method effectively reduced extreme parameter values obtained by
the standard maximum likelihood estimation method. Even in these cases, however, the
correlations between the original and bias-reduced scale values remained very high (all
r > .95).

2.1.6 Determining the rank order of the stimuli

To fit the MLDS model using binary regression software such as glm and brglm in R, it is
necessary to specify to the program the rank order of the stimuli on the judgment dimension
(Knoblauch and Maloney 2008). The reason is that the MLDS model is nonlinear (owing
to the occurrence of the absolute value function in Eq. 1). However, if the rank order of the
stimuli on the judgment dimension is known, the quadruples can be reordered in such a way
thatψa < ψb and ψc < ψd before the data are scaled (the response is recoded as necessary).
As a result, the differences (ψd − ψc) and (ψb − ψa) in Eq. 1 are always positive, and the
absolute signs in the equation can be dropped (see Knoblauch and Maloney 2008, 2012).
The MLDS model then becomes a standard generalized linear model.

As mentioned in Sect. 1.1.3, the rank order of the intensities of an emotion elicited by
a set of stimuli is usually not known a priori. To address this problem, we estimated the
stimulus rank order from the available data, trying several different methods: (a) nonmetric
multidimensional scaling (NMDS) restricted to one dimension (Kruskal 1964; Cox and Cox
2001); (b) a partial enumeration method, the “branch-and-bound” method proposed by Brusco
and Stahl (2005), as implemented in the R package seriation (Hahsler et al. 2008); and (c)
a linear scaling of the GPC judgments based on an additive functional measurement model
(AFM; Anderson 1970, see Junge and Reisenzein 2013). The first two methods can be used
to estimate the rank order implicit in GPCs as well as (after suitable data transformations) in
QCs, whereas the third method is only applicable to GPCs.4 We then fitted MLDS models to
the QC judgments, using the rank orders of the stimuli suggested by the different estimation
methods, and compared the fit of the models using the Akaike Information Criterion (AICc;
Sugiura 1978; Hurvich and Tsai 1991).

We found that the AFM-based rank order yielded consistently better fits (lower AICc

values) than the rank orders estimated by NMDS and the partial enumeration method. In
addition, the retest correlations of the estimated MLDS scale values were highest for the
AFM-based rank order. Therefore, we used the AFM results to specify the rank order of the
stimuli to MLDS.5

2.2 Results

The mean disgust ratings for the 10 pictures, aggregated across the two measurement points,
ranged from M = 1.25 (SD = 2.05) for the least disgusting picture to M = 7.65 (SD = 2.28)
for the most disgusting picture. A two-way within-subjects analysis of variance (ANOVA)

4 Details of the estimation procedures are available from the first author on request.
5 It might be objected that using the GPC-based AFM rank order of stimulus intensities for the estimation
of the MLDS model inflates the agreement between the ODS and the MLDS solution, because the latter is
constrained by the rank order of the stimuli implicit in the GPC judgments. However, the finding that the
AFM-based rank order yielded the best MLDS fits speaks against this possibility and suggests, rather, that the
GPC judgments contained more reliable information about the stimulus order than the QCs.
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Table 1 Comparison of MLDS and ODS scale values, Study 1

Participant
no.

Fit (AICc) Reliability Agreement Correlation with ratings

t1 t2 rt1,t2 rMLDS,ODS t1 t2

MLDS ODS MLDS ODS Rating MLDS ODS t1 t2 MLDS ODS MLDS ODS

1 352.86 125.83 258.35 87.08 .85 .99 .91 .94 .98 .91 .92 .97 .96

2 272.96 136.57 315.73 114.59 .71 .99 .98 .96 .98 .59 .73 .94 .94

3 470.70 145.84 479.79 101.08 .73 .79 .95 .24 .48 .18 .89 .32 .95

4 286.41 103.67 282.11 93.72 .89 .96 .95 −.18 −.22 −.40 .82 −.45 .95

5 647.86 131.43 489.67 128.26 .74 .37 .75 .75 .23 .40 .74 −.07 .85

6 294.54 131.66 250.46 90.57 .86 .98 .93 .93 .99 .93 .79 .98 .97

7 561.75 129.41 625.45 173.04 .68 .99 .94 .92 .97 .60 .62 .86 .93

8 524.88 127.93 576.79 194.39 .83 .99 .86 .99 .88 .92 .94 .95 .95

9 537.19 144.01 523.42 154.42 .83 .99 .97 .96 .92 .82 .74 .97 .96

10 626.08 149.19 535.32 119.61 .84 .61 .89 .73 .83 .43 .87 .87 .71

M 457.52 132.55 433.71 125.68 .79 .87 .91 .72 .70 .54 .81 .63 .92

SD 144.31 12.97 142.24 36.98 .07 .21 .07 .39 .41 .42 .10 .52 .08

MLDS Maximum Likelihood Difference Scaling, ODS Ordinal Difference Scaling, t1 1st measurement, t2
2nd measurement

with factors stimuli and measurement occasion revealed a significant main effect of stim-
uli, F(9, 81) = 12.25, p < .001, but no significant main effect of measurement occasion,
F(1, 9) < 1, and no significant interaction between stimuli and occasion, F(9, 81) = 1.47,
p = .18. This suggests that the disgust feelings elicited by each picture were of similar
intensity at the two measurement points.

2.2.1 Fit of the MLDS and ODS models

As a preliminary datum, we report the fit of MLDS and ODS models to their respective
input data. Model fit was evaluated using AICc. The fit values obtained for the individual
participants at the two measurement points are shown in Table 1 (columns 1 to 4). Lower
AICc values reflect a better fit. If the MLDS models were estimated from the 210 quadru-
ples with increasing scale values instead of the 630 quadruples with nonoverlapping ele-
ments, the AICc fit values (M = 133.9) were practically identical to those of the ODS model
(M = 129.12); however, as mentioned, the retest reliabilities of the MLDS scalings and their
correlations to the ratings decreased in several cases. It may be concluded that, if each model
is fitted to the data appropriate for it, similar overall fit values can be achieved.

2.2.2 Retest reliabilities

As an estimate of the reliabilities of the indirect scalings and ratings, we computed the
correlations between the respective variables at the two measurement points. These retest
reliabilities are shown in Table 1 (columns 5 to 7). As expected, for most participants, the
reliabilities of the indirect scalings (Mr = .87 for MLDS and .91 for ODS) were substantially
higher than those of the ratings (Mr = .79), whereas the reliabilities of the ODS and MLDS
scalings were comparable.
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Fig. 1 Individual MLDS and ODS scale values estimated from QCs (grey) and GPCs (black) respectively,
separately for the first (top) and second (bottom) measurement point. To facilitate comparison, stimuli have
been ordered by their ODS scale values, and the scale values have been transformed to have zero as the
minimum. Correlations between the scale values are also shown

2.2.3 Agreement of the MLDS and ODS scale values

If GPC-based ODS and QC-based MLDS are equivalent scaling methods for the stimuli used
in Study 1, then the estimated scale values should be highly (linearly) correlated. Figure 1
shows graphs of these scale values and the corresponding correlations, separately for each
participant and measurement point (see also Table 1, columns 8 and 9). As can be seen,
in most cases, the correlations were from good to high. Low (in two cases even negative)
between-method correlations were obtained for two participants (No. 3 and 4), and a third
(No. 5) had a low correlation at the second measurement point. The latter case can be partly
explained by the low reliability of the MLDS scaling. In contrast, for participants No. 3 and
4, the inter-method correlation was low despite high reliabilities of both the MLDS and ODS
scale values.

2.2.4 Correlations between indirect scale values and ratings

If one accepts that the indirect scaling procedures and the direct ratings used in our study
are different methods for measuring the same latent variable (the intensity of disgust), their
correlation can be interpreted as an index of the validity of the indirect scalings (although
due to the limited reliability of the variables, in particular the ratings, this correlation cannot
be expected to be perfect). As can be seen from Table 1 (columns 10–13), the correlations
between the indirect scale values and the direct ratings of disgust intensity were higher if
the indirect scale values were estimated using ODS (Mr = .81 for the first and .92 for the
second measurement point) than if they were estimating using MLDS (Mr = .54 and .63).
This difference remained stable after correcting for possible outliers by computing the 10 %
trimmed mean.
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2.2.5 MLDS scaling of the GPCs

Junge and Reisenzein (2013) previously used MLDS for the measurement of emotion inten-
sity and found the method to be superior to direct ratings of emotion intensity. However,
different from the present studies, the QCs required as input to MLDS were not obtained in a
QC task, but were analytically derived from GPCs by assuming (see e.g., Roberts 1979) that
(a, b) > (c, d) if the graded comparison of a and b has a higher rank than that of c and d. A
possible advantage of scaling GPCs with MLDS rather than ODS is that the MLDS model
contains no thresholds and therefore has much fewer parameters than the ODS model, which
can help to avoid estimation problems in ODS. However, it can be argued that MLDS is
not entirely appropriate for GPC-derived QCs, because they are not statistically independent
(as each pair of stimuli occurring in the derived QCs is judged only once in the GPC task).
To check whether MLDS of GPC-based QCs nonetheless yields similar scale values as the
theoretically more appropriate ODS scaling of the GPCs, we expanded the GPCs to QCs and
submitted the latter to MLDS. Again only the 630 QCs with nonoverlapping stimuli were
considered. Of these, quadruples for which the intervals (a, b) and (c, d) were equal according
to the GPC judgments (21.8 %) had to be excluded because MLDS (in its current form) does
not allow for equal responses.

We found that the MLDS scalings of GPC-derived QCs correlated very strongly with the
ODS scalings of the original GPCs (Mr = .99, SD = .02). This finding suggests that the
obtained differences between MLDS (of directly made QCs) and ODS reported in Table 1
and Fig. 1, are primarily due to differences in the input data.

2.3 Discussion

In Study 1, the intensities of disgust feelings evoked by ten pictures were estimated from
QCs using MLDS, and from GPCs using ODS. The scaling solutions were compared with
regard to the retest reliability of the estimated scale values and their correlation with direct
scalings (ratings). The findings suggest that GPC-based ODS performs at least as well as QC-
based MLDS on these criteria. In addition, in most cases, good to high agreement between
the scale values estimated by MLDS and ODS was found. Finally, we found that MLDS of
GPC-derived QCs yields nearly the same scale values as ODS of the original GPCs.

3 Scaling the intensity of relief experiences

3.1 Method

3.1.1 Participants

The participants of Study 2 were five males and five females from the same subject pool as
in Study 1, with a mean age of 25.8 years (SD = 7.8). They were paid 8 Euros per hour.

3.1.2 Materials

The participants judged brief (one- or two sentence) descriptions of 12 hypothetical situations
that were found to induce (imagined) relief feelings from low to high intensity in a previous
study (unpublished). The scenarios depicted common relief-inducing situations of student
life, such as “You make it for the lecture just in time”, “You finally found an apartment for

123

Author's personal copy



Comparison of MLDS and ODS

rent”, or “A friend of yours has stopped smoking”. The scenarios were presented on the
computer monitor in small text boxes.

3.1.3 Procedure

As in Study 1, the participants worked on three tasks: direct scalings (ratings), GPCs and
QCs. The tasks were completed (in this order) two times, within a three days interval.

Direct scaling task (Ratings) In the rating task, the 12 relief scenarios were separately pre-
sented to the participants in random order. For each scenario, they rated how relieved they
would feel in the described situation if it were real, using an 11-point rating scale ranging
from 0 = “not at all relieved” to 10 = “extremely relieved”.

Indirect scaling task I (GPCs) Following the direct ratings of relief intensity, the participants
made all possible 12 ∗ 11/2 = 66 GPCs of the 12 scenarios. The stimulus pairs were
presented in a different random order to each participant. For each pair, the participants
indicated which situation would be more relieving, and how much more. Answers were
given on a bipolar 12-category response scale ranging from “The left situation would be
extremely more relieving than the right” to “The right situation would be extremely more
relieving than the left”. Intermediate scale points were labeled analogous to Study 1.

Indirect scaling task II (QCs) The complete set of QCs for 12 objects comprises 66 ∗ 65/2 =
2145 comparisons, a number beyond what can be reasonably demanded of a participant. To
reduce the number of QCs, we first omitted quadruples comprised of pairs with nonoverlap-
ping stimuli (cf. Study 1). From the remaining 1485 comparisons, we drew a semi-random
sample of 1/3 with the restriction that each object appeared equally often (165 times) in the
comparisons. This resulted in 495 QCs, the same number that would be obtained using the
selection method proposed by Maloney and Yang (2003), i.e. if only QCs with increasing
scale values were included (see Sect. 1.1.3, this method could not be used in our case because
the rank order of the stimulus intensities was not known a priori). Apart from this difference,
the QC judgment procedure was analogous to Study 1: In each trial, the participants were
presented with two pairs of situations, and judged which pair differed more with respect to
the intensity of relief elicited by the described events.

3.1.4 Estimation of the scale vvalues

As in Study 1, MLDS and ODS scale values were estimated using bias-reducing maximum
likelihood estimation (Kosmidis 2013, 2014), and linear scaling (AFM) of the GPCs was
used to specify the rank order of the stimuli to MLDS.

3.2 Results

The mean relief ratings for the 12 scenarios, aggregated across the two measurement points,
ranged from M = .75 (SD = 2.17) to M = 8.4 (SD = 1.96). A two-way within subjects
ANOVA with factors stimuli and measurement occasion revealed a significant main effect of
stimuli, F(11, 99) = 18.02, p < .001, but no significant main effect of measurement occasion,
F(1, 9) = 3.03, p =.12, and no significant interaction between stimuli and occasion, F(11, 99)
< 1. This suggests that the relief feelings elicited by each scenario were of similar intensity
at the two measurement points.
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Table 2 Comparison of MLDS and ODS Scale Values, Study 2

Participant
no.

Fit (AICc) Reliability Agreement Correlation with ratings

t1 t2 rt1,t2 rMLDS,ODS t1 t2

MLDS ODS MLDS ODS Rating MLDS ODS t1 t2 MLDS ODS MLDS ODS

1 246.59 154.02 179.97 109.88 .98 .98 .97 .98 .98 .98 .96 .99 .98

2 318.44 180.65 238.15 148.52 .83 .95 .90 .93 .96 .76 .83 .91 .98

3 291.24 187.47 262.72 151.99 .87 .15 .95 .95 .24 .90 .94 −.12 .85

4 342.72 205.01 234.65 180.78 .77 .96 .96 .96 .99 .88 .90 .96 .97

5 279.82 151.90 238.33 136.35 .69 .99 .98 .97 .99 .66 .66 .96 .99

6 424.91 178.12 170.30 203.98 .71 .96 .91 .75 .92 .71 .85 .97 .94

7 266.10 266.61 548.84 212.33 .37 .40 .58 .18 −.11 −.02 .53 −.30 .78

8 429.98 170.64 357.33 219.58 .49 .74 .76 .73 .26 .66 .88 .09 .87

9 279.66 164.09 126.87 139.75 .66 .77 .77 .82 .99 .48 .84 .97 .97

10 237.05 227.61 595.84 189.42 .72 .49 .73 .88 .90 .86 .95 .85 .91

M 311.65 188.61 295.30 169.26 .71 .74 .85 .82 .71 .69 .83 .63 .92

SD 68.45 35.77 158.82 37.03 .18 .30 .13 .24 .41 .29 .14 .52 .07

MLDS Maximum Likelihood Difference Scaling, ODS Ordinal Difference Scaling, t1 1st measurement, t2
2nd measurement

3.2.1 Fit of the MLDS and ODS models

The fit values (AICc.) of the MLDS and ODS models to their respective input data (Table 2,
columns 1 to 4) were similar to those obtained in Study 1.

3.2.2 Retest reliabilities

As can be seen from comparing Table 2 to Table 1, the retest reliabilities of the indirect
scalings and ratings were on average somewhat lower than those obtained in Study 1. This
may have been due to the nature of the stimuli (written scenarios), which were more complex,
and therefore probably more difficult to rate and compare than the pictures used in Study 1.
However, as in Study 1, the reliabilities of the indirect scalings (Mr = .74 for MLDS and
Mr = .85 for ODS) were higher than those of the ratings, whereas the reliabilities of the
indirect scalings were in most cases similar (exceptions are participants No. 3 and 10).

3.2.3 Agreement of the MLDS and ODS scale values

As shown in Table 2 (columns 8 and 9), the correlations between the MLDS and ODS scale
values were in most cases from good to high: For one participant (No. 7) the correlations were
low at both measurement occasions; for two more participants (No. 3 and 8), the correlation
was low at the second measurement point. In the case of participants No. 3 and 7, the low
correlations can at least in part be attributed to low reliability of one of the scalings.

3.2.4 Correlations between indirect scale values and ratings

As can be seen from Table 2 (columns 10 to 13), the correlations between the indirect and the
direct scalings (ratings) of relief intensity were on average higher for ODS (Mr = .83 for the
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first and .92 for the second measurement) than for MLDS (Mr = .69 and .63, respectively),
and this difference remained stable after correcting for possible outliers by computing the
10 % trimmed mean.

3.2.5 MLDS scaling of the GPCs

As in Study 1, the GPCs were also submitted to MLDS, after first expanding them to QCs.
Again, the obtained scale values correlated highly with the ODS scalings of the original
GPCs (Mr = .98, SD = .02).

3.3 Discussion

In Study 2, we estimated the intensity of relief feelings in 12 hypothetical scenarios from
QCs using MLDS, and from GPCs using ODS. The results corroborated those of Study 1:
The retest reliabilities of the two indirect scalings were similar for most participants, their
correlation to the direct ratings were in most cases as high or higher for ODS, and there
was from good to high agreement of the obtained solutions for most participants. We also
replicated the finding of Study 1 that MLDS of GPC-derived QCs yields nearly the same
scale values as ODS of the original GPCs.

4 General discussion

In two scaling studies of emotion intensity, we compared MLDS to ODS with regard to the
retest reliability of the estimated scale values and their correlation with direct ratings. The
results suggest that, at least for the stimuli used in our studies, GPC-based ODS is equivalent,
and certainly not inferior, to QC-based MLDS on these criteria. In addition, in most cases,
good to high agreement between the scale values estimated by MLDS and ODS was found.

Because ODS requires much fewer input data than MLDS and does not presuppose knowl-
edge of the stimulus order on the judgment dimension, these findings recommend GPC-based
ODS as an economical alternative to MLDS for the measurement of emotion intensity. Its
combination of precision and economy could make ODS particularly attractive to researchers
as an alternative to direct ratings and other direct scaling methods (e.g., Stevens 1975) for the
measurement of emotions, as well as the measurement of other psychological magnitudes
beyond the domain of classical psychophysics, such as preferences, attitudes, and personality
judgments. It may also be noted that several other scaling models can be applied to GPCs,
including nonmetric multidimensional scaling (restricted to one dimension) and additive
functional measurement (AFM; see Junge and Reisenzein 2013).

4.1 Future research

Scaling models such as MLDS and ODS can be regarded as miniature psychological theories
of the judgment processes involved in particular scaling tasks. To further evaluate these mod-
els, it would therefore be reasonable to investigate the cognitive processes that underlie the
associated judgment tasks in more detail. Process tracing methods could be helpful for this
purpose. For example, eye-tracking (e.g., Schulte-Mecklenbeck et al. 2011) could be used
to test hypotheses about how participants actually make quadruple judgments. Furthermore,
with respect specifically to the measurement of emotion intensity, it would be desirable to
relate the process assumptions of scaling models to more general models of emotional intro-
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spection (i.e., the introspection of emotions; e.g., Robinson and Clore 2002). The proposed
research could provide a deeper explanation of the advantages of indirect scaling methods
for the measurement of emotion intensity and beyond that, may aid the development of new
self-report methods based on theoretical models of emotional introspection.
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Abstract 

The scale quality of indirect and direct scalings of the intensity of emotional 

experiences was investigated from the perspective of representational measurement theory. 

Study 1 focused on sensory pleasantness and disgust, Study 2 on surprise and amusement, 

and Study 3 on relief and disappointment. In each study, the emotion intensities elicited by a 

set of stimuli were estimated using Ordinal Difference Scaling, an indirect probabilistic 

scaling method based on graded pair comparisons. Using the estimated scale values, we 

selected test cases for the quadruple axiom, a central axiom of difference measurement, and 

checked whether the participants’ comparisons of intensity differences were in agreement 

with the axiom. A parametric bootstrap test was used to decide whether observed axiom 

violations were systematic. Most participants passed this test. The indirect scalings of these 

participants were then linearly correlated with their direct emotion intensity ratings to 

determine whether they agreed with them up to measurement error, and hence might also be 

metric. The majority of the participants did not pass this test. The findings suggest that the 

indirect scaling method used allows to measure emotion intensity on a metric scale level for 

most participants. As a consequence, quantitative emotion theories become amenable to 

empirical test on the individual level using indirect measurements of emotional experience. 

Keywords: Emotion intensity, measurement of emotional experience, representational 

measurement theory, test of measurement axioms, scaling methods, Ordinal Difference 

Scaling. 
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Metric Scales for Emotion Measurement 

Linguistic and phenomenological evidence indicates that emotional experiences differ 

from each other not only in quality (e.g., happiness versus fear), but also in intensity. More 

precisely, each emotion quality can be exemplified in different degrees or gradations, ranging 

from just noticeable to highly intense (see e.g., Frijda, Ortony, Sonnemans, & Clore, 1992; 

Reisenzein, 1994). This suggests that emotional experiences are quantitative magnitudes, or 

quantities (Michell, 1990); that is, continuous variables with a metric, or additive, structure 

(Hölder, 1901; Krantz, Luce, Suppes, & Tversky, 1971; Michell, 1990). Indirect support for 

this hypothesis is provided by the consideration (Reisenzein, 2012) that, in being a group of 

related phenomenal qualities graded in intensity, emotions are similar to sensations (e.g., of 

tone, touch, or temperature); sensations, however, are widely regarded as quantitative 

magnitudes (e.g., Kingdom & Prins, 2010; Schneider, 1982; Stevens, 1975). 

If emotions are quantities, then theories of emotion should ideally be quantitative 

theories, that is (cf. Carnap, 1966), theories that relate emotions to their causes and 

consequences by quantitative laws. However, although the intensity aspect of emotions is 

acknowledged by most researchers and is taken into account in the most common method of 

emotion measurement, ratings on quality-plus-intensity scales of emotional experience (e.g., 

Pekrun & Bühner, 2014; Reisenzein, 1994; Scherer, 2005), only few explicitly quantitative 

emotion theories have been proposed so far (e.g., Gratch, Marsella, Wang, & Stankovic, 

2009; Mellers, 2000; Reisenzein, 2009). A main reason for this state of affairs is presumably 

the problem of measuring the intensity of emotions with sufficient precision to allow the 

testing of quantitative emotion theories. Suitable measurements must fulfill two 

requirements: First, they must be reasonably free of measurement error; second, they must 

have a metric, i.e. an interval or even (depending on the theory tested) a ratio scale level. 
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Do we have metric scales for emotion measurement? As concerns direct emotion 

intensity ratings (e.g., “How happy do you feel right now?” on a scale from 0 = “not happy at 

all” to 10 = “extremely happy”), emotion researchers typically do treat them as metric 

(interval) scales in their data analyses. Nevertheless, most of them would probably agree that 

the scale level of emotion intensity ratings is more likely somewhere in between the ordinal 

and interval, and is possibly only ordinal (see e.g., Krantz et al., 1971). Although the critics of 

rating scales usually grant that sensations and similar subjective experiences, including 

emotional feelings, can be regarded as quantities, they believe that the information about their 

metric structure is partially or completely lost during the process of introspecting the intensity 

of feelings and mapping them into a rating scale (see e.g., O’Brien, 1985). However, as has 

long been argued (e.g., Krantz et al., 1971; Orth, 1982; Westermann, 1985), this claim—just 

as the converse claim that ratings are metric—needs to be tested rather than simply asserted. 

More importantly, even if category ratings do not yield metric measurements of emotion 

intensity, alternative methods may be able to do so. 

Promising candidates for such alternative measurement methods have long been 

proposed in psychology in the form of indirect scaling methods (e.g., Borg & Staufenbiel, 

2007; Maydeu-Olivares & Böckenholt, 2008; Titchener, 1905; Torgerson, 1958). The basic 

idea behind indirect scaling methods is to infer the intensity of subjective experiences from 

judgments that demand less of the participants than direct intensity ratings do, and that they 

are therefore able to make reliably. The most frequently proposed kind of simpler judgments 

used in indirect scaling procedures are ordinal pairwise comparisons of subjective intensities 

(e.g., in the case of emotion: “the intensity of relief elicited by event a is greater than that 

elicited by event b”; Junge & Reisenzein, 2013, 2014). From these data, the underlying 

absolute intensities of the experiences caused by the stimuli are estimated with the help of 

appropriate scaling models, which are really miniature models of the judgment processes 
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thought to underlie the pair comparison judgments. Hence, the intensities of the experiences 

elicited by the different stimuli are indirectly determined (i.e., inferred from the pair 

comparisons) rather than directly reported by the subject, as in category rating and other 

direct scaling methods (e.g., magnitude scaling; Stevens, 1975). 

Supporting the advantages of indirect scaling methods in emotion research, Junge and 

Reisenzein (2013) found that indirect scalings of emotion intensity based on graded pair 

comparisons (GPCs; e.g., Bechtel & O’Connor, 1979) were more reliable than direct intensity 

ratings and had better fits to proposed quantitative emotion models. Part of the advantage of 

the indirect scalings was undoubtedly due to the reduction of random measurement error; but 

in part, it could also have resulted from the attainment of a metric (or at least close-to-metric) 

scale level. However, in our previous research we did not test whether the indirect and direct 

scalings of emotion intensity were metric. This is the aim of the studies reported in the 

present article. In three studies focusing on different kinds of emotional experience, we tested 

whether emotion intensities estimated with an indirect scaling method tailored to GPCs 

(Ordinal Difference Scaling, ODS; see e.g., Boschman, 2001; Junge & Reisenzein, 2014), are 

metric. To determine whether this was the case, we took recourse to representational 

measurement theory (Krantz et al., 1971). Specifically, we tested whether the participants’ 

comparisons of intensity differences were in agreement with the quadruple axiom, a central 

axiom of difference measurement (e.g., Luce & Suppes, 1965). A modification of a 

parametric bootstrap test proposed by Maloney and Yang (2003) was used to decide whether 

observed axiom violations were systematic. For those participants who passed the test of the 

quadruple axiom and hence appeared able to provide metric indirect scalings, we then tested, 

using another bootstrap procedure, whether their direct scalings of emotion intensity 

correlated linearly with their indirect scalings up to measurement error, and hence might also 

be metric. 
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A Deductive Approach to Representational Measurement  

How can one decide whether or not a proposed measurement M of a latent variable is 

metric? The answer suggested by representational measurement theory (e.g., Krantz et al., 

1971; Roberts, 1979) is that one needs to study the intrinsic structure of M, that is, the 

relations that hold between different levels (including differences between and combinations 

of levels) of M, as exemplified by a set of objects. Furthermore, to avoid presupposing what 

needs to be shown, only nonquantitative (meaning, in the typical case, ordinal) relations must 

be allowed in this analysis. If a variable is metric, then its levels stand to each other in a 

determinate set of ordinal relations that together form an additive structure (Michell, 1990). 

Conversely, if the levels of a variable have an additive structure, they can be represented by a 

metric scale. The meaning of “additive structure” was first spelled out in precise form by the 

mathematician Hölder (1901; see Michell, 1990; Michell & Ernst 1996, 1997). Subsequent 

representational measurement theorists have worked out the preconditions for the metric 

representation of many qualitative measurement structures (e.g., extensive structures, 

difference structures, bisymmetry structures, conjoint structures; see Krantz et al., 1971; 

Roberts, 1979; Luce & Suppes, 1965). In the studies reported in this article, we used a well-

understood kind of measurement structure, called difference structure (Krantz et al., 1971; 

and earlier Alt, 1936; Block & Marschak, 1960; Debreu, 1958; Hölder, 1901; Luce & Suppes, 

1965; Suppes & Winet, 1955). Difference structures describe the preconditions of difference 

measurement, which is the basis of several indirect scaling methods including ODS (e.g., 

Junge & Reisenzein, 2014; Maloney & Yang, 2003). 

It should be noted, however, that our application of representational measurement 

theory differs significantly from its traditional use. In particular, following Westermann (1985, 

1994) and Maloney and Yang (2003), we take what can be called a deductive rather than an 

inductive approach to representational measurement, in the following sense: Classical 
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applications of representational measurement theory begin with a set of qualitative (ordinal) 

empirical relations among objects (e.g., pairwise comparisons of intensity differences). These 

data are examined to determine whether they fulfill the axioms of a relevant measurement 

structure (e.g., a difference structure). If they do, the representation theorem of the 

measurement structure licenses the mapping of this structure into a homomorphic (structure-

preserving) numerical representation. The actual measurement process—the assignment of 

numerical scale values to objects that represent the degrees of the measured attribute—is only 

performed in a subsequent step, often by applying a scaling algorithm (for illustrations of this 

approach using difference structures, see e.g., Orth, 1982; Schneider, 1982). 

Our approach reverses this order of inquiry. We begin with a set of proposed 

numerical measurements of the latent variable (in our case, the intensities of an emotion 

elicited by a set of objects), estimated by a probabilistic scaling model (in our case, ODS of 

graded difference judgments). The obtained scale values are then used to select cases suitable 

for testing the axioms of an appropriate measurement structure. In our case, we test whether 

the participants’ comparisons of intensity differences—which are assumed to be based on the 

estimated emotion intensities—are in agreement with the quadruple axiom. If the proposed 

numerical measurement is indeed metric, then objects with scale values that fulfill the 

antecedent (if-) condition of the quadruple axiom, should also fulfill its consequens (then) 

condition in the comparative judgments. In case of a positive outcome of the quadruple 

axiom test, we assume that the participants’ indirect scalings are metric and proceed to testing 

whether their direct emotion scalings of the same stimuli can be considered as linear 

transformations of their indirect scale values up to measurement error, and hence, are metric 

as well. 
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The second but related difference of our approach to representational measurement 

theory is that, different from the classical axiom tests but in agreement with more recent 

developments (e.g., Maloney & Yang, 2003; Karabatsos, 2005; Regenwetter, Dana, & Davis-

Stober, 2011), our axiom test—a modified version of a test proposed by Maloney and Yang 

(2003)—is based on an explicit error theory. This error theory is borrowed from the 

probabilistic scaling model used to scale the qualitative measurement structure (the GPCs), 

the ODS model (e.g., Boschman, 2001; Junge & Reisenzein, 2014). 

The test of the quadruple axiom and the associated test of the metricity of the direct 

scalings are explained in detail in the Method. For the time being, we would like to point out 

an important implication of our deductive approach to representational measurement: In 

contrast to classical representational measurement theory, we do not interpret the “empirical” 

measurement structures for which the axioms are meant to hold, as directly observable 

entities. Rather, we interpret them as latent structures. Put differently, we reinterpret the 

axioms of representational measurement theory as describing, not the actual performance of 

“metric” participants, but their competence—their ability to respond correctly to test cases of 

the axioms. This ability, however, manifests itself only imperfectly in behavior due to random 

judgment errors. 

Overview of the Studies 

To maximize the generalizability of any potential findings, members of three rather 

different emotion families were studied: Feelings of sensory pleasantness and disgust evoked 

by pictures (Study 1), feelings of surprise and amusement induced by solutions to quiz items 

(Study 2), and feelings of relief and disappointment caused by lottery outcomes (Study 3). 

Relief and disappointment are widely held to be “cognitive” emotions because they 

presuppose beliefs and desires about the eliciting events (see Ortony, Clore, & Collins, 1988; 

Reisenzein, 2009). In contrast, it has been argued that disgust—at least the subform of disgust 
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called “core disgust” by Rozin, Haidt, and McCauley (2008), which is elicited by objects 

such as spoiled food, body fluids, and maggots—is a “sensory” emotion because it is directly 

evoked by certain sensory features of the objects (Reisenzein, 2010; see also, Royzman & 

Sabini, 2001). Finally, (hedonically neutral) surprise, as well as amusement, can be regarded 

as “fringe” cognitive emotions: Surprise—the emotional reaction to unexpected events—

presupposes beliefs, but not desires (Reisenzein, Meyer, & Niepel, 2012), whereas 

amusement seems to require the appraisal of the eliciting objects as both unexpected and 

“funny” (e.g., Suls, 1972). 

In each study, we estimated emotion intensities from GPCs by means of ODS, used 

the obtained scale values to select test cases for the quadruple axiom, and checked whether 

the participant’s comparisons of intensity differences conformed to the axiom up to 

measurement error. In case of a positive answer, we proceeded to testing whether the 

participant’s direct intensity scalings of the same stimuli correlated linearly with the ODS 

scalings up to measurement error, and hence might also be metric. 

Study 1: Measuring the Intensity of Sensory Pleasantness and Disgust 

Method 

Participants. Participants were 37 students (6 males and 31 females) from different 

faculties of the University of Greifswald, with a mean age of 22.8 years (SD = 4.9), who 

responded to a posting on the student web forum of the University. The study was announced 

as an investigation of subjective reactions to pleasant and unpleasant pictures. Two additional 

participants had missing pair comparison data due to a technical glitch; these were excluded 

from the data analyses. 

Materials. Twelve pleasant and 12 disgusting pictures intended to elicit different 

intensities of sensory pleasantness and disgust were used as stimuli. The pleasant pictures 

showed e.g. a laughing child, a sunflower field and a panda bear; the disgusting pictures 
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showed e.g. a snake pit, a moldy piece of bread, and an overflowing ashtray. The pictures 

were 300 pixels wide and 360 pixels high and were presented on a 1280 * 1024 computer 

monitor. 

Procedure. For both the pleasant and disgusting pictures, the participants completed 

three scaling tasks. 

Direct scaling task I (Ratings). The first scaling task was the standard emotion rating. 

Half of the participants rated the pleasant pictures first and the other half the disgusting 

pictures. In each block, the pictures were separately presented in an individual random order 

on the computer monitor and the participants rated how pleasant (pleasant pictures) or 

disgusting (disgust pictures) they found the picture to be. Answers were given by moving an 

on-screen slider along a 100-point rating scale ranging from “0 = not at all pleasant 

[disgusting]” to “extremely pleasant [disgusting]”. To encourage finely graded ratings, the 

currently selected scale value was displayed in numerical format immediately above the 

midpoint of the scale. The rating task was programmed using the experiment generator 

software WEXTOR (Reips & Neuhaus, 2002). 

Indirect scaling task (Graded pair comparisons). Following the ratings, the 

participants completed a graded pair comparison task (e.g., Bechtel & O’Connor, 1969; 

Boschman, 2001; Junge & Reisenzein, 2014). GPCs are a variant of the classical pair 

comparison method (Thurstone, 1927; Torgerson, 1958). They differ from the classical pair 

comparison task in that participants judge not only which of the two stimuli in a pair 

dominates (is greater than) the other on the judgment dimension, but also how much the 

stimuli differ from each other, using an ordered category response scale. The participants 

judged all possible (12 * 11)/2 = 66 pairs of pleasant and all 66 pairs of disgusting pictures in 

two separate blocks, whose order was randomized. In each trial, the two compared pictures 

were presented side by side on the screen. The comparisons within each block were presented 
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in a different random order to each participant; furthermore, in half of the comparisons 

involving a picture, it was presented on the left side of the screen and in the other half, on the 

right side. For each pair, the participants indicated which picture was more pleasant 

(disgusting), and how much more. Answers were given on a bipolar 12-category response 

scale ranging from “The left picture is extremely more pleasant [disgusting] than the right” to 

“The right picture is extremely more pleasant [disgusting] than the left”. Intermediate scale 

points were labeled “very much more”, “much more”, “more”, “a little more”, and “just 

barely more”. An “equally intense” answer was disallowed to encourage participants to 

discriminate even small intensity differences (see Böckenholt, 2001). We assumed that if the 

participants could not detect a difference, their responses would be determined by guessing. 

The response scale was positioned below the pictures in such a way that its left half extended 

below the left picture and its right half below the right picture. The GPC task was 

programmed using DMDX (Forster & Forster, 2003). 

Direct scaling task II (Rank-rating). In the third part of the experiment, the 

participants performed another direct scaling task that combines elements of rating and 

ranking (e.g., Kim & O’Mahony, 1998). They received a set of small (4 cm * 4 cm) color 

prints of the pictures and were asked to place them on a table beside a 100 cm ruler according 

to the intensity of pleasantness (disgust) elicited by the pictures. The scaling task was again 

performed separately for the pleasant and disgusting pictures, with order randomized. 

Participants were encouraged to rearrange pictures until they were satisfied with the ordering.  

It may be noted that there is little emotional adaptation to pleasant and disgusting 

pictures across repeated representations, at least in the short run (e.g., Codispoti, Ferrari, & 

Bradley, 2006; Junge & Reisenzein, 2013, 2014). Therefore, we may assume that genuine 

feelings of pleasantness and disgust were evoked in all parts of the experiment. 
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Scaling of the graded pair comparisons. To derive emotion intensities from the 

GPCs, as well as to estimate the judgment error (both items are needed for the subsequent 

axiom tests), we fitted the ODS model (Agresti, 1992; Boschman, 2001; Junge & Reisenzein, 

2014) to the GPCs. ODS can be regarded as a descendant of the well-known Thurstonian 

scaling model (Thurstone, 1927; see Böckenholt, 2006) tailored to graded pair comparison 

judgments. In agreement with Thurstone (1927), the ODS model assumes that the graded 

responses are based on differences in latent scale values that are perturbed by random error. 

ODS is nonmetric because it assumes that the input data (the graded difference judgments) 

have an ordinal scale level only. The statistical model underlying ODS can be described by 

the following two equations: 

 
2

a,b b a= Ψ –  Ψ + ε, with ε ~ N(0,σ )   (1) 

 a,b j-1 a,b jθ θR = j  if     (2) 

 0 1 J-1 Jwith j = 1, , J and - θ θ θ θ = +       

Ψa and Ψb  {Ψ1, …, Ψn} are the scales values of the two stimuli a and b compared in 

a trial of the GPC task (in Study 1, the intensities of pleasantness or disgust evoked by the 

pictures), and Δa,b is the internal decision variable on which the overt response Ra,b is based. 

In addition, the ODS model contains 1, …, J-1 thresholds separating the response categories, 

which, like the scale values, must be estimated. Equation 1 assumes that the participant in a 

GPC task (implicitly) computes the difference between the scale values of the two presented 

stimuli, and that the judgment process—including the initial representation of the stimuli plus, 

in the case of emotional stimuli, the elicitation of feelings—is biased by independent random 

influences stemming from a normal distribution with constant variance σ
2
. Equation 2 implies 

that, if the judgment error were zero, the decision variable Δa,b (which in our case represents 

the perceived difference between the emotion intensities elicited by stimuli a and b would be 

mapped into category j of the response scale consisting of J ordered categories, whenever Δa,b 
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lies between the thresholds j-1 and j that mark the boundaries of j on the latent continuum. 

However, due to the presence of error, the wrong response category will occasionally be 

chosen, and this will happen more frequently, the closer the stimuli are on the judgment 

dimension. The aim of ODS is to estimate, from the observable responses Ra,b (the ordinal 

difference judgments), the latent scale values of the stimuli assumed to underlie these 

responses. 

As just described, the ODS model is a special version of the ordered (or cumulative) 

probit model (e.g., McKelvey & Zavoina, 1975; Greene & Hensher, 2010), that can be 

obtained in a straightforward manner by applying the ordered probit model to GPCs (Agresti, 

1992). More restrictive versions of the ODS model in which the threshold parameters are 

constrained to be symmetric around the middle of the scale have also been proposed 

(Boschman, 2001). The ODS model can be estimated using widely available software for 

maximum likelihood estimation of cumulative link models (e.g., Christensen, 2013). 

However, a technical difficulty that can arise in this context, particularly when the data are 

sparse, is the occurrence of complete or quasi-complete separation. Separation is present, 

roughly speaking, if a predictor or combination of predictors allows the perfect or near-

perfect prediction of the response (see e.g., Albert & Anderson, 1984; Allison, 2008; and 

specifically for the cumulative link model, Agresti, 2010; Kosmidis, 2014). In the case of 

separation, unique maximum likelihood estimates of the coefficients of the responsible 

predictor variables do not exist. Fortunately, a solution to this problem is available in the 

form of bias-reducing maximum likelihood estimation (Firth, 1993; see also, Kosmidis & 

Firth, 2009). Originally developed to reduce the bias inherent in standard maximum 

likelihood parameter estimates (Firth, 1993), bias-reducing estimation also provides an 

effective solution to the separation problem (Heinze & Schemper, 2002). For cumulative link 

models, the method has been implemented in the R function bpolr (Kosmidis, 2014).
1
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Test of the Quadruple Axiom. Our test of measurement axioms focused on the 

quadruple axiom, a central axiom of difference measurement structures (e.g., Block & 

Marschak, 1960; Debreu, 1958; Luce & Suppes, 1965; Suppes & Winet, 1955; see also Orth, 

1982; Petrusic, Baranski, & Kennedy, 1998).  

Difference structures and the quadruple axiom. Difference structures are appropriate 

if the qualitative measurement operation used for probing the existence of metric structure 

consists of the ordinal comparison (symbolized ≿) of differences  between pairs of objects 

(ab; cd) from a set of stimuli A. Hence, ≿ is defined on A  A and the (potential) difference 

structure is <A  A, ≿>. Difference comparisons can be directly made by participants (e.g., 

“Is the difference in pleasantness elicited by stimuli a and b greater or less than the difference 

in pleasantness elicited by c and d?”; Junge & Reisenzein, 2014; see also Maloney & Yang, 

2003; Schneider et al., 1974); but they can also be derived from GPCs (Roberts, 1979; Orth, 

1982; see below for more detail). We chose the second option in our studies because we had 

decided to use GPCs in the indirect scaling task. Compared to direct difference comparisons 

(quadruple judgments), GPCs are considerably more economical, apparently without 

information loss (Junge & Reisenzein, 2014). 

The axioms of difference structures <A  A, ≿> impose constraints on the relation ≿ 

which, if met, entail the existence of a metric representation of the difference structure. That 

is, they entail the existence of a real-valued function Ψ defined on the set A that is unique up 

to a linear transformation, such that (Krantz et al., 1971): 

 ab cd   if, and onlyif, (a) –  (b) (c) –  (d).      (3) 

Several different axiomatizations of difference structures have been proposed (e.g., 

Block & Marschak, 1960; Debreu, 1958; Krantz et al., 1971; Suppes & Winet, 1955; Luce & 

Suppes, 1965). The standard axiomatization today is considered to be that proposed by 
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Krantz et al. (1971); however, since the different axiomatizations are logically equivalent, the 

choice of a particular axiomatization is not crucial.  

Two of the axioms of difference structures (Solvability, and the Archimedean 

condition) are not empirically testable, but are needed to achieve the desired representation 

and are plausible as idealizing assumptions (see Krantz et al., 1971; Michell, 1990). Of the 

remaining, testable axioms of difference structures, two are central in the standard 

axiomatization (Krantz et al., 1971): (1) the weak ordering axiom, which requires that ≿ is a 

weak order (i.e., transitive and connected); and (2) the axiom of weak monotonicity or the 

sextuple condition.
2 

However, if the relation ≿ is derived from GPCs, as in our studies, the 

weak ordering axiom is necessarily fulfilled (Orth, 1982, p. 361).
3
 It can be argued, however, 

that this axiom—which requires that participants are able to consistently order the differences 

between stimuli—is most likely fulfilled if they are able to consistently order (up to random 

error) the original stimuli, which in turn is plausible for sensations and emotional feelings, 

provided that the intensity differences between adjacent stimuli are not too small.
4 

In fact, in 

discussions of the scale level of measurements of the intensity of sensations and emotions, 

the assumption that these measurements (even rating scales) have at least an ordinal scale 

level is usually taken for granted (e.g., O’Brien, 1985).
 

The weak monotonicity axiom is generally considered to be the central testable axiom 

of difference structures (Krantz et al., 1971). However, following Orth (1982) and Petrusic et 

al. (1998) we decided—partly to compensate for the non-testability of the weak ordering 

axiom with our data—to test a stronger axiom, the quadruple axiom, which replaces the weak 

monotonicity axiom in alternative axiomatizations of difference structures (e.g., Block & 

Marschak, 1960; Debreu, 1958; Luce & Suppes, 1965; Suppes & Winet, 1955). The 

quadruple axiom implies the weak monotonicity axiom, but not vice versa (see Block & 

Marschak, 1960; Debreu, 1958; Luce & Suppes, 1965).  
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As its name suggests, the quadruple axiom applies to sets of four stimuli (ab; cd), 

consisting of pairs ab and cd. The axiom claims that, for all quadruples of this kind for which 

a ≺ b, c ≺ d, and b ≺ d:
5 

 

 If ab  cd then ac bd.  (4) 

The quadruple axiom describes a necessary condition for the metric representation of 

difference structures, that is, it is implied by the assumption that a metric representation 

exists.
6 

 

Testing the quadruple axiom. To test the quadruple axiom, one selects pairs of 

quadruples (difference comparisons) (ab; cd) that fulfill the antecedent of the axiom (ab ≿ cd), 

and then checks, for each test case, whether the quadruple appearing in the axiom consequens 

(ac; bd) is correctly answered (ac ≿ bd). However, at this point a problem arises: Because the 

quadruple axiom (like all measurement axioms) is formulated deterministically, already a 

single violation of the axiom will disconfirm it. Rejecting the axiom if it is violated in at least 

a single case would however be acceptable only if the difference comparisons were error-free, 

because only then can an apparent axiom violation be taken at face value. In fact, however, 

human judgments are always contaminated by some amount of error. Therefore, a procedure 

is needed to decide whether an observed axiom violation reflects an underlying, systematic 

violation of the axiom, or is due to random judgment error. In classical applications of 

representational measurement theory, researchers used a “low error” decision rule; that is, it 

was assumed that an axiom is fulfilled if the number of observed axiom violations remains 

below some low cutoff value (e. g., 10% of the test cases; Orth, 1982). This method is 

acceptable as long as the observed axioms violations are very rare (e.g., Orth, 1982) but is no 

longer acceptable if they increase in frequency. One is not generally justified in assuming that 

in the case of, say, 20% or 30% observed axiom violations, the axiom is not fulfilled; it is 

also possible that the person obeys the axiom but makes many performance errors. In the case 
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of the quadruple axiom, such errors are likely if the compared differences are small and 

therefore difficult to discriminate (Eqs. 1 & 2). To decide whether an observed axiom 

violation is systematic in these cases, one needs to take the person’s actual level of random 

error into account, by constructing an appropriate statistical test. 

The problem of devising such a test has turned out to be difficult. However, during 

recent years, several solutions have been proposed (e.g., Karabatsos, 2005; Maloney & Yang, 

2003; Regenwetter et al., 2011; Tsai & Böckenholt, 2006). In our studies, we used a modified 

version of an axiom testing procedure proposed by Maloney and Yang (2003; see also 

Knoblauch & Maloney, 2008, 2012). This is a parametric bootstrap test specifically 

developed to test the axioms of difference structures scaled by a probabilistic difference 

scaling model (Maloney and Yang [2003] used Maximum Likelihood Difference Scaling, a 

scaling model tailored to directly obtained difference comparisons). Apart from applying the 

bootstrap test to the quadruple axiom, our adaptation of the Maloney-Yang procedure differs 

from the original in four respects: (a) The bootstrap test has been adjusted to take account of 

the fact that the difference comparisons are analytically derived from GPCs; (b) the scale 

values of the stimuli and the error variance are estimated from the GPCs using ODS; (c) 

percentage correct rather than the response likelihood (Maloney & Yang, 2003) is used as the 

index of axiom adherence; and (d) the cases (quadruples) used for testing the quadruple 

axiom are selected on the basis of the (differences between the) estimated scale values of the 

stimuli figuring in the quadruples, rather than the participant’s responses to the quadruples.
7
 

Of these differences, the first three are essentially technical. The first two result from 

the necessity to adapt the Maloney-Yang (2003) procedure to our kind of data (GPCs) and the 

associated scaling model (ODS), and the third is motivated by the desire to use the 

conventional index of axiom adherence.
8 

In contrast, the last difference, which also 

constitutes (another) significant departure from the classical approach to testing measurement 
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axioms (e.g., Orth, 1982; Schneider et al., 1974), is substantive. The reasoning behind this 

aspect of our axiom test is as follows: (1) The stimulus properties on which participants base 

their qualitative judgments (ab ≿ cd) are, ultimately, the emotion intensities elicited by the 

stimuli (see Eqs. 1 & 2). (2) The best available estimates of these quantities are the scale 

values Ψa, Ψb, Ψc, Ψd delivered by the scaling program, as these are estimated from the 

complete set of GPC judgments. (3) Correspondingly, the best available prediction that the 

antecedent of the quadruple axiom ab ≿ cd is fulfilled by a quadruple of stimuli, i.e. that the 

participant perceives or believes that ab is greater than (or equal to) cd, is to assume that this 

is the case if ab is in fact greater than (or equal to) cd; that is, if Ψb  Ψa ≥ Ψd  Ψc. In any 

case, this is a much better estimate of the participant’s beliefs about the relation between the 

stimuli than his or her overt judgment that ab ≿ cd, as this judgment is usually only made 

once in a difference judgment experiment and is therefore contaminated by (potentially large) 

error: The emotion intensities elicited by the stimuli in the trial when the judgment is made 

can deviate from their modal value, their intensities can be over- or underestimated, errors 

may occur when computing the differences between them etc. 

In detail, our bootstrap test for the quadruple axiom comprises the following steps. 

1. The scale values of the stimuli Ψ1, …, Ψn for a given participant (the intensities of 

emotion elicited by the stimuli) are estimated from the GPCs using ODS. 

2. The estimated scale values are used to identify all quadruples of stimuli that fulfill 

the antecedent of the quadruple axiom on the latent scale level. These are the test cases for 

the axiom. 

Two specifications are made at this point. First, because scale values are estimated to 

seven decimal places by the ODS program, differences between them are in practice never 

identical, even if they are subjectively indiscriminable. However, there is much evidence that 

people are insensitive to small differences (e.g., Böckenholt, 2001; Falmagne, 1985; Luce, 
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1994). To take account of this fact, we introduced a (conservative) threshold of 

discriminability of 0.1 units of the ODS scale, corresponding to about 2% of the typical 

subject’s scale range. Second, subjectively discriminable but small differences between 

intervals (that could be detected in direct difference comparisons) cannot reveal themselves in 

the GPC task because of the limited resolution of the GPC response scale. To account for this 

procedural limitation, we (following Orth, 1982) only included those pairs of stimuli in the 

test of the quadruple axiom whose (absolute) scale value differences exceeded the threshold. 

Hence, we tested a slightly weakened version of the quadruple axiom. 

3. The estimated scale values Ψ1, …, Ψn and the error variance of the difference 

judgments σ
2
, are plugged into the ODS model (Equations 1 and 2) and a set of GPC 

responses to the n * (n-1)/2 stimulus pairs is simulated. Next, the simulated GPCs are 

expanded into quadruple comparisons by assuming (see Roberts, 1979, p. 135; Orth, 1982) 

that, for all quadruples (ab; cd), ab ≻ cd (i.e., the intensity difference between a and b is 

judged as greater than the difference between c and d) if the rank of GPC(a, b) is greater than 

the rank of GPC(c, d). Responses are coded as 1 if ab ≻ cd and as 0 if ab ≺ cd; if ab ≈ cd (i.e., 

if the two GPC judgments are equal, which can occur because of the limited resolution of the 

GPC response scale), they are randomly assigned to the “1” or “0” category. 

4. Using the derived quadruple comparisons, simulated responses to the consequens 

of the quadruple axiom (ac; bd) are created for the test cases of the axiom selected in step 1. 

For each quadruple, this simulation corresponds to a Bernoulli experiment in which response 

1 is generated with a probability π that depends on the scale values of the stimuli and σ
2
. 

Whereas the error variance is assumed to be constant (Eq. 1), the scale values of the stimuli, 

and hence the response probability π, can differ for each quadruple. The simulated responses 

reflect the responses of an “ideal observer” (Maloney & Yang, 2003) to the test cases of the 

quadruple axiom, i.e. a hypothetical twin of the participant who responds to each pair in a 
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quadruple (in the underlying GPC task) according to the ODS model, with the scale values 

and error variance estimated for the participant. 

5. The responses of the ideal observer to the test cases for the quadruple axiom are 

summarized in a performance index. We used percent correct (= 100 – percent of axiom 

violations), the classical index used in tests of measurement axioms. 

6. Steps 3-5 are repeated numerous times (we used 10000 replications) and the 

performance index obtained in each simulation run is accumulated into a bootstrap 

distribution. This distribution reflects the variability of the responses of the “ideal observer” 

responding repeatedly to the axiom test cases. 

7. The percentage of correct responses actually attained by the participant is compared 

to the bootstrap distribution. If the obtained percentage of correct responses is improbable 

relative to this distribution (p < .05), we conclude that the participant systematically violates 

the quadruple axiom. Otherwise, we conclude that the null hypothesis—the participant 

responded in accordance with the quadruple axiom—can be retained. 

Note that the described parametric bootstrap test takes account of the fact that the 

GPC-derived quadruple comparisons are not independent (because the same GPC judgment 

of a stimulus pair ab is used again in every derived quadruple containing this pair). This 

dependency is taken into account by reusing (in step 4), the same derived response to a 

quadruple (ac, bd) in all occurrences of this quadruple in the axiom test cases (step 3). 

Although we did not systematically study the power of the bootstrap test, the fact that several 

hundred test cases for the quadruple axiom are obtained even with moderate numbers of 

stimuli (see studies 1 and 2) suggests that its power is high and hence, that small deviations 

from metricity can be detected.
 

Testing the metricity of the direct scalings. If we accept that the ODS scale values 

of those participants who pass the quadruple test are metric (interval) scales, it becomes 
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possible to test whether their direct scalings (the rating, rank-ranking, and the combined scale 

formed by taking the mean of the two judgments) are metric as well. The logic of this test, 

which was inspired by a related (but nonstatistical) test proposed by Orth (1982), is as 

follows: If the emotion intensities estimated via ODS are interval-scaled, then any other 

error-free interval-scale measurement of the emotion intensities evoked by these stimuli is a 

linear transformation of the ODS values and hence its linear (Pearson) correlation to the ODS 

scalings is 1. The direct scalings, of course, are not error-free; therefore, their correlation to 

the ODS scalings could not be perfect even if they were reports of the same latent emotion 

intensities that are estimated by ODS. Hence, the question is: Do the direct scalings correlate 

highly enough with the indirect scalings to be regarded as error-perturbed realizations of the 

ODS scale values? 

To answer this question, we constructed another bootstrap test. 

1. For each participant (as well as each emotion, and each kind of direct scaling), 

10000 sets of direct scalings of the emotional stimuli are generated from the ODS scale 

values, by perturbing them with error corresponding to that of the direct scaling. This 

simulates a hypothetical twin of the participant who operates with the ODS scale values when 

making direct scalings, but is subject to random performance errors corresponding to the 

participant’s error level. To be able to run this simulation, we assume, following Thurstone 

(1927), that the perceived (and reported) emotion intensity in each trial of the simulated 

direct scaling task is drawn from an independent normal distribution with a mean 

corresponding to the ODS scale value of the judged stimulus, and constant variance σ
2

er. This 

assumption is compatible with the ODS model and has in fact been used to motivate that 

model (Boschman, 2001). The error variance σ
2

er is estimated from the reliabilities of the 

direct scalings as σ
2

er = σ
2

ods (1- rxx) (see e.g., Guilford, 1954), where σ
2

ods is the variance of 

the ODS scale values, and rxx is the reliability of the direct scalings reported in Table 1 (i.e., 
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the correlation between the ratings and rank-ratings for the single scales, and Cronbach’s α 

for the combined scale). 

2. Each simulated set of direct scalings is linearly correlated with the ODS scale 

values (which are considered as error-free in this simulation
9
) and the resulting correlations 

(the standardized slopes of the linear regression) are accumulated into a bootstrap distribution. 

This distribution reflects the variability of the linear relation between the direct and ODS 

scalings that is to be expected if the participant operates with the ODS scale values in the 

direct scaling task with an error corresponding to his direct scaling error. 

3. The bootstrap distribution is compared to the actually obtained correlation between 

the direct and ODS scalings. If the empirical correlation cuts off less than .05 of the bootstrap 

distribution, the null hypothesis that the direct scalings are linearly transformed, error-

perturbed manifestations of the latent ODS scale values, and hence are also interval 

measurements, is rejected; otherwise, it is (provisionally) retained. 

Note that the proposed test of the metricity of the direct scalings is restricted to 

participants who passed the preceding test of the quadruple axiom, because only these can be 

taken to have metric ODS scale values. In contrast to the test of the quadruple axiom, the test 

statistic used in the test for the metricity of the ratings is based on only few cases (the number 

of stimuli, 9-15 in our studies), and the test is therefore expected to have low power.  

Therefore, we use this test mainly to detect participants who violate metricity in their direct 

scalings. 

Results 

Intensity range of pleasantness and disgust. The direct scalings of the pleasant and 

disgusting pictures (we report the mean of the ratings and rank-ratings) suggested that the 

emotions evoked by the pictures spanned a reasonable range of intensity, although the range 

of disgust (29.8 to 79.9, M = 55.9, SD = 28.7) was somewhat greater than that of pleasantness 
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(56.3 to 84.7, M = 69.2, SD = 22.8). Furthermore, there were large interindividual differences 

in how pleasant and disgusting the pictures were rated, supporting the proposal to use 

individual-level analysis in emotion research when possible (Junge & Reisenzein, 2013). 

Reliabilities of the indirect and direct scalings. The reliabilities of the indirect and 

direct scalings were separately estimated for each participant. The reliabilities of the indirect 

scalings (ODS) were estimated with a parametric bootstrap procedure: The ODS model with 

the estimated scale values and error variance σ
2
 was used to generate 100 bootstrap samples 

of the 66 GPCs, these were subjected to ODS, and the median intercorrelation of the resulting 

scale values was used as the reliability estimate. As can be seen from Table 1, the reliabilities 

of the ODS scalings were high for most participants (M = .95 for pleasantness and .96 for 

disgust). 

As the estimate of the reliability of the two direct scalings (the rating and rank-rating), 

we used their correlation, based on the assumption that the two were sufficiently similar to be 

regarded as parallel measures. The obtained average reliabilities (M = .73 for pleasantness 

and M = .75 for disgust) were similar to the retest reliabilities of direct ratings of disgust 

obtained in a previous study (.76; Junge & Reisenzein, 2013, Study 2). We also created a 

combined scale by taking the mean of the rating and rank-rating. The reliability of this scale 

(Cronbach’s alpha) was M = .77 for pleasantness and M = .81 for disgust. As expected, and in 

line with Junge and Reisenzein (2013, 2014), the reliabilities of the indirect scalings (ODS) 

were much higher than those of the direct scalings. 

Test of the quadruple axiom for the indirect scalings. Using the threshold of 0.1 

ODS scale units to select subjectively discriminable stimulus pairs (see Method), we obtained 

between 178 and 786 test cases (quadruples) for the quadruple axiom per participant for the 

pleasantness scalings (M = 427.6, SD = 143.3), and between 122 and 608 quadruples for the 

disgust scalings (M = 292.1, SD = 127.6). Using these axiom test cases, the bootstrap test 
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described in the Method was carried out separately for each participant. The conventional 

significance level of α = .05 was used to decide if the participant failed the test. 

Figure 1 shows the bootstrap distribution of the percentage of correct responses to the 

test cases of the quadruple axiom test for two participants, one who passed the test, and the 

other who failed the test. The results for the complete sample are summarized in Table 2. 36 

of the 37 participants (97%) passed the test of the quadruple axiom for pleasantness and 33 

for disgust. However, three of the latter participants had relative frequencies of correct 

responses below 50%. These participants were reclassified as not conforming to the axiom, 

leaving 30 of 37 (81%) who passed the axiom test for disgust (Table 2). Furthermore, nearly 

all participants (29 of 30) who passed the quadruple axiom test for disgust also passed the test 

for pleasantness. 

The average percentage of correct responses given to the test cases of the quadruple 

axiom was M = 68% (SD = 10%) for pleasantness and M = 62% (SD = 12%) for disgust. 

Using traditional cutoff values to decide on axiom conformity (e.g., 90% correct; Orth, 1982), 

one would have to conclude that the majority of the participants did not conform to the 

quadruple axiom. However, the bootstrap test reveals that this conclusion is in most cases 

unwarranted, as the observed axiom violations can still be explained by performance errors. 

It is also instructive to look at the percentage of correct responses given to the 

antecedent of the quadruple axiom (rather than its consequens, as done so far). Because the 

same set of quadruples appears in antecedent and consequens of the quadruple axiom (see 

Footnote 5), this percentage is in fact identical to the percentage of correct responses to the 

consequens, i.e.  M = 68% for pleasantness and M = 62% for disgust. What this means, 

however, is that the traditional way of testing the quadruple axiom, by selecting test cases 

according to the participant’s responses to the axiom’s antecedent, would have resulted in 

numerous wrongly selected items. In accord with this reasoning, the percentage of correct 
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responses was markedly lower if the test cases were selected on the basis of the participant’s 

responses to the antecedent, M = 59% (SD = 14%) for pleasantness, and M = 52% (SD = 

16%) for disgust. In fact, in the case of disgust, performance dropped essentially to chance 

level. 

Test of metricity of the direct scalings. As mentioned in the Method, the test of 

metricity of the direct scalings is restricted to participants who passed the test of the 

quadruple axiom, because only these can be taken to have metric ODS scale values. Hence, 

this test is not suited to identify participants able to give metric ratings but unable to provide 

metric ODS scalings. However, this restriction is not very serious in our case because the 

maximum possible number of these participants was small (1 for pleasantness and 7 for 

disgust). Furthermore, given the higher difficulty level of the direct ratings, we would argue 

that it is unlikely that a person who fails the quadruple test is able to give metric ratings. The 

most optimistic assumption is probably that the proportion of participants able to make metric 

ratings is the same among those who fail and those who pass the quadruple axiom test. 

The results of the metricity test for the direct scalings are summarized in Table 3. As 

reported, 36 participants had passed the test of the quadruple axiom for the ODS pleasantness 

scalings. The mean correlations between these participants’ ODS scalings and their ratings, 

rank-ratings and the combined scale were .78 (SD = .13), .87 (SD = .11) and .89 (SD = .09). 

16 (44%) of these participants also passed the metricity test for the direct pleasantness ratings, 

27 (75%) for the rank-ratings, and 25 (69%) for the combined scale. 

30 participants had passed the quadruple axiom test for the indirect disgust scalings. 

The mean correlations between these participants’ ODS scalings and their ratings, rank-

ratings and the combined scale were .77 (SD = .16), .86 (SD = .14) and .87 (SD = .11). 7 

(23%) of these participants also passed the metricity test for the direct disgust ratings, 17 

(57%) for the rank-ratings, and 14 (47%) for the combined scale. 
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Discussion 

Replicating previous findings (Junge & Reisenzein, 2013, 2014), the indirect scaling 

method yielded more reliable measurements of emotion intensity than the direct scalings. The 

results of the quadruple axiom test suggest that the indirect scalings of most participants 

(97% for pleasantness and 81% for disgust) can be regarded as metric (interval) 

measurements of emotion intensity. A subset of the participants with metric ODS scale values 

also passed the metricity test for the direct scalings. The number of these participants was 

markedly higher for the rank-ratings than for the simple ratings: On average, across 

pleasantness and disgust, 66% of the participants passed the metricity test for the rank-ratings 

(59% if one assumes that those who failed the quadruple test are unable to give metric 

ratings), but only 33% (31%) for the simple ratings typically used in emotion research. (The 

combined scale profited mainly from the inclusion of the rank-ratings). The advantage of the 

rank-rating method could have been due to two factors: (a) its combination of elements of 

rating and ranking facilitates metric intensity judgments; (b) it profited from having been 

applied last, after the direct ratings and GPCs. It is not possible to disentangle these factors in 

the present study. 

Given the low power of the metricity test for the direct scalings, we refrain from 

concluding that the participants who passed this test are indeed able to give metric intensity 

ratings. However, the test allows us to conclude that about 70% of our participants were 

unable to provide metric ratings, and about 35% were unable to provide metric rank-ratings. 

Study 2: Measuring the Intensity of Surprise and Amusement 

Method 

Participants. Participants were 34 students (33 female and one male), with a mean 

age of 22.5 years (SD = 4.5). The study was announced as an investigation of the subjective 

experiences associated with answering quiz items. 
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Materials. The quiz items were taken from a pool of 120 items that had been 

previously compiled from quiz books, almanacs, the internet, and other sources with the aim 

of obtaining quiz items that elicit different intensities of surprise and amusement. For the 

present study, 15 surprise-eliciting and 15 amusing items that spanned the intensity range 

from low to high were selected. The items were presented using DMDX (Forster & Forster, 

2003). The surprise items were formulated as questions together with the correct (according 

to our sources) answers, such as “How many trees have to be cut down for a Sunday New 

York Times? 63.000”. The amusement items were formulated as statements, e.g. “Graham 

Bell, the inventor of the telephone, could never phone his wife or mother, because both were 

deaf”. 

Procedure. The procedure was similar to that of Study 1. Each participant completed 

four scaling tasks in this order: surprise ratings, surprise GPCs, amusement ratings, and 

amusement GPCs. 

Direct scaling task. In the rating task, the 15 surprise and 15 amusement items were 

presented in random order to the participants, who rated the intensity of surprise (amusement) 

elicited by the items on 11-point rating scales ranging from “0 = not at all surprised 

[amused]” to “10 = extremely surprised [amused]”. Responses were entered by pressing 

labeled keys (0-10) on the keyboard. 

Indirect scaling task. The (15 * 14)/2 = 105 possible pairs of the surprise and 

amusement items were presented to each participant in an individual random order. In each 

trial, two text boxes displaying the items were shown side by side on the screen. The location 

of the items (left or right) was counterbalanced across trials. The participants were asked to 

indicate which of the two items was more surprising (amusing), and how much more 

surprising (amusing) it was. Answers were given on a 12-point bipolar category rating scale 

placed below the text boxes, ranging from “the left item is extremely more surprising 
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[amusing]” to “the right item is extremely more surprising [amusing]”. Intermediate scale 

points were labeled “very much more”, “much more”, “more”, “a little more”, and “just 

barely more”. An “equally intense” answer was disallowed for reasons given in Study 1. 

Results 

Intensity range of surprise and amusement. The mean ratings of surprise intensity 

for the 15 surprise items ranged from a low of 0.12 to a high of 8.26 (M = 4.92; SD = 3.54). 

The mean ratings of amusement intensity for the 15 amusement items ranged from 0.38 to 

7.21 (M = 3.86, SD = 3.22). 

Reliabilities of the indirect and direct scalings. The reliabilities of the ODS scalings 

were estimated as in Study 1 and were found to be similarly high as in Study 1 (see Table 1). 

Different from Study 1, the reliabilities of the direct scalings could not be estimated via re-

test correlation because the participants made the ratings only once. However, a lower bound 

of these reliabilities is available in the form of the correlations of the ratings to the ODS 

scalings, which were on average .84 for surprise and .83 for amusement (Table 1). This 

suggests that the reliabilities of the ratings were at least as high as in Study 1. 

Test of the quadruple axiom for the indirect scalings. Using the threshold of 0.1 

units on the ODS scale to identify subjectively discriminable intensity intervals, we obtained 

between 344 and 1868 cases suited for testing the quadruple axiom for the ODS surprise 

scalings (M = 1022, SD = 408.7), and between 394 and 1620 quadruples for the ODS 

amusement scalings (M = 857.4, SD = 324.5). As in Study 1, participants were classified as 

conforming to the quadruple axiom if they passed the bootstrap test and the frequency of 

correct responses was above 50%. Again the significance level of α = .05 was adopted and 

10000 bootstrap simulations were run. The results are shown in Table 2. 

30 (88%) of the 34 participants passed the test of the quadruple axiom for surprise, 24 

(71%) for amusement, and 21 (62%) for both emotions. On average, these participants 
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responded correctly to M = 65% (SD = 10%) of the test quadruples for surprise and to M = 

61% (SD = 11%) for amusement. As in Study 1, the percentage of correct responses was 

considerably lower, M = 56% (SD = 13%) for surprise and M = 52% (SD = 14%) for 

amusement, if the test cases were selected on the basis of the participant’s responses to the 

antecedent of the quadruple axiom; in fact, in this case performance approached chance for 

both emotions. 

Test of metricity of the direct scalings. The metricity of the direct scalings of 

surprise and amusement was again examined using the bootstrap test described in Study 1. 

Because individual reliability estimates for the ratings were not available in Study 2, we 

assumed that these reliabilities were (a) identical for all participants and (b) equal to the 

lower bound of the reliability suggested by the average correlation of the ratings to the ODS 

scalings (Table 1), i.e. rxx = .84 for surprise and .83 for amusement. As in Study 1, the 

metricity test was performed only for participants who had passed the preceding test of the 

quadruple axiom (30 for surprise and 24 for amusement). The mean correlation of these 

participants’ ODS scale values to their ratings was M = .84 (SD = .07) for surprise and M 

= .84 (SD = .13) for amusement. As shown in Table 3, 12 of these participants (40%) passed 

the bootstrap test for the surprise ratings and 13 (54%) for the amusement ratings. Eight 

participants (38%) passed the tests for both ratings. 

Discussion 

Pooled across emotions, a slightly smaller percentage of the participants (80%) passed 

the test of the quadruple axiom in Study 2 than in Study 1 (90%). One might be tempted to 

attribute this difference to a greater power of the bootstrap test in Study 2, as the number of 

quadruples available for testing the axiom was on average 2.6 times larger than in Study 1. 

However, note that the lower frequency of axiom-conforming participants concerned mainly 
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amusement (71%); the results for surprise (88%) were even slightly better than those for 

disgust obtained in Study 1 (81%). 

From 40% (surprise) to 54% (amusement) of the participants who passed the test of 

the quadruple axiom also passed the metricity test for the ratings. These numbers drop to 35% 

and 24%, respectively, if one assumes that participants who failed the quadruple axiom test 

are unable to give metric ratings. Recall also that the reliability estimate used in the metricity 

test in Study 2 is a lower bound, meaning that the test was too liberal. Given this caveat and 

considering the limited power of the metricity test, it would be unwise to conclude that the 

participants who passed the test were able to give metric ratings. What we can conclude, 

however, is that from 46% (amusement) to 60% (surprise) of the participants were unable to 

provide metric ratings. 

Study 3: Measuring the Intensity of Relief and Disappointment 

In Study 3, we studied the metricity of indirect and direct scalings of relief and 

disappointment caused by lottery outcomes. The data used in this analysis were collected by 

Junge and Reisenzein (2013, Study 1). Details of the method and design of the study are 

reported there. Here, we only summarize the main points. 

Method 

Participants. Participants were 39 students (6 males and 33 females) with a mean age 

of 22.3 years (SD = 4.8). The study was described as dealing with the subjective experience 

of gambling. 

Design and materials. Relief and disappointment were induced using a lottery 

paradigm similar to that of Mellers, Schwartz, Ho, and Ritov (1997). Participants were 

presented with a set of wheels of fortune programmed with FLASH. In each trial, they could 

win or lose a small amount of money (-2, -.50, -.10, .10, .50, or 2€), indicated by a coin 

symbol at the center of the wheel, ostensibly with a probability corresponding to the size of 
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the gain sector (green) or the loss sector (red) of the wheel (.05, .50, .75). Actually, the 

outcomes were determined by the experimental design. Interest focused on 18 lotteries with 

zero outcomes, as these are occasions where relief (avoiding a possible loss) and 

disappointment (missing a possible gain) were primarily expected to occur. These lotteries 

were presented twice to increase the reliability of the direct ratings. To keep up the 

appearance of a real lottery, we also included 15 trials with nonzero outcomes. 

Procedure. The procedure was similar to that used in studies 1 and 2. 

Direct scaling task. The participants first played the 51 lotteries in random order. In 

each trial, they were first asked to consider their chances of winning or losing and then to set 

the wheel in motion by pressing the “start” button. The wheel spun for about seven seconds 

before stopping in the gain, loss, or null (zero outcome) sector, as determined by the 

experimental design. Subsequently, the participants indicated how disappointed and relieved 

they felt about the outcome by moving sliders along 0-100 rating scales ranging from “0 = 

not at all disappointed [relieved]” to “100 = extremely disappointed [relieved]”. 

Indirect scaling task. Following the ratings, the participants were presented with all 

possible pairings of the zero-outcome lotteries from the first part of the experiment, 

separately for avoided losses (relief) and missed gains (disappointment). The 36 lottery pairs 

of each type where presented in an individual random order. Half of the participants judged 

the relief lotteries first and the other half, the disappointment lotteries. In each trial, the two 

money wheels were shown side by side on the screen, with location counterbalanced. 

Participants were asked to imagine that they again participated in the lottery for real. They 

were asked to spin the left money wheel, wait until it stopped, and then do the same for the 

right wheel. Subsequently, they indicated which of the two outcomes would have caused 

stronger relief (disappointment) if they had played for real money, and how much more. 

Answers were given on a 12-point bipolar category rating scale ranging from “the left 
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outcome is extremely more relieving [disappointing]” to “the right outcome is extremely 

more relieving [disappointing]”. Intermediate scale points were labeled as in studies 1 and 2. 

Results 

Intensity range of relief and disappointment. To increase the reliability of the direct 

scaling, the two ratings of each lottery made in the first part of the study were averaged. On 

the combined scale, the mean intensity of relief evoked by the different zero-outcome 

lotteries ranged from 20.14 to 68.77 (M = 43.59, SD = 27.57). The mean disappointment 

ratings ranged from 16.31 to 60.95 (M = 35.15, SD = 26.59). 

Reliabilities of the indirect and direct scalings. As can be seen from Table 1, both 

the reliability of the ODS scalings and the reliability of the combined rating scale 

(Cronbach’s α) were on average lower than in studies 1 and 2. This may have been due to the 

smaller number of stimuli scaled in this study (9 for disappointment and 9 for relief) and the 

ensuing, higher instability of the reliability estimates. Again, the reliabilities of the direct 

ratings were much lower than those of the indirect scalings. Note that the reliabilities of the 

ratings are also lower than those reported in Junge and Reisenzein (2013) because we only 

included the ratings of nonzero outcomes into the present reliability computations. 

Test of the quadruple axiom for the indirect scalings. Because of the complexity of 

the lottery comparison task, only 9 stimuli per emotion were ODS-scaled in Study 3. As a 

consequence, the number of quadruples available for testing the quadruple axiom was much 

smaller than in the first two studies: For relief, we obtained between 20 and 150 test cases per 

participant (M = 65.9, SD = 31.7) and for disappointment, between 28 and 142 (M = 77.3, SD 

= 31.1). These are only 20% of the test cases available in Study 1 and 8% of those available 

in Study 2. The same difference discrimination threshold as in Studies 1 and 2 (0.1 units of 

the ODS scale) and the same significance level (α = .05) was used. The results are shown in 

Table 2. 
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All 39 participants passed the test of the quadruple axiom for relief, but 10 had < 50% 

correct responses and were therefore reclassified as having failed the test, leaving 29 (74%) 

who passed the test. 38 of the 39 participants (97%) passed the quadruple test for 

disappointment, and 29 (74%) for both relief and disappointment. The relative frequency of 

correct responses of those participants who passed the test, was on average M = 59% (SD = 

14%) for relief and M = 67% (SD = 10%) for disappointment. Similar to studies 1 and 2, 

percent correct dropped nearly to chance level if the test cases were selected according to the 

participant’s responses to the antecedent of the quadruple axiom. 

Test of metricity of the direct scalings. For relief, 11 (38%) of the 29 participants 

with metric ODS scale values also passed the metricity test for the direct scaling. These 

participants had a mean correlation of M = .71 (SD = .26) between the ODS scale values and 

the ratings. For disappointment, 17 (45%) of the 38 participants with metric ODS scale values 

passed the metricity test for the direct scaling. The mean correlation of their ratings to the 

ODS scaling was M = .68 (SD = .38). Seven participants passed the metricity tests for both 

the relief and disappointment rating. 

Discussion 

Like studies 1 and 2, Study 3 found that graded pair comparisons yielded metric ODS 

scale values for most participants. In contrast, from 55% (disappointment) to 62 % (relief) 

failed the test of metricity of the direct ratings.  

General Discussion 

Three studies investigated the scale level of indirect and direct scalings of the 

intensity of sensory pleasantness and disgust (Study 1), surprise and amusement (Study 2) 

and relief and disappointment (Study 3). In each study, we first examined the metricity of the 

indirect (ODS) scalings, by testing whether the participants’ difference judgments, on which 

the scalings were based, fulfilled the quadruple axiom, a central axiom of difference 
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measurement. For participants who passed this test, we could examine the metricity of their 

direct scalings, by testing whether they correlated linearly with their indirect scalings up to 

measurement error. The results of the three studies were largely consistent and can be 

summarized as follows. 

1. The indirect (ODS) scalings of emotion intensity yielded metric (interval) scales for 

most participants for all six emotions studied, ranging from 71% (amusement, Study 2) to 

97% (pleasantness in Study 1 and disappointment in Study 3). Given the large number of 

quadruples used in the test of the quadruple axiom in Study 1 (on average about 350) and 

Study 2 (about 900), we have confidence in these results; however, the fact that similar 

results were obtained in Study 3 with on average just 70 test cases suggest that the quadruple 

test performs well even with a smaller number of test cases. This question needs to be studied 

more systematically in future research. 

2. Direct ratings of emotion intensity were found to be nonmetric for the majority of 

the participants with the exception of surprise in Study 2 (54%). Across studies/emotions, the 

average percentage of participants who failed the metricity test for single ratings was 59% 

(65% if one assumes that participants who failed the quadruple axiom test are unable to give 

metric ratings). As mentioned, this is probably an underestimation because of the low power 

of the metricity test. With this caveat in mind, the finding that part of the participants came at 

least somewhat close to metric ratings is reassuring. Perhaps this finding can be taken to 

suggest an interindividual-differences specification of the hypothesis (e.g., Krantz et al., 

1971) that ratings are in between the ordinal and interval scale level (at least for the case of 

emotion measurement): Some participants seem to be able to give metric ratings, whereas the 

rest is not. Supporting this hypothesis, the participants’ performance at the quadruple axiom 

test for the two emotions investigated in each study correlated significantly (.47 in Study 

1, .64 in Study 2 and .37 in Study 3).  
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If one accepts the premises of our metricity tests, the lead question of this article—do 

we have metric scales for emotion measurement—can thus be answered affirmatively for 

most participants, provided that an indirect measurement method (ODS scalings of GPCs) is 

used. In contrast, for direct intensity ratings, the lead question has a negative answer for the 

majority of the participants, although the finding that a minority passed the metricity test 

remains noteworthy. 

Implications for Emotion Research 

A direct implication of the finding that indirect scalings of emotion intensity have not 

only a high reliability but also seem to attain a metric scale level is that it is possible to 

empirically test quantitative emotion theories using indirect (ODS) scalings of emotion 

intensity. This conclusion is supported by our previous finding that, compared to direct 

ratings, indirect scalings of the intensity of relief and disappointment, as well as disgust 

(Junge & Reisenzein, 2013, Study 2), yielded substantially improved fits to quantitative 

models of these emotions. The present findings suggest that this improvement was partly due 

to the attainment of a metric (or close to metric) scale level, in addition to the reduction of 

random error. Because of their higher scale level and greater precision, indirect emotion 

intensity measurements invite the testing of emotion theories on the individual level (Junge & 

Reisenzein, 2013). Because most psychological theories are formulated on the individual 

level, this is where they should ideally be tested. 

The improved precision and metric scale level of indirect measurements of emotion 

intensity also recommend these methods for investigating other questions of emotion 

psychology where increased measurement precision is crucial. For example, indirect scalings 

could provide an improved methodology for answering the contested question of the relation 

of emotional experiences to physiological (e.g., Mauss & Robinson, 2009) and expressive 

reactions (Reisenzein, Studtmann, & Horstmann, 2013). A frequently proposed explanation 
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for the, typically weak, correlations that have been obtained in this research attributes them to 

the lack of precision and other biases of measurements of emotional experience (e.g., 

Rosenberg & Ekman, 1994). This critique, however, targets the commonly used, direct 

ratings of emotional experience. Indirect scaling methods avoid at least part of these 

criticisms. Because of their superior measurement qualities, indirect scalings of emotion 

intensity can also be recommended for the investigation of correlations between subjective 

emotional experiences and brain states (e.g., Wager et al., 2013). 

The test of the quadruple axiom used in our studies is easy to apply and requires no 

data apart from the GPCs needed for the indirect scalings. Still, if our finding that 80-90% of 

the participants pass the quadruple axiom test is replicated for other emotions and other 

samples, it may not be necessary to apply the test to every new case of indirect emotion 

measurement, at least if the focus of the data analysis is on group results. Furthermore, even 

participants who fail the test of the quadruple axiom may approximate metricity to a smaller 

or larger degree. This consideration suggests that, in addition to the statistical tests of 

metricity foregrounded in our article, a quantitative fit index that expresses a participant’s 

“closeness to the metric scale level” would be useful. The simplest index is the percentage of 

correct responses in the axiom test, but the maximum possible performance given the 

participant’s error level, should also be taken into account. As shown in Table 2, the 

performance of the participants who passed the quadruple test was on average very close to 

the mean performance of the ideal observer; however, there were substantial interindividual 

differences in this regard. 

Extensions 

Junge and Reisenzein (2014) found that ODS scalings of GPCs of emotional stimuli 

yields similar scale values as the MLDS scaling (Maloney & Yang, 2003) of directly 

collected quadruple judgments. They also found that the scaling of GPC-derived quadruple 
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comparisons with MLDS yielded nearly identical scale values as the, theoretically more 

appropriate, ODS scaling of the GPCs. In addition, Junge and Reisenzein (2013) found that 

scaling GPCs using an additive functional measurement model (AFM; Anderson, 1970) 

yielded similar scale values to those obtained with MLDS. Hence, different kinds of 

difference measurement methods yield similar results (scale values). Given these findings, it 

seems likely that the emotion intensities estimated with the other difference scaling methods 

mentioned will also pass test of the quadruple axiom. 

Both the indirect scaling and axiom testing method used in this article can be 

extended to other emotions and other emotion components, as well as from self-reports of 

emotion experiencers to emotion judgments of observers (Reisenzein, Junge, Studtmann, & 

Huber, 2014). Beyond that, these methods can in principle be extended to the measurement of 

presumed psychological magnitudes beyond emotions, such as preferences, attitudes, and 

personality dimensions. Furthermore, the proposed test of metricity of direct scalings can be 

extended to other kinds of scalings, both direct and indirect. In this way, diverse currently 

used scaling methods (see e.g., Hein, Jaeger, Carr, & Delahunty, 2008 for an example) 

become amenable to an axiomatic test of their scale level. 

Finally, the deductive, probabilistic axiom testing method used in this article can be 

extended to the testing of other measurement axioms of difference structures and beyond that, 

can be adapted to other measurement structures (see also, Knoblauch & Maloney, 2008, 

2012). It would also be interesting to compare this method to other recently proposed 

probabilistic methods for testing measurement axioms (e.g., Karabatsos, 2005). 
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Footnotes 

1 Thanks are due to Ioannis Kosmidis, who kindly made an updated version of bpolr 

available to us. 

2
 The axioms of difference structures proposed by Krantz et al. (1971) differ 

somewhat depending on whether A  A contains positive and negative intervals, only positive 

intervals, or absolute intervals (Krantz et al., 1971), although the central testable axioms are 

the same or comparable in the different subforms of difference structures. As in previous 

studies using difference structures (e.g., Orth, 1982; Petrusic et al., 1998; Schneider, 1980; 

Schneider, Parker, & Stein, 1974; Westermann, 1985), our difference data  (the GPC 

judgments of intensity differences) are directional (it is meaningful to say that stimulus elicits 

more or less of the emotion in question than b), but only one kind of differences were 

collected (i.e. the participants always judged which stimulus elicited the more intense 

emotion, and how much more intense it was). Therefore, our data can be regarded as a 

(potential) positive difference structure (e.g., Petrusic et al., 1998; Schneider et al., 1974), or 

as the positive half of an algebraic difference structure (e.g., Orth, 1982). 

3
 The relation ≿ between GPC-derived differences is connected because all difference 

comparisons can be derived from n * (n-1)/2 GPCs. Transitivity of ≿ means that, if ab ≿ cd 

and cd ≿ ef, then ab ≿ ef. If the difference judgments are derived from GPCs, the judgments 

of ab, cd, and ef appearing in these three inequalities are identical; therefore, transitivity 

necessarily holds. 

4 
In fact, if a participant is able to order stimuli in terms of increasing emotion 

intensity, s/he has implicitly already provided a transitive ordering for part of ≿. For example, 

the ordering a ≻ b ≻ c ≻ d implies ad ≻ ac ≻ ab, bd ≻ bc, bd ≻ cd, ad ≻ bc, and bd ≻ cd. 

5
 The quadruple axiom is formulated by some authors (e.g., Debreu, 1958; Petrusic et 

al., 1998) as a biconditional, i.e. as ab ≿ cd if, and only if, ac ≿ bd. However, this 
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formulation is equivalent to the simple conditional used by us and other authors (e.g., Block 

& Marschak, 1960; Luce & Suppes, 1965; Orth, 1982), because quantification ranges over all 

quadruples (x, y, z, u); it therefore also covers the case “if ac ≿ bd then ab ≿ cd”. The 

restriction a ≺ b, c ≺ d, and b ≺ d is not mentioned by some authors, whereas others require a 

≺ b ≺ c ≺ d (Petrusic et al., 1998); however, the latter constraint is unnecessarily restrictive. 

6 
This can be more formally shown as follows (e.g., Debreu, 1958): If the 

representation exists, then ab ≿ cd implies Ψ(a)  Ψ(b) ≥ Ψ(c)  Ψ(d). Rearranging terms, we 

obtain Ψ(a)  Ψ(c) ≥ Ψ(b)  Ψ(d), which in turn implies ac ≿ bd. 

7 
That is, Maloney and Yang (2003) use the estimated scale values only to simulate 

responses to test cases of the axiom at issue, but not to select the test cases. Instead (if we 

correctly understand their procedure) test cases are, just as in the classical approach, selected 

according to the participant’s overt responses, i.e. as cases in which the participant affirms the 

axiom’s antecedent. The bootstrapped distribution of the overall likelihood of the ideal 

observer’s responses to the consequens of the axiom in the test cases is then compared the 

likelihood of the response vector of the participant. However, as argued in the text, this 

selection procedure can lead to many wrongly included and wrongly excluded test cases. 

8 
For comparison purposes, we also computed (a GPC-adapted version) of the 

Maloney-Yang (2003) likelihood statistic for our data, but again with the axiom test cases 

selected according to the estimated scale values of the stimuli. In all three studies, the 

response likelihood yielded nearly the same results as the percent correct index (maximally 2 

participants were classified differently).  

9 
Although the ODS scalings are not perfectly reliable, they come close. More 

importantly, the quadruple axiom was tested for the estimated ODS scale values, not for a 

noise-perturbed version of them.  
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Tables 

Table 1 

Reliabilities of the Indirect and Direct Scalings
a
 

 M SD Min Max 

Study 1, Pleasantness and Disgust 

Indirect scalings     

Pleasantness .95 .04 .81 .98 

Disgust .96 .03 .84 .99 

Direct scalings (single scales)     

Pleasantness .73 .16 .32 .94 

Disgust .75 .21 .01 .99 

Direct scalings (combined scale)
b
     

Pleasantness .77 .17 .29 .96 

Disgust .81 .20 .01 .99 

Study 2, Surprise and Amusement 

Indirect scalings     

Surprise .96 .03 .84 .99 

Amusement .97 .03 .87 .99 

Direct scalings (single scale, lower bound)
c
     

Surprise .84 .08 .68 .94 

Amusement .83 .13 .52 .98 

Study 3, Relief and Disappointment 

Indirect scalings     

Relief  .91 .11 .41 .99 

Disappointment .93 .05 .76 .98 

Direct Scalings (combined scale)
b
     

Relief .63 .35 .01 .99 

Disappointment .69 .32 .01 .99 

Notes. 

a. Reliabilities were set to .01 when the respective correlations or Cronbach’s α were negative. 

b. Cronbach’s α 

c. For Study 2, only a lower-bound estimate of the reliability of the ratings was available, the 

correlation to the ODS scalings. 
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Table 2 

Results of the Quadruple Test for the Indirect Scalings 

 Number of 

participants 

who passed 

the test 

Percent 

correct, 

actual 

participant
a
 

Percent 

correct, 

ideal 

observer
b
 

Study 1 (N = 37)    

Pleasantness 36 (97%) .68 (.10) .68 (.07) 

Disgust 30 (81%) .62 (.12) .65 (.07) 

Pleasantness & Disgust 29 (78%) .65 (.11) .66 (.07) 

Study 2 (N = 34)    

Surprise 30 (88%) .65 (.10) .68 (.07) 

Amusement 24 (71%) .61 (.11) .65 (.07) 

Surprise & Amusement 21 (62%) .63 (.11) .67 (.07) 

Study 3 (N = 39)    

Relief 29 (74%) .59 (.14) .62 (.09) 

Disappointment 38 (97%) .67 (.10) .67 (.07) 

Relief & Disappointment 29 (74%) .63 (.13) .64 (.08) 

Notes. 

a. Mean percentage of correct responses for participants who passed the test. The standard 

deviation is given in parentheses. 

b. Mean percentage of correct responses obtained in the ideal observer simulation (10000 

simulations/participant). The standard deviation is given in parentheses. 
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Table 3 

Results of the Metricity Test for the Direct Scalings 

 

Number of 

participants 

who passed 

the quadruple 

test 

Participants 

with metric 

ratings 

(single scale)
a
 

Participants 

with metric 

rank-ratings 

(single scale) 

Participants 

with metric 

ratings 

(combined 

scale) 

Study 1 (N = 37)     

Pleasantness 36 16 (44%) 27 (75%) 25 (69%) 

Disgust 30 7 (23%) 17 (57%) 14 (47%) 

Pleasantness & Disgust 29 2 (07%) 11 (38%) 7 (24%) 

Study 2 (N = 34)     

Surprise 30 12 (40%) - - 

Amusement 24 13 (54%) - - 

Surprise & Amusement 21 8 (38%) - - 

Study 3 (N = 39)     

Relief 29 - - 11 (38%) 

Disappointment 38 - - 17 (45%) 

Relief & Disappointment 29 - - 9 (31%) 

Notes.  

a. Percentages are the proportion of participants with metric ratings of those who passed the 

quadruple test. 
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Figures 

 

Figure 1. Bootstrap distribution of percentage correct responses to the quadruple axiom for 

two participants. Participant A passed the bootstrap test, whereas B failed the test. 
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