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The whole is greater than the sum of its parts.
—Aristotle
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Abstract
For over 35 years, modern science has conceptualized happiness as subjective well-being,
which has until recently been understood as a dual construct consisting of an affective
component (positive and negative affect) and a cognitive component (life satisfaction).
Nevertheless, for the last five years, theoretical work and both quantitative and qualitative
empirical work have suggested that the concept of subjective well-being omits both a lay and
an Eastern way of understanding happiness. For instance, laypeople primarily define
manifestations of happiness in terms of psychological balance and harmony, rather than just
affect and satisfaction. The question is whether, rather than constituting a dual general
construct, these three components (i.e., affect, life satisfaction, and harmony in life) form a
tridimensional model of subjective well-being. In three studies, 1962 participants self-reported
their experience of different positive and negative emotions (Positive Affect Negative Affect
Schedule), their satisfaction with life in relation to their own self-imposed ideal (Satisfaction
with Life Scale), and their experience of harmony in life (Harmony in Life Scale). The
responses were analyzed using unidimensional item response theory (Study 1), classical test
theory (Study 2), and multidimensional item response theory (Study 3). In general, in all three
studies the 30 subjective well-being items in the model displayed good psychometric
properties. However, Studies 1 and 3 showed that there was less reliability for respondents with
extreme latent scores in all subjective well-being dimensions. At the item level, all three studies
indicated that specific items need to be modified, added, or removed. Second, at the scale level,
the subjective well-being instruments have the capability to measure a good portion of people’s
happiness but lack the capability to measure subjective well-being among individuals who are
extremely happy or extremely unhappy. Moreover, at the model level, the results indicate that
the best way to conceptualize subjective well-being is as a latent construct with three
dimensions (i.e., affective, cognitive, and behavioral) and four components (i.e., positive affect,
negative affect, life satisfaction, and harmony in life) in which a person’s unique response to
each item is directly influenced by her global subjective well-being, but at the same time also
by her affective experience, sense of life satisfaction, and sense of harmony in life. In Study 3
specifically, the results indicate that people’s levels in each subjective well-being component
can compensate for low and high levels in any of the other components. In other words, this is
a clear indication of the tridimensional nature of subjective well-being. For people in general,
actively affecting emotions, cognitions, and behavior might help to develop sustainable
happiness, resilience, and an outlook of unity even amidst the current and future challenges of
the twenty-first century.
Key words: Life Satisfaction, Negative Affect, Positive Affect, Harmoni in Life Subjective
Well-Being, Item Response Theory, Classical Test Theory, Multidimensional Item Response
Theory.
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Sammanfattning (Swedish)
Begreppet lycka (eng. happiness) och det goda livet har varit en fråga för diskussion och
intresse för såväl akademiker som för vanliga människor. Aristoteles ansåg till exempel lycka
som slutmålet för nästan allt vi känner, tänker och gör. För hans lärare Plato, var lycka det
högsta målet för moraliskt tänkande och beteende vilket speglas i en persons dygder (grekiska
aretê). Modern vetenskap har under de senaste 35 åren konceptualiserat lycka som subjektivt
välbefinnande. Dess subjektiva natur fångar skillnader mellan individer gällande hur de tänker
kring livet utifrån egna mål, värderingar och även sin kultur. Därför betraktas subjektivt
välbefinnande som ett av de bästa sätten för att mäta, studera och förstå mänskligt
välbefinnande. Den generella uppfattningen är att subjektivt välbefinnande består av en
affektiv (dvs. positiva och negativa emotioner) och en kognitiv dimension (livtillfredställelse)
som tillsammans utgör en individs lycka. Den affektiva dimensionen utgörs av bedömningar
av våra känslomässiga reaktioner på upplevelser från det dagliga livet. Dessa känslomässiga
reaktioner härstammar från vårt nervsystem och inkluderar emotioner såsom sorg, rädsla, ilska,
glädje, avsky och så vidare. Den kognitiva dimensionen utgörs av bedömningar av hur
tillfredsställda vi är med våra liv. Denna bedömning görs i relation till en personlig idealbild
som vi strävar efter.
Medan metodologiska studier visar att den affektiva dimensionen och den kognitiva
dimensionen tillsammans utgör en persons lycka, förespråkade antikens grekiska filosofer att
harmoni, människans förmåga att bibehålla balans och lugn i både lyckliga och svåra tider, är
viktigt för vårt välbefinnande. Detta är något som även modern kvalitativ och kvantitativ
forskning slår fast de senaste åren. Till exempel, när människor tänker på lycka, tänker de först
på anpassning och balans och därefter på livstillfredsställelse och positiva emotioner. I denna
avhandling föreslår jag därför harmoni som en tredje dimension av subjektivt välbefinnande.
Harmoni utgörs då av bedömningar av vårt eget sociala beteende när vi strävar efter acceptans,
anpassning och balans i livet oavsett omständigheter. Om harmoni utgör en tredje dimension,
betyder det att subjektivt välbefinnande är tredimensionell i sin natur?
Syftet med min avhandling var att testa, med hjälp av avancerade statistiska metoder,
om subjektivt välbefinnande kan mätas som en tredimensionell modell. I tre studier, med tre
olika urval och tre olika statistiska metoder, har jag undersökt de psykometriska egenskaper i
varje beståndsdel (dvs. frågor, svarsalternativ, skala och modellen) hos de tre vanligaste
självrapporter som används för att mäta subjektivt välbefinnande.
Samtliga tre urval bestod av amerikaner som hade engelska som sitt modersmål (n1 =
1000; n2 = 527; n3 = 435) och som självrapporterade hur ofta de upplevde specifika positiva
och negativa emotioner genom att svara på Positive Affect Negative Affect Schedule, hur nöjda
de var med sina liv genom att svara på Satisfaction with Life Scale och hur balanserat de
upplevde att deras liv var genom att svara på Harmony in Life Scale. Svaren analyserades med
hjälp av Unidimensional Item Response Theory, Classic Test Theory och Multidimensional
Item Response Theory.
Rent generellt visade studierna att självrapporterna hade tillräckligt goda
psykometriska egenskaper för att mäta de flesta människors upplevelser av positiva och
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negativa emotioner, deras livstillfredsställelse och även om de upplevde harmoni i sina liv.
Däremot hade samtliga självrapporter svårigheter att mäta subjektivt välbefinnande, och var
och en av dess delar, bland individer som var extremt lyckliga eller extremt olyckliga. Det
fanns även specifika frågor i självrapporterna som inte fångade upplevelserna på ett bra sätt
och kan därför behöva tas bort, förändras eller ersättas med andra frågor. Det viktigaste fyndet
var att varje del visade sig utgöra en viktig del av en enda flerdimensionell struktur. I denna
tredimensionella modell, utgör samtliga tre dimensioner ca. 15% och subjektivt välbefinnande
ca. 64% av variansen hos individers lycka. Med andra ord, för att mäta människors lycka på ett
tillförlitligt sätt behöver vi förstå att människors lycka är en upplevelse av emotioner,
livstillfredsställelse och harmoni i livet i ett och samma ögonblick. Dessutom visade det sig att
varje komponent av subjektivt välbefinnande bidrog i olika grad till denna upplevelse; där
harmoni var tongivande för individers lycka, följd av livstillfredsställelse, positiva emotioner
och negativa emotioner. Sist men inte minst, visade det sig att komponenterna uppvägde
varandra i denna tredimensionella struktur. Detta innebär, till exempel, att en individ kan
uppleva sig som lycklig trots höga grader av negativa emotioner om individen upplever balans
i livet. Men detta betyder att även det motsatta kan inträffa; en individ kan uppleva sig som
olycklig trots höga grader av positiva emotioner om individen upplever obalans i livet.
Ur ett metodologiskt perspektiv, visar min avhandling att subjektivt välbefinnande har
en tredimensionell struktur som kräver avancerade statistiska tekniker för att mäta människors
lycka på ett tillförlitligare sätt. Ur ett teoretiskt och empiriskt perspektiv, ska människors lycka
förstås som emotioner, livstillfredsställelse och harmoni i livet på en och samma gång. Detta
innebär att delarna är lika viktiga att mäta som helheten för att förstå upplevelsen av lycka inom
individen. För kliniker och praktiker är det viktigt att vara medvetna om att subjektivt
välbefinnande dimensionerna är beroende av varandra och att förhållanden mellan dem är
troligen olika starka. Medvetenheten om den här dynamiska processen kan hjälpa kliniker och
praktiker att förstå varför en person upplever livet som meningslöst eller inte är helt nöjd med
sitt liv trots att hon/han, till exempel, ofta upplever positiva känslor—kanske upplever personen
negativa känslor regelbundet och saknar balans och harmoni i livet, vilket påverkar
hennes/hans generella upplevelse av lycka. På grund av dess komplexitet, rekommenderar jag
att mätningen av patienters eller klienters subjektiva välbefinnande behöver göras antingen
med teknik som har inbäddade statistiska lösningar eller i samarbete med statistiker och
forskare.
Slutligen, eftersom individers lycka är en dynamisk interaktion av affektiva
bedömningar av våra biologiska emotionella reaktioner (dvs. den affektiva komponenten),
bedömningar av hur nöjda vi är med vårt liv (dvs. den kognitiva komponenten) och
bedömningar av vårt sociala beteende i strävan efter balans i livet (dvs. den sociala
komponenten), behöver eventuella interventioner främja samtliga delar för att vårt subjektiva
välbefinnande ska vara hållbart och för att individen ska kunna vara resilient under detta
århundrades utmaningar.
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Introduction
The notion of happiness and the good life has long been a matter of discussion and concern for
academics and laypeople. Aristotle, for example, saw happiness as the end goal of almost
everything we feel, think, and do. For his teacher, Plato, happiness was the highest aim of moral
thought and behavior, which are mirrors of one’s virtues (Greek aretê). In this context, Eastern
philosophers have emphasized the concept of balance in life as the ultimate form of happiness.
Modern science has for over 35 years conceptualized happiness as subjective well-being
(Diener, 1984). The subjective nature of subjective well-being captures individual differences
in how people weigh objective circumstances depending on their own goals, values, and
probably even culture. Therefore, subjective well-being is considered one of the best proxies
for measuring, studying, and understanding human well-being (Diener, Lucas, & Oishi, 2018).
Basically, we now understand subjective well-being as a dual construct consisting of an
affective and a cognitive component (Diener, 1984; Diener et al., 2018). The affective
component consists of a person’s judgments of emotional reactions and experiences in daily
life. These emotional reactions and experiences are derived from a person’s nervous system
and temperament and are then understood as the person’s affective experience, including
sadness, fear, anger, joy, disgust, etc. (Cloninger, 2004; Watson, Clark, & Tellegen, 1988). The
cognitive component, on the other hand, consists of judgments of one’s life as a whole in
relation to a self-imposed psychological ideal (Diener, Emmons, Larsen, & Griffin, 1985). In
other words, the current conceptualization of subjective well-being requires a distinction
between affective evaluations of emotional experiences and cognitive evaluations of life
satisfaction (Diener et al., 2018).
Nevertheless, although often unstated, researchers use different approaches,
operationalizations, and methods to conceptualize subjective well-being and its components
(Busseri, Sadava, & Decourville, 2007). As detailed by Busseri et al. (2007), some of the main
approaches are: (a) measuring just one factor but describing the results more broadly in terms
of subjective well-being; (b) examining each factor separately, based on the fact that the
subjective well-being factors (i.e., positive affect, negative affect, and life satisfaction)
correlate differently with the same set of variables (e.g., personality, life events, and
demographic characteristics) (e.g., Lucas, Diener, & Suh, 1996); (c) using a composite
subjective well-being score by standardizing positive affect, negative affect, and life
satisfaction and then subtracting the negative affect score from the sum of the positive affect
and life satisfaction scores (e.g., Sheldon & Elliot, 1999); and (d) assuming the presence of a
general subjective well-being factor (i.e., higher-order latent factor) to which the variance in
each subjective well-being factor is attributable. However, for the first three of these
approaches, it remains unclear whether results relate to the common variance in subjective
well-being or to the unique variance in each specific factor (i.e., positive affect, negative affect,
and life satisfaction). In contrast, a higher-order latent factor approach can help researchers
account for both a common source variance and a unique source variance in each factor.
Moreover, using this approach helps to determine whether a latent common factor (i.e.,
subjective well-being) loads equally on positive affect, negative affect, and life satisfaction or
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whether any of these contribute more strongly to this latent subjective well-being factor. For
instance, six longitudinal studies showed that most of the explained variance in life satisfaction
belongs to the common variance among factors (i.e., a higher-order subjective well-being
factor), rather than to the specific variance of life satisfaction (Busseri et al., 2007).
Additionally, positive affect explained about an equal amount of variance regarding both the
common variance in subjective well-being and its specific variance (Busseri et al., 2007), while
negative affect explained more of its specific variance than the common variance in subjective
well-being (Busseri et al., 2007). Hence, as asserted by Diener (1984), both theoretically and
empirically, subjective well-being seems to be a dual construct. This new line of research,
however, added as a methodological principle that the affective component and the cognitive
component must be measured as primary parts of a whole. This principle is, to the best of my
knowledge, rarely followed in the current literature.
That being said, despite arguments about the best way to conceptualize and measure
the affective component of subjective well-being, there is evidence that how frequently a
person experiences certain emotions, rather than how intensely, is a better measure of the
affective component (Diener, Sandvik, & Pavot, 1991; Schimmack, 2008; Schimmack &
Diener, 1997). For instance, happy people experience intense positive emotions only 2.6% of
the time, but they feel contented or mildly happy very frequently (Diener & Diener, 1996;
Diener & Seligman, 2002; Garcia & Erlandsson, 2011). Regarding life satisfaction, it has until
recently been the unquestioned way to conceptualize subjective well-being’s cognitive
component. Thus, not only is subjective well-being one of the best proxies for human wellbeing, but the paradigm in which it is regarded as a dual construct seems relatively well founded
and robust.
In the last five years, however, researchers have argued that the focus on life satisfaction
in subjective well-being research is related to both Western and contemporary ways of looking
at happiness, which are not necessarily attuned to how Eastern and ancient civilizations and
people in general conceptualize happiness and the good life (e.g., Delle Fave, Brdar, Freire,
Vella-Brodrick, & Wissing, 2011; Kjell, 2018; Kjell, Daukantaite, Hefferon, & Sikström,
2016; Kjell & Diener, 2020). These researchers note that, in contrast to the focus on a selfimposed psychological ideal in which people evaluate to what degree various life domains
match their own expectations (Diener et al., 2009; Kjell, 2011), subjective well-being must
address or at least include the concept of harmony in life. Indeed, ancient civilizations have
emphasized the need for harmony in life as one part of the happy life. As explained elsewhere,
for the ancient Greeks, harmony referred to a person’s ability to maintain balance and serenity
in both happy and challenging times (Delle Fave et al., 2011). Moreover, modern definitions
of happiness as a psychological concept describe it as a sense of harmonious and positive
connections within the self and between the self and others (Delle Fave et al., 2016), which
requires that the person behave with acceptance and in flexible ways in order to achieve balance
in the different planes of life (Kjell et al., 2016). In other words, in contrast to life satisfaction,
which focuses on the self’s ideals and wishes, harmony in life implies homeostasis through the
person’s sense of balance and her capacity to behave with both acceptance and flexibility in
relation to the surrounding world (Cloninger, 2004; Garcia et al., in press; Li, 2008a,b)—that
is, it is a process of acceptance, adaptation, and regaining of balance in relation to both the
inner self and external circumstances.
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Moreover, the concept of harmony is distinct from life satisfaction, not only according
to philosophical definitions, but also according to empirical work using quantitative semantics
on how people pursue harmony in life (Kjell, 2018; Kjell et al., 2016). For instance, people use
words such as peace, balance, unity, agreement, calm, mediation, cooperation, tolerance,
nature, and forgiveness when they describe how they pursue harmony in life (Kjell et al., 2016).
In contrast, people use words such as job, money, achievement, education, success, wealth,
house, and gratification when they describe how they pursue life satisfaction (Kjell et al.,
2016). Consequently, life satisfaction is related to people’s levels of self-centeredness, selfinterest, independence, mastery, and personal achievement, while harmony in life is associated
with selflessness, psychological balance, flexibility, as well as the sense of relatedness,
interconnectedness, and peace (Kjell et al., 2016). In another study, using both qualitative and
quantitative analyses across individualistic and collectivistic cultures (i.e., Australia, Croatia,
Germany, Italy, Portugal, Spain, and South Africa), researchers found that laypeople primarily
defined manifestations of happiness, at the individual and social levels, in terms of
psychological balance and harmony (Delle Fave et al., 2016). In other words, this confirms that
people in general think about the different planes of life using balance and harmony as
important psychological components of the pursuit of happiness and the good life. In sum, the
concept of harmony is semantically different from the concept of life satisfaction (Kjell et al.,
2016), and harmony in life might be the most essential component of happiness (Delle Fave et
al., 2016). Again, the importance of harmony in people’s happiness has been attributed to its
significance for how we behave in relationships at both the intra- and interpersonal levels
(Delle Fave et al., 2016). In other words, harmony is a tentative subjective well-being
component addressing people’s social behavior.
Most humans strive for self-actualization but also to be members of various social
groups. However, most models addressing subjective well-being as a multidimensional
construct, encompassing affective, cognitive, and social components, see optimal functioning
in one’s social life as based on a sense of belonging to one’s community and a sense of
worthiness as a member of society (Joshanloo, Capone, Petrillo, & Caso, 2017; Keyes, 1998;
Ryan & Deci, 2001). Harmony in life, however, transcends the sense of social belongingness
to a community and even society, because it also includes how we socialize and how we behave
in relation to the whole world and our existence. In this context, evaluations based on personal
expectations and self-interest within life satisfaction together with a sense of
interconnectedness within harmony in life might capture core and complementary features of
subjective well-being (Kjell et al., 2016). Current scientific research still needs to include
reflection on inner harmony and balance as an essential feature of people’s happiness.
To this point, I have argued that specific methodological, theoretical, conceptual, and
empirical considerations suggest that happiness, conceptualized as subjective well-being, must
be understood as the holistic apprehension of or attitude toward life in three dimensions. The
question is whether, rather than being a dual construct, these three components (i.e., affect, life
satisfaction, and harmony in life) form a tridimensional model of subjective well-being (see
Figure 1).
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Figure 1. Subjective well-being as a tridimensional construct consisting of affect (positive and
negative), life satisfaction, and harmony in life.
In sum, positive affect and negative affect comprise affective evaluations of biological
emotional reactions and experiences, life satisfaction comprises cognitive evaluations of one’s
life in relation to a self-imposed psychological ideal, and harmony comprises behavioral
evaluations of how one is doing in a social context. If this is so, I argue that the three subjective
well-being components taken together are extremely important for our understanding of a
complete model of subjective well-being. In this context, because most measures used to assess
subjective well-being are self-reports, the cornerstone of validating the suggested
tridimensional model, like any model based on subjective measures, should be testing of the
psychometric properties of the measures (cf. Pavot, 2018). In this endeavor, as showed by
Busseri et al. (2007), advanced statistical models considering subjective well-being as a general
factor are needed, as are psychometric techniques that test the properties of the measures at the
item level. Next, I briefly present research regarding the psychometric properties of each of the
most common measures used to assess subjective well-being. Thereafter, I present both
common and new statistical methods for testing the psychometric properties of the proposed
subjective well-being model.

The Measurement of Subjective Well-Being
The Positive Affect Negative Affect Schedule
The Positive Affect Negative Affect Schedule was developed by Watson et al. (1988) as a selfreport instrument for measuring positive and negative affect. Watson et al. initially selected 60
adjectives representing affect that were previously identified in a factor-analytic study (Zevon
& Tellegen, 1982). The 60 adjectives were selected on the premise of being strongly correlated
with one corresponding affect dimension, but weakly correlated with the other. Afterwards,
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Watson et al. (1988) conducted multiple meticulous and rigorous analyses, which resulted in
10 items for each scale (see also Watson & Clark, 1994), that is, 10 adjectives for the
measurement of positive affect (i.e., “Interested,” “Enthusiastic,” “Proud,” “Alert,” “Inspired,”
“Determined,” “Attentive,” “Active,” “Excited,” and “Strong”) and 10 adjectives for the
measurement of negative affect (i.e., “Distressed,” “Upset,” “Guilty,” “Afraid,” “Hostile,”
“Irritable,” “Ashamed,” “Nervous,” “Jittery,” and “Scared”). As the response scale, Watson et
al. chose a five-point scale ranging from 1 (“not at all”) to 5 (“very much”). Based on the
opposing pleasant–unpleasant relationship in the factor loadings, Watson et al. (1988)
suggested that the orthogonal rotation of the factors was the best representation of the two
affect dimensions’ latent structure. The scales have been used in several studies to measure the
affective component of subjective well-being and have displayed high internal consistency,
with Cronbach’s alphas ranging from .83 to .90 for positive affect and from .85 to .93 for
negative affect (see Leue & Lange, 2011; Watson & Clark, 1994).
Other researchers have also replicated the two-factor model advocated by Watson et al.
(1988). However, some replications show positive affect and negative affect to be correlated
factors (e.g., Crawford & Henry, 2004; Crocker, 1997; Kercher, 1992; Krohne, Egloff,
Kohlmann, & Tausch, 1996; MacKinnon et al., 1999; Terraciano, McCrae, & Costa, 2003),
while others have found subfactors within positive affect and negative affect to be uncorrelated
and correlated first-order factors (e.g., Gaudreau, Sanchez, & Blondin, 2006; Killgore, 2000;
Mehrabian, 1997). Indeed, in some studies, the best-fitting models are attained by considering
only the shared variance between items that probably measure related emotional concepts:
Distressed–Upset, Guilty–Ashamed, Scared–Afraid, Nervous–Jittery, Hostile–Irritable,
Interested–Alert–Attentive, Excited–Enthusiastic–Inspired, Proud–Determined, and Strong–
Active (see Crawford & Henry, 2004). Some researchers have argued that these covariances,
or item dependencies, mean that the schedule can be modified to contain fewer items without
any serious problems for the content domain or internal consistency reliability of each scale
(Thompson, 2007, 2017). Finally, despite a massive body of research using the Positive Affect
Negative Affect Schedule, most studies have used classical test theory (CTT) to validate the
schedule, although none of them have used advanced CTT methods and only a few studies
have applied item response theory (IRT). The few studies applying IRT, for instance, show that
the item “Alert” has the worst fit statistics (e.g., Pires, Filgueiras, Ribas, & Santana, 2013).
The Satisfaction with Life Scale
The Satisfaction with Life Scale was developed by Diener et al. (1985) as a brief self-report to
measure people’s general sense of life satisfaction in relation to a self-imposed psychological
ideal (see also Pavot & Diener, 1993, 2008). The scale has been used in thousands of studies
to measure the cognitive component of subjective well-being. As a first step, Diener et al.
(1985) generated 48 items that captured life satisfaction and well-being. Using factor analysis
(i.e., a method within CTT), Diener et al. found 10 items with loadings of 0.60 or above on a
single factor. This single factor was proposed by Diener et al. to capture an individual’s global
evaluations of life. Afterwards, Diener et al. modified the scale by eliminating items with
redundancies, arriving at the current version of the scale with five items (i.e., “In most ways
my life is close to my ideal,” “The conditions of my life are excellent,” “I am satisfied with my
life,” “So far I have gotten the important things I want in life,” and “If I could live my life over,
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I would change almost nothing”) and a seven-point response scale ranging from 1 (“strongly
disagree”) to 7 (“strongly agree”). The scale has shown high internal consistency, with various
studies finding Cronbach’s alphas of .79–.89 (Pavot & Diener, 1993), .87 (Adler & Fagley,
2005), and .86 (Steger, Frazier, Oishi, & Kaler, 2006; for a meta-analysis, see Vassar, 2008).
Moreover, Diener et al. (1985) showed that these five items all loaded on a single-factor
solution and that this single factor accounted for 66% of the scale’s variance. This single-factor
solution has been replicated in several studies. However, compared with the other four items
in the scale, the fifth item (i.e., “If I could live my life over, I would change almost nothing”)
often displays lower factor loadings and lower correlations with the total life satisfaction score
(e.g., Senécal, Nouwen, & White, 2000). Indeed, both CTT and the few studies using IRT
methodology (e.g., Oishi, 2006) show that the fifth item is somewhat distinct from the other
four (Pavot & Diener, 2008). Because this item represents a total evaluation of one’s past life,
Pavot and Diener (2008) suggested that responses to it probably involve a more global
recollection than do responses to, for example, the item involving the present (e.g., “The
conditions of my life are excellent”). That being said, responses to the fifth item are
significantly correlated with the responses to the other four. Therefore, researchers do not see
it as either necessary or recommended to drop it from the scale (Pavot & Diener, 2008).
Nevertheless, the few studies conducting IRT-driven analyses to validate the scale
indicate that, in some cases, comparisons based on raw scores of the Satisfaction with Life
Scale are probably misleading (Oishi, 2006; Vittersø, Biswas-Diener, & Diener, 2005). In one
study, for example, there were no significant mean differences between a sample from
Greenland and a sample from Norway when raw scores of the Satisfaction with Life Scale were
used in the analyses. But when IRT scores were used, researchers found a pattern of random
and extreme responses among some Greenlanders. After controlling for these patterns of
random and extreme responses, Norwegians were significantly higher in life satisfaction than
were Greenlanders, although a specific subgroup of Greenlanders was significantly higher in
life satisfaction than was the whole Norwegian sample (Vittersø et al., 2005). Despite these
important issues, few studies have used IRT methodology to test the psychometric properties
of the Satisfaction with Life Scale. Moreover, as far as I know, no study has used more
advanced CTT techniques.
The Harmony in Life Scale
The Harmony in Life Scale was developed by Kjell, Daukantaite, Hefferon, and Sikström
(2016). These authors noted that the exclusive focus on life satisfaction as the cognitive
component of subjective well-being was problematic because people in different cultures
actually think, feel, and behave with regard to their life in many different ways (Kjell et al.,
2016; see also Kjell, 2018; Delle Fave et al., 2011). As a first step, Kjell et al. (2016) reviewed
the literature on lifestyle, life conditions, environmental and societal issues, and the like. As a
second step, these researchers generated 29 items that they suggested operationalized essential
key concepts and behaviors that measured harmony, such as being attuned, fitting in,
acceptance, adaptation, adjustment, and peace of mind. Afterwards, five psychological
research experts evaluated the relevance of each of the 29 items based on the aims and theories
underlying the scale (cf. Davis, 1992). These expert evaluations led Kjell et al. (2016) to choose
15 items for the psychometric part of the scale development; these items, ordered randomly,
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were distributed to 476 respondents. Kjell et al. (2016) used the same instructions and response
scale as used in the Satisfaction with Life Scale and conducted an exploratory factor analysis
to investigate the factor structure of the 15 items. This resulted in a single factor that explained
62.64% of the items’ variance; the factor loadings of these items ranged between .56 and .86.
Kjell et al. (2016) modified the scale by eliminating items found to be redundant, ending up
with five items (i.e., “My lifestyle allows me to be in harmony,” “Most aspects of my life are
in balance,” “I am in harmony,” “I accept the various conditions of my life,” and “I fit well
with my surroundings”). These items were found by Kjell et al. (2016) to be relevant to their
theoretical framework and had factor loadings of .73–.86 (see also Singh, Mitra, & Khanna,
2016, for factor loadings of .75–.90) and a Cronbach’s alpha of .90 (see also Garcia, Nima, &
Kjell, 2014, for a Cronbach’s alpha of .91, Kjell, Kjell, Garcia, & Sikström, 2019, for
Cronbach’s alphas of .89–.95, and Singh et al., 2016, for Cronbach’s alphas of .83–.87).
In their second study, Kjell et al. (2016) showed that the five items of the Harmony in
Life Scale had good test–retest reliability (r = .77; Time 1, n1 = 787 and Time 2, n2 = 545). The
Harmony in Life Scale was also positively correlated with other well-being scales, such as the
Satisfaction with Life Scale (r = .76) and the Subjective Happiness Scale (r = .67). Moreover,
the CTT analyses showed that, despite the relatively strong correlation between harmony in
life and life satisfaction, the two-factor models rather than the single-factor models had
considerably better model fit at both Time 1 (χ2[34] = 191.70, p < .001; CFI = .97; RMSEA =
.08) and Time 2 (χ2[34] = 120.72, p < .001; CFI = .98; RMSEA = .07). Hence, Kjell et al.
(2016), concluded that harmony in life and life satisfaction are two different cognitive
constructs (see also Kjell & Diener, 2020). Nevertheless, to the best of my knowledge, besides
the original study, only six published articles apply the Harmony in Life Scale (i.e., Garcia et
al., 2014; Kjell et al., 2019; Kjell & Diener, 2020; Maddux, Daukantaité, & Tellhed, 2018;
Singh et al., 2016; Tellhed, Daukantaitė, Maddux, Svensson, & Melander, 2019). Moreover,
none of these studies has used IRT methodology or more advanced CTT techniques to test the
psychometric properties of the Harmony in Life Scale.

Testing Psychometric Properties of the Proposed Tridimensional Model of
Subjective Well-Being
As briefly reviewed here, the self-report measures commonly used to operationalize the three
components of subjective well-being display relatively good psychometric properties, such as
unidimensionality, high internal consistency, and moderately strong test–retest reliability. In
addition, from a theoretical perspective, these self-reports also display meaningful associations
with other constructs (for reviews, see Diener et al., 2009; Diener, Inglehart, & Tay, 2013). As
far as I understand, researchers have used CTT in the vast majority of these studies. CTT is a
useful theory for understanding latent traits, so there is little debate about the quality of these
subjective well-being measures (Diener et al., 2018). However, CTT has some limitations, such
as the fact that the psychometric information conveyed by items and scales is dependent on
both the number of items and on the properties of the sample (e.g., size and demographics).
Changes in these features might therefore have a significant effect on the psychometric
properties at both item and scale levels (Oishi, 2007; for criticism of well-being measures, see
also Brown, Lomas, & Eiroa-Orosa, 2018). For instance, large sample sizes of at least 400
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respondents yield more precise estimates of reliability coefficients and better confidence
intervals (Charter, 1999); however, sample sizes of 400 are uncommon when the psychometric
properties of these subjective well-being self-reports have been tested (Leue & Lange, 2011).
Moreover, CTT methodology yields only a single value to represent the reliability of the scale
that is under investigation (e.g., Cronbach’s alpha). The problem with this is the implicit
assumption that the scale has equal problems and capacity at all its points, which is usually
tested by investigating the standard error of measurement and the scale’s reliability (Oishi,
2007). In other words, this type of analysis does not provide sufficient information at different
points along the scale (e.g., ranging from extremely in harmony in life to extremely without
harmony in life).
By relying solely on this method, the researcher does not obtain details about what items
provide the most reliable information across the range of the true scores of the latent trait being
measured (Oishi, 2007). Some items, for example, might weigh more relative to the latent trait
and therefore influence the true score more than do others. For example, being proud might be
more important for understanding people’s experience of positive affect than being alert. Thus,
treating all items as though they provide equal information about the participants’ latent trait
might generate measurement problems. In other words, CTT assumes that the test measurement
precision is equal at all levels of the trait, whereas IRT methods assess the test measurement
precision at different trait levels. In this context, for the development and testing of self-reports,
researchers need information about how different items help identify individuals with different
levels of the latent trait and about the specific levels within the specific item at which this
identification can be measured.
In addition, sometimes when СTT is used, a sum of the items within the scale is
assumed to be the true score capturing the participant’s level of the latent trait. In other cases,
researchers calculate the score of a latent trait based on the factor loadings of each item (i.e.,
factor scores, which are derived from the item covariance matrix). That is, using CTT implies
that the proportion of respondents to specific answers is used as the index of the item’s
difficulty. Moreover, the correlation coefficient between the scores on the item and the scores
on the total is used as the index of the item discrimination. However, by using these techniques,
we ignore the fact that the response to each item is influenced by, for example, the individual’s
own levels on the latent trait. For instance, while an individual with high levels of positive
affect will naturally report the highest levels for the item proud, an individual with low levels
of positive affect might also be likely to report the highest levels for the same item, indicating
that feeling proud is not a suitable way of measuring positive affect (cf. Oishi, 2007). In other
words, the common CTT methods do not include complex theoretical models that can handle
items’ statistical properties (e.g., item difficulty, item discrimination, and reliability along the
whole trait continuum).
Item Response Theory (IRT)
As suggested by some (e.g., Oishi, 2007), when researchers validate subjective well-being
measures, many of the disadvantages of CTT and the advantages of IRT have been neglected.
IRT is a toolbox of different psychometric methods for analyzing items within a scale, item
responses, and the properties of a whole scale. “A popular psychometric method used for
modeling unidimensional and multidimensional constructs is item response theory (IRT; De
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Ayala, 2009; Embretson & Reise, 2000; Lord, 1959; Lord & Novick, 1968)” (Toland, Sulis,
Giambona, Porcu, & Campbell, 2017, pp. 41–42). To apply IRT techniques, the main premise
is that the probability of a specific response to an item by an individual is a function of an
underlying latent dimension (e.g., affect, life satisfaction, or harmony in life). This latent
dimension is denoted by coefficient theta (θ), that is, a standardized coefficient that follows a
normal distribution. Therefore, theta usually ranges from –3.00 to +3.00 and a theta equal to
0.00 represents the average score of the normal distribution (Baker, 2001). Before explaining
how IRT, a relatively new psychometric technique, overcomes some of the disadvantages and
limitations of CTT, it is important to mention that applying IRT—both unidimensional item
response theory (UIRT) and multidimensional item response theory (MIRT)—models requires
that some basic assumptions be fulfilled, namely, appropriate dimensionality, local
independence, monotonicity (Bonifay, 2020; Toland et al., 2017), and, lastly, differential item
functioning (DIF), i.e., group effect (see, e.g., De Ayala, 2009). Appropriate dimensionality
(unidimensionality in the case of UIRT) means that the items in the scale under study load on
only one latent factor. Whether or not a scale fulfils the assumption of unidimensionality can
be investigated through, for example, factor analysis. When this assumption is violated, the
result with UIRT could lead to a misleading and biased result regarding IRT parameter
estimates. If the proposed unidimensionality of the UIRT model does not provide a reasonable
unidimensional representation of the data, the multidimensionality of the MIRT model must
be used instead (Toland et al., 2017). Multidimensionality exists when some or all items, in a
test or construct, load on more than a single continuous underlying trait to explain the item
response patterns. There are two forms of multidimensionality, i.e., within-item and betweenitem multidimensionality (Paek & Cole, 2018). In between-item multidimensionality, each
item in each measure or questionnaire is modeled by one of several latent dimensions or traits,
while within-item multidimensionality occurs when some or all items within a set of tests
belong to more than one latent dimension or trait. Local independence means that the latent
factor explains most of the variance in participants’ responses to the scale’s items, which can
be tested by confirming that the residuals of each item in a scale are not significantly correlated
with the residuals of any other item in the scale. When these residuals are significantly
correlated with the residuals of other items, this could lead to a certain violation of local
independence; in this case, this violation is called construct-irrelevant variance (Toland et al.,
2017). However, there is another reason for the violation of local independence that is related
to the data structure, i.e., group effect/DIF (Toland et al., 2017). Monotonicity is investigated
throughout the study of the relationship between the person’s latent score, for example, for
positive affect and the participant’s actual response to the item, for example, proud. The
assumption of a monotonic function means that the levels of the person’s latent score increase
as the probability of choosing a higher response to each item increases. Likewise, this function
is monotonic if the levels of the person’s latent score decrease as the probability of choosing a
lower response to each item increases. This relationship between respondents’ observable
answers to the items and their latent trait is violated when respondents with lower levels of the
latent trait have higher probabilities of an observable correct response than do respondents with
higher levels of the latent trait. Such violations of the monotonicity assumption might suggest
that an item that is reverse-worded was not reverse-coded before data analysis or that the
wording of the item is difficult to understand or ambiguous to the participants (Bonifay, 2020).
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Typically, whether or not a function is monotonic can be evaluated using, for example, model–
data fit statistics (Paek & Cole, 2018). Regarding DIF, IRT requires that the differences
regarding the responses to each item not vary across different subgroups within the sample
(e.g., men and women). If there is interaction between the pattern of responses of the item,
group membership, and the latent trait along a continuum, the DIF is considered a nonuniform
DIF, whereas if there is no such interaction, the DIF is considered a uniform DIF (De Ayala,
2009). If these assumptions are met, IRT can then be used to explain the item response patterns
within the scale and the risk of biased results (e.g., regarding parameter estimates) is
minimized.
IRT is primarily used to validate and modify scales that measure how much of a latent
factor individuals have (i.e., parameter theta). IRT analyses give information with which to
discern what items help to discriminate between individuals with different levels of the latent
factor. The error and the reliable information obtained using IRT vary from one item to another
and throughout the trait continuum of the scale, sometimes more greatly for one part of the
scale than for others (Oishi, 2007). In other words, using IRT we can examine and identify
what items do not provide enough reliable information about the latent factor and what parts
of the latent factor the item cannot measure. Moreover, in IRT, item difficulty and item
discrimination are estimated using various advanced techniques (e.g., marginal maximum
likelihood and Bayesian estimation with Markov chain Monte Carlo). These methods depend
basically on the assumption that individuals are independent of one another, and that items
behave in the same way for all individuals (i.e., there is no differential item functioning). This
contrasts with CTT, in which the person’s test score is dependent on the items of the specific
test. Additionally, in CTT, the item properties, such as item difficulty and item discrimination,
are dependent on the characteristics of the sample of respondents. Hence, the primary argument
for the use of IRT over CTT is that IRT techniques are sample and test independent. More
specifically, in IRT the person’s location estimates are not dependent on the instrument being
used, so the precision of these estimates regarding IRT pertains to the individual’s own level
of the latent trait.
Another advantage is that IRT (Lane & Stone, 2006), in contrast to the use of correlation
matrices regarding factor analysis, uses information regarding the actual interactions between
respondents and their responses to items (i.e., response patterns). In other words, IRT models
try to explain an individual’s observed response pattern by tracing the interaction of the
participant’s latent trait level with various item-level characteristics, such as discrimination and
the probability of randomly choosing the answer that is correct for the participant. In contrast
to CTT, in IRT both the respondent’s latent trait and item difficulty are located on the same
latent trait continuum. Moreover, using IRT, all respondents who have the same observed score
on the test will have the same level of the latent trait. Also, all items that obtain the same item
observed score will have the same difficulties along the continuum. This is important in order
to probabilistically predict each individual’s response to any item, even if similar individuals
have not previously been tested on a similar test (Lord, 1980).
If the analyses show that there are problems with the item information (e.g.,
discrimination and item difficulty parameters) for some items, the researcher can remove,
modify, or add new items that provide information that can differentiate people across a much
greater range of the latent trait, increasing the validity of the whole scale (Oishi, 2007). Also,
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IRT analyses might help clinicians to understand a patient’s behavior in relation to the patient’s
responses to the items in the test. For example, while some patients are low in their subjective
well-being, they might respond with high levels to a specific item in the test. This specific item
might, in turn, give important cues for intervention (Pires et al., 2013). In sum, IRT’s greatest
advantage is that, with it, we can determine suitability of items for measuring the latent trait,
enabling us to increase the amount of reliable information and the validity of the scale as a
whole.
Unidimensional Item Response Theory (UIRT)
The items of the scales used to measure subjective well-being (i.e., the Positive Affect Negative
Affect Schedule, Satisfaction with Life Scale, and Harmony in Life Scale) are ordinal and
scored on Likert scales. The appropriate UIRT model for analyzing their psychometric
properties is thus the graded response model (GRM; Samejima, 1969; cf. Baker, 2001). In
GRM, as in other UIRT models, estimated difficulty scores or threshold parameters, beta (β),
are calculated for each item. Beta represents the level of the underlying trait at which the next
response option has a 50% chance of being endorsed. Moreover, in GRM, discrimination
parameters, alpha (α), are also calculated for each item. Alpha reflects how well the items
discriminate between different levels of the latent trait. Moreover, alpha also reflects how
strongly an item is related to the latent trait—i.e., it is roughly equivalent to the factor loadings
used in CTT. Alpha values can vary between –∞ and +∞ but are typically between 0 and +2.50.
Here, item discrimination values of 0.01–0.34 are considered very low, 0.34–0.64 low, 0.65–
1.34 moderate, 1.35–1.69 high, and ≥1.70 very high (Baker, 2001). Negative alpha values
indicate that the probability of a correct response decreases as the ability increases, indicating
that something is wrong with the item and that it probably needs to be recoded, modified, or
dropped (Baker, 2001). Again, more sophisticated statistical techniques based on IRT (e.g.,
techniques described above that address the properties of the whole scale, items, response
options, and properties at the population and subpopulation levels) seem to present a promising
way forward for the measurement of subjective well-being (OECD, 2013; Oishi, 2007).
Despite the robustness of UIRT against potential violations of the assumption concerning
dimensionality and independent location, it is still likely that the actual interactions between a
person’s locations as vectors of the multidimensional latent traits and the patterns of the
responses to items capturing subjective well-being are more complex and therefore require
other test methods besides UIRT (Reckase, 2009). Therefore, advanced CTT methods, such as
correlated-factor analysis, higher-order factor analysis, and bifactor analysis, are needed in
order to discern the multidimensional structure of the tridimensional model of subjective wellbeing as a whole. Moreover, multidimensional item response theory (MIRT) should be also
used to examine the multidimensional psychometric properties (e.g., multidimensional item
difficulty, multidimensional item discrimination, and multidimensional item information
surface across all dimensions of subjective well-being) of the best potential model of the
proposed multidimensionality of subjective well-being as a tridimensional construct. In other
words, MIRT can help to determine and describe the proposed interaction of the vectors of the
multiple latent trait space of persons with the characteristics of test items rather than assuming
a single trait parameter (Reckase, 2009).
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Advanced Classical Test Theory (CTT) Techniques
Despite the usefulness of UIRT, it still has its limitations (Reckase, 2009). For instance,
unidimensionality may be violated when multiple latent dimensions exist in a single test—
some studies have, for example, found subfactors within the positive affect and negative affect
subscales of the Positive Affect Negative Affect Schedule (e.g., Gaudreau et al., 2006;
Killgore, 2000; Mehrabian, 1997). Moreover, besides being unable to reflect the probability of
multidimensionality at the test level, UIRT is unable to reflect multifaceted data regarding the
proposed tridimensional model of subjective well-being. Multidimensional factor analyses
might therefore be needed to obtain a more accurate representation of the complexity of the
tests and the model. As a first step, it is necessary to investigate a multiple-correlated-factor
model to confirm the existence of correlations between the subfactors (i.e., positive affect,
negative affect, life satisfaction, and harmony in life). This model, however, does not account
for a general subjective well-being factor, which is the main factor in the proposed
tridimensional model (see Figure 2). Therefore, as a second step, different multidimensional
factor analyses are needed, such as a higher-order multidimensional factor model in which four
lower-order factors (i.e., positive affect, negative affect, life satisfaction, and harmony in life)
are correlated with a higher-order factor (i.e., subjective well-being) (see Figure 3), and a
bifactor model in which all items are influenced by their respective specific subscales as
secondary dimensions and by a single subjective well-being general factor (see Figure 4). As
the third and final step, the fit indices of all these models must be compared to investigate
whether the best-fitting model is the one that treats subjective well-being as a tridimensional
structure. Next, I briefly explain the advantages and limitations of the main multidimensional
factor analyses used here.
A higher-order multidimensional factor model is useful when scores on the general
factor as well as scores on the subfactors are of interest. In this model, correlations between
the first-order factors (i.e., positive affect, negative affect, life satisfaction, and harmony in life)
are explained in terms of a higher-order factor (i.e., subjective well-being). This model does
not account for relationships between the higher-order factor and each observed item (30 items
in the model). Instead, there are only indirect pathways that are mediated by the subfactors
(i.e., positive affect, negative affect, life satisfaction, and harmony in life). In contrast, by using
bifactor analysis we can test and investigate the multidimensional latent structure of the
theorized general subjective well-being factor and its specific dimensions without correlations
between them (i.e., affect, life satisfaction, and harmony in life). More specifically, in a bifactor
model, every item within each specific dimension (e.g., harmony in life) is assumed to be
influenced by two factors: the general factor (i.e., subjective well-being) and the subfactor (e.g.,
harmony in life). For example, when respondents respond to the item “Most aspects of my life
are in balance” in the Harmony in Life Scale, their response is assumed to be guided by the
level of harmony in life they have in conjunction with their level of total subjective well-being.
In this context, the general factor accounts for the common variance shared by all items in the
model, whereas the subfactor accounts for any remaining common variance specific to the
items within each subfactor. In such a model, there is only a direct pathway from subjective
well-being to each item. This allows researchers to freely estimate the association between the
general latent subjective well-being factor and each of the 30 items in the model. In other words
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Note: SWLS = Satisfaction with Life Scale; HILS = Harmony in Life Scale; NA = negative affect; PA = positive affect.
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Figure 2. Structural equation model of the multidimensional correlated model for the subjective well-being subscales, showing all correlations
between subscales and all paths (from subscales to their items).

Note: SWLS = Satisfaction with Life Scale; HILS = Harmony in Life Scale; NA = negative affect; PA = positive affect.
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Figure 3. Structural equation model of the higher-order-factor model (second-order model) of the subjective well-being score (SWBS) and its
specific subscales, showing all paths from SWBS to specific subscales and from specific subscales to their items.
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Notes: SWLS = Satisfaction with Life Scale; HILS = Harmony in Life Scale; NA = negative affect (Re = reversed items); PA = positive affect.

Figure 4. Structural equation model of the bifactor model of the subjective well-being score (SWBS) and its specific subscales, showing all paths
from SWBS to each item and from specific subscales to their items.

in contrast to the higher-order multidimensional factor model, the advantage of the bifactor
model is that the association between subjective well-being and the items in the model is not
dependent on any mediating sub-paths of the specific subfactors.
Furthermore, as discussed earlier, another disadvantage of common CTT approaches is
that internal reliability is assessed using the Cronbach’s alpha coefficient, which is influenced
by general, group, and specific factors. That is, without partitioning, a high Cronbach’s alpha
might just reflect the reliability of all these sources. Indeed, when the data have a
multidimensional structure, Cronbach’s alpha is affected by all sources of common and
specific item variance, and it can over- or underestimate the reliability of the scale(s).
Importantly, Cronbach’s alpha is based on observed variances and covariances and assumes
that all items have equal loadings on the latent factors; it therefore depends on the average item
intercorrelation and the number of items in the scale—as the number of items and the
intercorrelation values increase, so does Cronbach’s alpha (Rodriguez, Reise, & Haviland,
2016). As a matter of fact, Cronbach’s alpha may indicate high internal reliability even when
the data reflect highly multiple latent structures, or it can also underestimate internal reliability
when the data have a unidimensional latent structure. Moreover, in this case, it is not entirely
straightforward what the correct interpretation of “true score” variation is, because the “true
score” itself is also a weighted composite of multiple latent dimensions (Reise, Bonifay, &
Haviland, 2018). In bifactor analysis, however, Omega reliability coefficients have high
generalizability and help to avoid the limitations of the Cronbach’s alpha coefficient. Omega
coefficients are based on factor loadings, do not assume equal loadings, and can separate the
reliable item’s variance into either latent general factors or latent subscale factors. In other
words, Omega calculations take into consideration both general and group sources of common
variance as “true score” variance and estimates the reliability of a multidimensional scale
(Reise et al., 2018). See Table 1 for the five types of Omega coefficients used here (see also
Flora, 2019).
Another advantage of using bifactor analysis is that we can also compute explained
common variance (ECV)—that is, the sources of item variance that depend on the single
general factor (ECVg) and subfactors (ECVs), the sum of which always equals 1. ECV enables
the substantial development and improvement of psychometric measures (Rodriguez et al.,
2016) by, for example, assessing the dimensionality of a model and clarifying the interpretation
of the relationship between the general factor and subfactors. ECVg is a statistical reliability
index that provides information about the percentage of the common variance explained by the
general latent factor. ECVs, on the other hand, is a statistical reliability index in a bifactor
analysis that refers to the proportion of common variance in the observed scores across all
items explained by the subfactors. In general, a high ECVg value suggests that the proposed
model has a strong general latent dimension (in this case, subjective well-being) rather than
several latent subfactors (in this case, positive affect, negative affect, life satisfaction, and
harmony in life).
Furthermore, using bifactor analysis, we can also compute item explained common
variance (I-ECV). I-ECVg is a statistical reliability index that provides information about the
percentage of the common variance at the item level that is expected based on the general latent
factor. At the item level, in a bifactor analysis, I-ECVg is a statistical reliability index that
indicates how much of the common reliable variance at the item level is explained by the
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general factor, while I-ECVs refers to how much of the common variance at the item level is
explained by a subfactor (see, e.g., Stucky et al., 2013; Toland et al., 2017). The sum of the IECVg and I-ECVs values always equals 1. This allows researchers to understand what items
are included, and how accurate these items are, in the measurement of the specific subfactor,
the general factor, or both.
Table 1. The five types of Omega used in the bifactor model in this thesis (Study 2).
Omega coefficient
Omega total

Omega hierarchical
Omega hierarchical
subscale
Omega subscale

Omega general for subscale

Symbol

Definition
A reliability estimate that provides information about the amount of the
ωTotal common variance of item variance in a given model that belongs to the
reliable variance of the general latent factor and of specific subscale(s).
A reliability estimate that provides information about the amount of
ωH variance of all items in a given model that belongs solely to the reliable
variance of the general latent factor.
A reliability estimate that provides information about the amount of the
ωHS subscale reliable variance after controlling for the reliable variance due
to the general latent factor.
A reliability estimate that provides information about the amount of the
ωS subscale reliable variance due to both the general latent factor and the
specific corresponding subscale.
A reliability estimate that provides information about the subscale
ωGS reliable variance in a given model accounted only by the reliable
variance of the general latent factor.

Note: Adapted from Nima et al. (2020a).
Lastly, the proposed tridimensional model of subjective well-being assumes that affect,
life satisfaction, and harmony in life are subdimensions of a general subjective well-being
factor. As mentioned earlier, sometimes when СTT is used, researchers sum the items in the
scale to form a total score for the proposed latent trait. This approach ignores the possible
differences between the items, assuming an equal contribution of each item to the total score
for the participant’s level of the latent trait. Furthermore, in a multiple-correlated-factor model,
researchers cannot account for a factor latent score of subjective well-being as a broad general
factor, which is the main factor in the proposed tridimensional model. In addition, in a higherorder model there is an indirect relationship between a higher-order factor (i.e., subjective wellbeing) and each item in the higher-order-factor model, whereas the relationship between
subjective well-being and each item is direct in all other models tested here. These differences
regarding item–factor relationships might lead to different total factor scores between the
different models. For instance, using the bifactor model, researchers can clearly separate the
influence of the general factor (i.e., subjective well-being) and of each subdimension (i.e.,
affect, life satisfaction, and harmony in life) on each item. In sum, regarding the scores of the
proposed tridimensional model, the bifactor model was expected to successfully cover the
broad latent factor and allow for the calculation of factor scores for each specific latent
subdimension (i.e., affect, life satisfaction, and harmony in life). These purified scores are
probably more precise without the limitations of the other models (e.g., the unweighted-item
effect and indirect correlations).
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Multidimensional Item Response Theory (MIRT)
Although these advanced classical test theory techniques (i.e., the third, fourth, and especially
fifth models) could be employed to measure the proposed tridimensional model of SWB using
factor-analytic approaches, these techniques still have many limitations. In factorial analytic
approaches, statistical estimates can be greatly affected by the particular sample properties
(e.g., sample size and other features), while in MIRT, the person’s latent trait estimates are
invariant with respect to the instrument, so the precision of these estimates in IRT is due to the
individual level of the latent trait and not just the group characteristics (De Ayala, 2009). As
mentioned above (when I explained the advantages of IRT versus the disadvantages of CTT),
IRT could overcome the more limited information from correlation matrices regarding the
factor analysis technique, compared with the important information that could be provided
using IRT regarding the actual interactions between the person’s latent traits and her responses
to the properties of test items such as discrimination and difficulty. Moreover, it may be more
realistic to apply MIRT when there are indicators that the data have a tendency for
multidimensionality in which the respondent’s responses to test items are due to her locations
on multiple underlying variables/dimensions. Thus, besides the UIRT and factor analysis
approach, current research on the validation of a tridimensional model of SWB needs other
advanced methods, such as MIRT, to provide both scientific understanding and clearer
definitions of the multidimensional situation of subjective well-being and its components.
MIRT models could be used to investigate the dimensionality of models in which items
simultaneously reflect different dimensions of the latent traits skills, knowledge, or cognitive
processes (Embretson & Reise, 2000). It has been suggested that MIRT, by extending UIRT
models to analyze and assess item properties (e.g., multidimensional item difficulty and
multidimensional item discrimination) that require multiple latent traits, will help to obtain a
more precise and accurate representation of the complexity of an instrument’s structure. For
instance, a unidimensional approach (i.e., using UIRT) may be an inappropriate psychometric
tool when multiple latent dimensions are imbedded and exist in a single measure/test. In short,
MIRT enables us to hypothesize, model, and develop an intuitive interpretation and
understanding of the vectors of more than one latent variable, in order to explain the potential
interaction of item properties (e.g., multiple discrimination between levels of several different
latent traits) and the respondent’s response behavior regarding these multiple
variables/dimensions. The respondent’s capacity and characteristics influence her responses
(i.e., response patterns) to a multidimensional trait space, which can vary in different situations
both between and within the individual—two individuals might, for example, have the same
levels of subjective well-being but differ in their levels of positive affect; at the same time, an
individual might have a high level of subjective well-being but a lower level of positive affect,
and vice versa. Bifactor graded-response MIRT (bifactor-GR MIRT), i.e., there are more than
two possible categories, and the most common examples are Likert-type items, is applied as a
special type of bifactor polytomous MIRT. In bifactor polytomous MIRT, each latent trait (i.e.,
life satisfaction, harmony in life, positive affect, and negative affect) is treated as a subfactor/subdimension in addition to the general dimension that has direct paths to all items and
represents subjective well-being as a tridimensional construct. In other words, in this model,
all items measure the general dimension (i.e., subjective well-being) as well as one of the four
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specific factors. Moreover, all dimensions are constrained to be uncorrelated/orthogonal to one
another.
In general, in MIRT, the multidimensional item discrimination and item discrimination
parameters (i.e., conditional and marginal discrimination parameters) of the multidimensional
latent trait model have an equivalent interpretation of the discrimination power of the item as
they do in UIRT. The multidimensional item discrimination parameter reflects the vector (as a
single value) of the power of discrimination for more than one latent trait in the
multidimensional latent space. In other words, the multidimensional item discrimination
parameter, regardless of the number of latent traits, is conceptually analogous to the
unidimensional discrimination item and can be interpreted similarly, but the multidimensional
item discrimination parameter is conditioned by the discrimination parameter of each latent
dimension. Mathematically, it is the square root of the sum of the squared discrimination
parameters (i.e., conditional slopes) of each underlying dimension. Importantly, as for
unidimensional models, the greater the item’s discrimination capability, the greater the item’s
multidimensional information in a particular direction (De Ayala, 2009). Because the
probability of an item response pattern depends on the conditional interaction among the
multiple latent traits (i.e., the general factor and the other subfactors), we must calculate
marginal slopes to simplify and clarify this conditional interaction (Stucky, Thissen, & Edelen,
2013). To calculate marginal slopes for both the general factor and the subfactors, I first
calculated the marginal factor loadings for both the general factor and the subfactors, and then
calculated the unexplained item variances for both the general factor and the subfactors (Stucky
et al., 2013). In general, the discrimination parameter can vary within a range from –∞ to +∞;
values of 0.01–0.34 can be considered very low, 0.34–0.64 low, 0.65–1.34 moderate, 1.35–
1.69 high, and ≥1.70 very high (Baker, 2001).
The item intercept term in MIRT includes both multidimensional item difficulty and
multidimensional item discrimination parameters (i.e., the interaction between the
multidimensional item difficulty and multidimensional item discrimination: Intercept =
–[MDIFF*MDISC]). The item intercept term cannot be interpreted as a multidimensional item
difficulty parameter. In other words, I cannot offer an easy interpretation of multidimensional
item difficulty using the item intercept parameter, so I also calculated the multidimensional
item difficulty parameter as a single value that represents the difficulty of the item being tested.
In general, a negative and/or a low value of the multidimensional item difficulty parameter
indicates that this item requires low levels of the underlying trait in order to have a high
probability (i.e., greater than .5) of being chosen and of corresponding correctly to the
respondent’s actual level in that specific trait. In other words, a multidimensional item
difficulty parameter in the multidimensional space of traits is interrupted just as is the
parameter of location/difficulty on the continuum in UIRT. Importantly, while GR UIRT
models generate an item category curve, bifactor-GR MIRT models yield item response
category surfaces, reflecting the probability of each category of responses, which is conditional
on multiple latent traits, not single traits as in GR UIRT. In other words, in unidimensional
models there is a single point where the probability of choosing responses equals 0.50, while
in multidimensional models there is a line of points (i.e., inflexion line) where the probability
of choosing a response equals 0.50 in a multidimensional space (see Figure 2 in Study 3 for an
example of this important difference between GR MIRT and GR UIRT). The multidimensional
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item information surface in MIRT reflects how much information each test item can provide
and reflects the area of the continuous latent variables in the multidimensional space in which
measurement of the respondent parameters is most precise and the concept of information in
IRT is inversely related to the error.

Aim of the Thesis
In sum, I propose that a more accurate conceptualization of subjective well-being requires not
only a distinction between affective evaluations of emotional experiences and cognitive
evaluations of life satisfaction (Diener et al., 2018), but the distinction of these two dimensions
from behavioral evaluations of harmony in life. In this context, subjective well-being is
expected to be better measured as a higher-order factor, with harmony in life being at the core
of such a tridimensional conceptualization of subjective well-being. Because subjective wellbeing is measured through self-reports, as a first step, the aim of my thesis was to investigate,
using IRT and more advanced CTT techniques, the psychometric properties of the two
instruments commonly used to measure the affective and cognitive dimensions of subjective
well-being (i.e., the Positive Affect Negative Affect Schedule and the Satisfaction with Life
Scale) along with a new instrument, tentatively suggested to measure a third subjective wellbeing dimension (i.e., the Harmony in Life Scale). These measures are not only the most
common ones used when measuring the different components of subjective well-being, but, as
reviewed in the introduction, past research using common CTT techniques considers them to
have adequate psychometric properties. Nevertheless, these techniques have their limitations,
limitations that can be overcome by using IRT and more advanced CTT methods, such as
bifactor analysis. To the best of my knowledge, Study 1 is the first to examine, at the scale,
item, and response-option levels, these three subjective well-being instruments in the same
study using UIRT. After establishing the properties of subjective well-being at these levels in
Study 1, I used a different population and applied advanced CTT techniques in Study 2 to
examine, at the model level, whether subjective well-being was a general factor with affect
(positive and negative), life satisfaction, and harmony in life as its subfactors (i.e., the proposed
tridimensional model of subjective well-being). Moreover, I used a third different population
and applied MIRT in Study 3 to simultaneously examine at the model, scale, item, and
response-option levels the multidimensionality and psychometric properties of the structure of
subjective well-being as a general factor and its components as subfactors (i.e., combining both
techniques used in Studies 1 and 2).
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Summary of the Studies
Method: Studies 1, 2, and 3
Ethical Statement
Ethics approval was not required at the time the research was conducted as per national
regulations. The consent of the participants was obtained by virtue of survey completion after
they were provided with all relevant information about the research (e.g., anonymity).
Participants and Data Collection Procedure
The participants in all three studies were recruited through Amazon’s Mechanical Turk 1
(http://www.mturk.com/mturk/welcome). All participants originated from the USA and spoke
English as their first language. Participants were informed that the survey was voluntary, that
the results would be anonymized, that they could terminate the survey at any time, and that
those who accepted would receive $0.50 (Studies 1 and 2) or $1.00 (Study 3) as compensation
for their participation.
The final sample in Study 1, after removing those who responded erroneously to one or
more control questions (n = 100, 9.09% of all respondents) consisted of 1000 participants (404
males and 596 females), including two who did not report their age (mean age of 998
participants = 34.22 years, SD = 12.73, range 18–74). However, because the instructions,
format, and response scale of the Satisfaction with Life Scale and the Harmony in life Scale
are exactly the same, participants were randomly presented with the Satisfaction with Life
Scale (mean age of 498 participants = 34.08 years, SD = 12.55, range 18–74; male = 217 and
female = 283) or the Harmony in Life Scale (mean age of 500 participants = 34.36 years, SD
= 12.92, range 18–73; male = 187 and female = 313) to prevent the similarity between the
scales from influencing participants’ responses.
The final sample in Study 2, after removing those who responded erroneously to one or
more control questions (n = 73; 12.17% of all respondents), consisted of 527 participants (200
males and 327 females). In Study 3, we removed all data from participants who responded
erroneously to one or more control questions as well as all data from those who completed the
survey in under 10 minutes (about 57%). The final sample consisted of 435 participants (197
males and 238 females) with a mean age of 44.84 years (SD = 13.36) of whom 10.30% reported
being divorced, 2.80% widowed, 12.40% living with another, 49.40% married, 0.90%
separated, and 24.10% single.
Measures
The Positive Affect Negative Affect Schedule (PANAS; Watson et al., 1988) measures a
person’s experience of positive affect (Positive Affect Scale) and negative affect (Negative
Affect Scale). The respondents were asked to estimate and rate to what extent they felt 10
1
Amazon’s Mechanical Turk allows data collectors to recruit participants (i.e., workers) online to complete
different tasks for money (for a review of the validity of this method of data collection, see, e.g., Rand, 2011;
Buhrmeister, Kwang, & Gosling, 2011).

37

positive (e.g., “Attentive”) and 10 negative (e.g., “Hostile”) feelings and moods over the
previous week on a five-point scale (1 = very slightly or not at all, 5 = extremely).
The Satisfaction with Life Scale (SWLS; Diener et al., 1985) measures individuals’
global cognitive judgments of their life as a whole in relation to a self-imposed ideal using five
items (e.g., “In most ways my life is close to my ideal”) and a seven-point Likert scale (1 =
strongly disagree, 7 = strongly agree).
The Harmony in Life Scale (HILS; Kjell et al., 2016) assesses a person’s global sense
of harmony in life and consists of five statements (e.g., “My lifestyle allows me to be in
harmony”) for which respondents are asked to indicate their degree of agreement on a sevenpoint Likert scale (1 = strongly disagree, 7 = strongly agree).
Statistical Procedure
Study 1
All analyses were conducted using the following software: STATA version 14, R, SPSS
version 24, and AMOS version 24. First, I conducted exploratory factor analysis (EFA) and
confirmatory factor analysis (CFA) to replicate past evidence concerning the unidimensional
factor structures of each of the subjective well-being measures. However, as the results of this
procedure showed that most of the items in the model can be considered locally dependent, the
data had a tendency for multidimensionality rather than unidimensionality. Moreover, the
response function of the probability of getting correct responses to each item within each scale
increased when the person’s latent trait level increased. In other words, each instrument
displayed monotonicity, which is the second characteristic needed to conduct further IRT
analyses. Lastly, the participants’ responses to items regarding their, for example, life
satisfaction did not vary due to gender characteristics (i.e., DIF).
I also tested the item fit using the Orlando-Thissen-Bjorner item-fit S-χ2 statistic to
determine the absolute fit of the model to each item. The results indicated that three items were
still significant after correction, showing that they did not fit the model adequately. These three
items, however, had good properties overall, including reliable information, discrimination,
and difficulty parameters; I therefore kept them in the models for further analyses. All analyses
to this point were simple procedures needed to conduct the IRT analyses. The reader can see
further details regarding this in Study 1.
For the main analyses, as stated earlier, I implemented an IRT model using the GRM
method for each subjective well-being scale, which is appropriate for ordinal responses to items
that share the same rating scale structure. In addition, to investigate convergent and
discriminant validity, I calculated correlations between the different scales using Pearson’s
correlation coefficient.
Study 2
Based on the Expectation-Maximization Algorithm, 527 participants’ responses (males = 200,
females = 327) were found to be valid. The skewness and kurtosis values for these items
indicated that the data violated the assumption of normality, so I used the Satorra Bentler χ2 in
further analyses conducted in the following software: STATA version 14, SPSS version 24,
and Microsoft Excel. The first analysis described the map of correlations among all items (30
items) in the model and the correlations between the subjective well-being total score (SWBS)
and its four specific subscales (i.e., Positive Affect Negative Affect Schedule, Satisfaction with
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Life Scale, and Harmony in Life Scale) using Pearson’s correlation coefficient. This also
allowed for the investigation of the convergent and discriminant validity of the scales in the
model.
As a third set of analyses, the main statistical procedures were: (1) exploratory factor
analysis (EFA) to investigate the underlying structure regarding SWBS and each specific scale
as five separate latent traits; and (2) confirmatory factor analysis (CFA) to test the different
theoretical models of the tridimensional model of subjective well-being. Within this set of
analyses, I applied different models in order to (a) test the proposed multidimensional
correlated model of the subscales, (b) test a higher-order multidimensional factor model, and
(c) test a bifactor model.
As a fourth set of analyses, I tested the scales’ reliability using Omega reliability
coefficients, which have high generalizability and overcome the limitations of the Cronbach’s
alpha coefficient. I computed five Omega coefficients (see Table 1). In the fifth and sixth
analyses, I computed ECV and I-ECV. In the seventh and final analysis, I tested whether the
bifactor model is a more suitable alternative for calculating purified latent factor scores
concerning general and specific latent factors compared with the traditional average score
approach and the different models’ factor scores (i.e., unidimensional, correlated-factor, and
higher-order-factor models).
Study 3
Because the first two studies together established the multidimensionality of subjective wellbeing, and that the best-fitting model with which to measure its multidimensional nature was
the bifactor model, I applied bifactor-GR MIRT in Study 3 to further investigate our proposed
tridimensional model of subjective well-being. In the implemented bifactor-GR MIRT model,
there were no assumed correlations among the subscales: affect, life satisfaction, and harmony
in life. Moreover, the bifactor-GR MIRT model had only a direct pathway from subjective
well-being to each item. This allowed us to freely estimate the association between the general
latent factor and each item, so this association is not dependent on any mediating sub-paths of
the specific subfactors.
Regarding local independence, LD-X2, the Cramer’s V coefficient, and the Q3 statistic
(Chen & Thissen, 1997) were calculated to measure the local independence violation. The
results did not perfectly reflect the local independence between item pairs. However, the
bifactor-GR MIRT could completely explain most of the item response patterns or covariations
within the suggested model of subjective well-being. In other words, the bifactor-GR MIRT
could greatly improve the modeling regarding item response covariates compared with the
UIRT methods used in Study 1, in which there was an obvious violation regarding the
assumption of local independence and the data had a multidimensional tendency.
Regarding the assumption of monotonicity, we tested model–data fit statistics for the
item and model levels. To test the item-level model–data fit, we used the Orlando-ThissenBjorner item-fit S-χ2 statistic and the root mean square error of approximation (RMSEA) based
on the S-χ2 statistic (RMSEA S-χ2). Moreover, the Benjamini-Hochberg criterion for p-value
adjustment was also applied. Because most items were adequately fit and only six items were
still significant after correction, I decided that we could continue with all items in further
analyses (see Table S3 in the Supplementary Material in Study 3 for more details).
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To determine the global model–data fit, we used various fit indices. The results showed
that the limited information goodness-of-fit test statistic M2 value was significant (M2 = 483.00,
df = 265, p < .001). Because the M2 statistic is influenced by sample size (i.e., larger samples
lead to higher values and to a greater likelihood of being significant), we took account of all
other fit indices that indicated acceptable model fit: the Tucker-Lewis Index (TLI) was .94, the
comparative fit index (CFI) was .95, the standardized root mean square residual (SRMSR) was
.04. and the RMSEA fit statistic was .04.
In short, regarding the IRT assumptions, we consider bifactor-GR MIRT to be
applicable for examining and representing the redundancy of the multidimensionality of
subjective well-being as a tridimensional construct. Importantly, the negative affect scores
were reversed because the negative affect items are negatively related to subjective well-being.
We used R version 3.6.3, SPSS version 26, and Microsoft Excel to analyze the data.

Results: Study 1
IRT Analyses of Subjective Well-Being Scales
The results revealed that the frequency distributions of all items measuring positive affect,
negative affect, satisfaction with life, and harmony in life were different. For example, for the
item “Determined,” 20.80% of the respondents reported the highest level (5 = extremely),
compared with the item “Enthusiastic,” for which only 10.30% of the respondents reported the
highest level (5 = extremely). In other words, some items such as “Enthusiastic” were more
difficult, as illustrated by the proportion of participants choosing the highest response of the
scale, compared with other items such as “Determined.” I also found that all items in these four
scales had different estimated betas. The difficulty parameter beta can be more easily
understood by looking closer at an example item. For instance, a respondent with –2.54 for the
item “Interested” has a 50% chance of responding 1 (very slightly or not at all), versus a greater
or equal chance of responding 2 (i.e., responses 2, 3, 4, or 5), while a respondent with –1.36
for “Interested” has a 50% chance of responding 1 or 2, rather than a greater or equal chance
of responding 3 (i.e., responses 3, 4, or 5). Moreover, for different items, the betas of a response
in a specific part of the scale differed; for example, while the beta was 1.65 for the item “Alert”
for the response category 5 (extremely), it was 1.15 for the item “Determined” for the same
response category. This suggests that the differences between response categories around these
locations are not equal across items. Furthermore, the differences in difficulty varied within
each item (i.e., distances between responses for each item). For example, within the Positive
Affect Scale, for the item “Interested” (see Table 2 in Study 1), the difference between ≥2 and
≥3 is –2.54 – (–1.36) = –1.18, while the difference between ≥3 and ≥4 is –1.36 – (–0.12) = –
1.24. These specific results suggest that respondents’ total scores on each subjective well-being
scale might differ depending on whether the scores are calculated using IRT or CTT—in CTT
differences are treated as equal and added without further justification. Regarding item
discrimination estimates, the results showed that all items in these four scales had high
discrimination values (e.g., alphas for positive affect of 1.37–2.65). This indicates that the
items can differentiate well between respondents with high and low levels of the four latent
scores (i.e., positive affect, negative affect, satisfaction with life, and harmony in life).
Furthermore, the IRT analyses showed that items differed in their difficulty estimates, which
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might reduce each scale’s internal consistency. For example, for the item “Interested,”
participants with latent trait (i.e., positive affect) levels below –2.46 are most likely to respond
1 (very slightly or not at all), while the participants with positive affect levels between –2.46
and –1.38 are most likely to respond 2, and so on. Moreover, the probabilities of options 1 and
5 for the item “Interested” were about equal and very high (for more detail, see Figure 2 in
Study 1). These results were similar for the other scales (i.e., negative affect, satisfaction with
life, and harmony in life). However, the four subjective well-being constructs, like any other
psychological construct for that matter, are better operationalized by formulating items that
vary in their difficulty estimates, thereby covering as great a range as possible of the proposed
latent trait.
I also investigated the item information function to get an idea of how much information
(i.e., the properties of each item in terms of both its difficulty and discrimination estimates)
was provided by each item in the scales. For example, the items “Enthusiastic” and “Excited”
had the highest discrimination indices and seem to provide more information about
participants’ level of positive affect than do the remaining items, while the items “Alert” and
“Attentive” provide less information. In general, the positive affect items cover the distribution
of the true range of the latent trait (theta, θ) from low (–2.50) up to high (2.30). The highest
level of information for the latent trait of positive effect was located at –.50 (theta), indicating
that the Positive Affect Scale has the smallest standard error and provides the most information
about participants’ latent positive affect at this specific point on the scale. However, there is
almost no reliable information below –3.50 and above 3.50 (theta) and the standard error
increases quickly for both lower and higher theta values for positive affect. Consequently,
regarding the reliability of different levels of positive affect, I found that the scale’s reliability
was
very
good
(between
.88
and
.91)
at
θ
=
–2.00,
θ
=
–1.00, θ = 0.00, θ = 1.00, and θ = 2.00, that reliability is good (.75) at θ = –3.00, but that
reliability is poor (.64) at θ = 3.00. These results regarding the items and the scales’ information
were similar for negative affect, satisfaction with life, and harmony in life (for details, see
Tables 3 and 8 in Study 1).
Finally, the Pearson correlations between the four scales ranged from −0.38 (p < 0.01)
to 0.46 (p < 0.01). More specifically, positive affect was positively and significantly correlated
with life satisfaction (r = 0.30, p < 0.01) and harmony in life (r = 0.46, p < 0.01). Conversely,
negative affect was negatively and significantly correlated with life satisfaction (r = −0.30, p
< 0.01) and harmony in life (r = −0.38, p < 0.01). Moreover, positive affect and negative affect
were negatively and significantly correlated with each other (r = −0.25, p < 0.001). Hence,
there is sufficient convergent and discriminant validity between the tested constructs.

Discussion: Study 1
The aim of Study 1 was to validate the psychometric properties of the three subjective wellbeing instruments at the scale, item, and response-option levels using UIRT.
Affective Dimension: Positive and Negative Affect
Earlier validation studies using CTT (e.g., Crawford & Henry, 2004) have achieved best-fitting
models by specifying error correlations between items that are semantically close to each other
and that form constellations of items such as: Nervous–Jittery, Interested–Alert–Attentive,
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Guilty–Ashamed, Proud–Determined, Excited–Enthusiastic–Inspired, Hostile–Irritable,
Distressed–Upset, and Scared–Afraid. On this basis, some researchers (e.g., Thompson, 2007,
2017) suggest that these covariances might indicate the possibility of item reduction without
serious repercussions for the content domain or internal consistency reliability of the scales.
Nevertheless, the results in Study 1 showed that participants’ responses to the different items
in the Positive Affect Negative Affect Schedule varied. In other words, participants might
respond at the highest level of the scale for some positive affect items and at the lowest level
for other items in the same Positive Affect Scale. For instance, for the Proud–Determined
constellation, in Study 1 “Determined” was shown to cover the highest levels of the Likert
scale and “Proud” to cover the lowest levels. For the Guilty–Ashamed constellation, we need
to consider that “Guilty” covered the lowest levels of the Likert scale, while “Distressed” from
the Distressed–Upset constellation covered the highest levels. Therefore, deleting any of the
items in these constellations has repercussions for which item should be kept from any of the
other constellations, because the scale will need an item that covers lower/higher values. The
UIRT results in Study 1 suggest that choosing which item to delete is more complex than just
looking at the covariances between items closely related in meaning, as suggested by CTT
studies.
Furthermore, half of the items (e.g., “Enthusiastic,” “Proud,” “Scared,” “Afraid,” and
“Distressed”) provided satisfactory information and discrimination values and seem useful for
discriminating well between respondents, while the items “Alert,” “Attentive,” “Jittery,” and
“Hostile” provided less information but still good discrimination. This again suggests that these
items, especially “Alert,” can be removed or even replaced with items that discriminate equally
well but better cover lower values of the scale and provide more information about the whole
ideal range for measuring the positive and negative affect constructs (i.e., theta –3.00 to +3.00).
Lastly, the affect scales could not satisfactorily measure extreme levels of positive or negative
affect, so additional items that complement each other in their difficulty and discrimination
levels are needed in order to improve the scales’ psychometric properties. In sum, without the
recommended improvements, the Positive Affect Negative Affect Schedule is useful for
measuring the affective component among individuals who do not experience extremely high
or extremely low levels of positive and negative affect.
Cognitive Dimension: Life Satisfaction
Past studies using CTT methods suggest that the fifth item (“If I could live my life over, I
would change almost nothing”) of the scale often displays lower factor loadings and item–total
correlations than do the first four items of the scale (e.g., Senécal et al., 2000). Likewise, Study
1 also indicated that the fifth item is somewhat distinct (i.e., conveys less information) from
the other four items of the scale. This is important because misleading results might be obtained
when researchers make comparisons based on raw scores in certain populations (e.g., Oishi,
2006; Vittersø et al., 2005). In this regard, I agree with Pavot and Diener (2008), who suggested
that because this specific item strongly implies a summary evaluation of past years, people’s
responses to it might involve a different cognitive recollection from those involved in responses
to items that imply a focus on, for example, temporal summation (e.g., Item 3: “I am satisfied
with my life”). In general terms, however, the other four items had satisfactory information
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values and could differentiate well between respondents. These results reinforce that item five
should be removed or modified to develop the psychometric properties of the scale.
However, the scale could not sufficiently measure extreme low/high levels of life
satisfaction. Thus, as for the affect scale, additional items that complement each other in their
difficulty and discrimination levels are needed in order to improve the scale’s psychometric
properties. That is, the current version of the Satisfaction with Life Scale is suitable for
measuring the cognitive component among individuals who do not experience extremely high
or extremely low levels of satisfaction with their life in relation to a self-imposed ideal.
Behavioral Dimension: Harmony in Life
As for the results of the other two subjective well-being measures, the items of the Harmony
in Life Scale displayed varied frequency distributions, high discrimination values, and different
difficulty parameters (beta) for each specific response option. Regarding difficulty, for
example, participants were relatively less likely to choose the highest point in the Likert scale
(7 = extremely agree) when evaluating the statement in item 3 (“I am in harmony”) and more
likely to choose this response when evaluating the statement in item 4 (“I accept the various
conditions of my life”). In addition, items 2 (“Most aspects of my life are in balance”) and 3
(“I am in harmony”) have the highest discrimination estimates (alpha) and provide more
information than do the remaining three items. These two items, together with item 1 (“My
lifestyle allows me to be in harmony”), provide satisfactory information values, so they
differentiate well between respondents with high and low levels of harmony in life.
In addition, with regard to item 4 (“I accept the various conditions of my life”) having
low information value, the statement is probably more related to the concept of self-acceptance
than to harmony per se. Self-acceptance has, for instance, been conceptualized as one subtrait
of the personality trait of self-directedness (Cloninger, 2004). In other words, even though selfacceptance has been identified as an important trait that promotes well-being, it is a personality
trait rather than a construct of subjective well-being. With regard to the low information level
of item 5 (“I fit in well with my surroundings”), perhaps the word “surroundings” is too specific
or confuses the respondents. In other words, “surroundings” might be misinterpreted as only
the physical environment or adjacent area, which stands in contrast to both the concept of
harmony as the sense of balance and flexibility that an individual experiences in relation to the
world around her (Li, 2008a,b) and the way people describe how they pursue harmony—that
is, using words that describe more than just adjacent areas, such as nature, in contrast to words
people use to describe how they pursue life satisfaction, such as job and house (see Kjell et al.,
2016), which might be what some respondents interpret as their “surroundings.” A possible
modification, for example, could be to change the statement in item 5 to “I fit in well with the
world around me (e.g., nature).”
In sum, as for the other two scales, the harmony scale could not sufficiently measure
extreme low/high levels of harmony in life. Additional items that complement each other in
their difficulty and discrimination levels are therefore needed in order to improve the scale’s
psychometric properties. That is, the current version of the Harmony in Life Scale is suitable
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for measuring the behavioral component among individuals who do not experience extremely
high or extremely low levels of harmony in life.

Results: Study 2
The Map of Correlations
The map of correlations among items in Study 2 showed that most of the correlations were
high and significant. Some items, such as the item “Alert,” however, had only low correlations
with items within and outside its specific subscale. This specific item might not be a good
marker of positive affect or the general latent factor of subjective well-being. Indeed, item
covariances between items of the different subscales are pure reflections of general factor
saturation, whereas covariances between items within subscales reflect a mixture of general
factor saturation and group factor saturation (Zinbarg, Revelle, & Yovel, 2007). The map of
correlations thus reflected a multidimensional latent construct rather than a unidimensional
latent construct.
Convergent and Discriminant Validity
The Pearson correlations between the four scales ranged from −0.34 (p < 0.01) to 0.83 (p <
0.01). More specifically, positive affect was positively and significantly correlated with life
satisfaction (r = 0.52, p < 0.01) and harmony in life (r = 0.55, p < 0.01). Conversely, negative
affect was negatively and significantly correlated with life satisfaction (r = −0.51, p < 0.01)
and harmony in life (r = −0.60, p < 0.01). Moreover, positive affect and negative affect were
negatively and significantly correlated with each other (r = −0.34, p < 0.001). The largest
correlation was between life satisfaction and harmony in life (r = 0.83, p < 0.01). Hence, there
is sufficient convergent and discriminant validity between the model’s four different
constructs.
Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA)
A series of EFAs and CFAs tested whether the correlations among items in each specific
subscale were explained by a single latent trait. All subscales had only one eigenvalue that was
greater than one, except for positive affect, which had two eigenvalues that were greater than
one (4.08 for life satisfaction, 4.21 for harmony in life, 6.56 for negative affect, and both 5.88
and 1.18 for positive affect). Nevertheless, due to the large difference between the first (5.88)
and second (1.18) eigenvalues regarding positive affect, we interpreted the largest eigenvalue
as accounting for one extracted factor with a reasonably large proportion of the total variance.
As a second step in this set of analyses, we conducted four CFAs using SEM to
separately examine the unidimensional factor structures of each subscale. For the Satisfaction
with Life Scale, the model fit was acceptable; for the Harmony in Life Scale, the model was
generally not a good-fitting model; for the Positive Affect Scale, the model fit was not
acceptable; and for the Negative Affect Scale, the results indicated a poor model fit. Hence, as
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indicated by the high RMSEA values, the models were not well enough fitting.2 Indeed, these
high values suggest that there are large residuals in these models that might be caused by
measurement error and/or a latent multidimensional structure.
As a next step, we applied EFA and CFA to test whether the correlations among all 30
items were explained by only one single latent trait (i.e., a unidimensional model of the
subjective well-being scale). We conducted EFA using Principal Component Analysis (PCA)
to test this model, which had four eigenvalues that were greater than one (i.e., 13.63, 4.14, 2.57,
and 1.14). We also conducted CFA using SEM to test whether the correlations among all 30
items were solely explained by a unidimensional model (i.e., the subjective well-being scale).
Like the high RMSEA values, the four eigenvalues that were greater than one suggested large
residuals in this model. These residuals not only showed that the model did not fit sufficiently
well, but also might mirror the expected latent tridimensional structure that contains both
general and specific latent factors.
We applied CFA using SEM analysis to test the proposed tridimensional correlated
model, and the results showed that the model fit was acceptable. This model was, however,
unable to give us adequate information about the general factor (i.e., subjective well-being)
because it contained only four correlated specific subscales. Therefore, we applied CFA using
SEM analysis to test a higher-order factor. The results showed that the model fit was
acceptable. In this model, subjective well-being could directly influence its specific subscales,
but it could only indirectly influence each item. In sum, this model did not clearly describe the
effect of a general latent subjective well-being factor on each item because these specific
subscales (first-order traits) mediated this effect, so there was no direct relationship (pathway)
between SWBS and each item.
Finally, we applied CFA using SEM analysis to investigate the bifactor model. This
model was the best model regarding fit indexes compared with the other models tested here.
Hence, the bifactor model was the only one considered in further analysis. For more details
regarding the goodness-of-ﬁt indices for all three models tested, see Table 2.
Table 2. Goodness-of-ﬁt indices for confirmatory factor analysis using structural equation
modeling with robust maximum likelihood of the different tridimensional factorial structures
of subjective well-being.
TLI
Model
RMSEA
CFI
S-B χ2(df)
χ2(df)
M1
.070
.91
.90
1413.64 (399)
1875.24 (399)
M2
.070
.91
90
1419.90 (401)
1881.49 (401)
M3
.067
.92
.91
1265.80 (375)
1660.78 (375)
Notes. M1 = Multidimensional correlated model for the subjective well-being subscales (i.e.,
Satisfaction with Life Scale, Harmony in Life Scale, Positive Affect Scale, and Negative Affect
Scale); M2 = Higher-order-factor model of subjective well-being and its subscales; M3 =
Bifactor model of subjective well-being and its specific subscales; n = 527.

As RMSEA is known to be inflated in low-df models (Kenny, Kaniskan, & McCoach, 2015), we used multiple
indices to provide different types of information about the model fit. Used together, these indices provide a more
conservative and reliable evaluation of the model fit (Maruyama, 1997).
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In the bifactor model, the standardized regression weights on the subjective well-being
scale were .62–.85 for the items in the Satisfaction with Life Scale, .82–.96 for the items in the
Harmony in Life Scale, .39–.62 for the items in the Negative Affect Scale, and .25–.57 for the
items in the Positive Affect Scale. The standardized regression weights on specific subscales
for their respective items ranged from .37 to .47 for the Satisfaction with Life Scale, –.46 to
.18 for the Harmony in Life Scale, .45 to .67 for the Positive Affect Scale, and –.54 to –.71 for
the Negative Affect Scale. In this model, we reversed the scores of the negative affect items
because these items could yield negative factor loadings on the subjective well-being scale. In
general, the results of the bifactor model indicated that: (1) the model fit indices were
acceptable and the best compared with those for the other models tested here; (2) the loadings
of the Harmony in Life Scale’s items on the general latent factor (i.e., the subjective well-being
scale) were very high and the highest, and at the same time the loadings of these items on the
specific latent factor (i.e., harmony in life) were very low and the lowest, indicating that the
Harmony in Life Scale’s items contributed greatly to the general factor (i.e., the subjective
well-being scale) but not to harmony in life itself; (3) the loadings of the Satisfaction with Life
Scale’s items on the general latent factor (SWBS) were also high and still high but only
moderately so for the specific latent factor (i.e., life satisfaction), confirming that the
Satisfaction with Life Scale’s items contributed more to the general factor (i.e., subjective wellbeing scale) than to life satisfaction; and (4) the loadings of items in the Positive Affect Scale
and the Negative Affect Scale on the general latent factor (i.e., the subjective well-being scale)
were lower than the loadings of these items on their corresponding specific latent factors (i.e.,
positive affect and negative affect, respectively), indicating that the items in these scales
reflected a mixture of general latent structure saturation and specific latent structure saturation,
but still contributed to their respective specific latent factors more than to the general latent
factor (SWBS).
Factor Eigenvalues for the Bifactor Model
The results showed that the general factor (i.e., subjective well-being) had a large eigenvalue
(11.47), that two of the subscales had eigenvalues greater than one (3.58 for positive affect and
3.73 for negative affect), and that harmony in life (.29) and life satisfaction (.91) had
eigenvalues that were less than one. These eigenvalues, together with the results presented
above, indicated that most of the variance in total scores in this bifactor model could be
attributed to subjective well-being as a general latent factor and to both positive affect and
negative affect as two specific latent factors. Moreover, the eigenvalues for the Satisfaction
with Life Scale and the Harmony in Life Scale indicated that life satisfaction is part of the
general factor and its own specific latent factor, while harmony in life was clearly an important
part of the general factor and a less important part of its own specific latent factor.
Reliability Coefficients for the Bifactor Model
The results indicated that Omega total was .79, so both the general latent factor (i.e., subjective
well-being scale) and the specific latent factors (i.e., positive affect, negative affect, life
satisfaction, and harmony in life) could explain 79% of the total variance of all 30 items in the
bifactor model. In other words, only 21% of the variance was estimated to be due to random
error (uniqueness) and therefore is not explained by the bifactor model. Omega hierarchical
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was .64, so 64% of the variance in total scores could be attributed to subjective well-being as
a single general latent factor. About 15% (.79 – .64 = .15) of the variance in total scores was
estimated to be due to all specific latent traits (i.e., positive affect, negative affect, life
satisfaction, and harmony in life).
At the subscale level, the Omega hierarchical subscale was .22 for the Satisfaction with
Life Scale, .00 for the Harmony in Life Scale,3 .48 for the Positive Affect Scale, and .49 for
the Negative Affect Scale, while the Omega subscale was .94 for the Satisfaction with Life
Scale, .98 for the Harmony in Life Scale, .72 for the Positive Affect Scale, and .81 for the
Negative Affect Scale. This indicated that, in the bifactor model, when the reliable variance of
the single general latent factor (i.e., subjective well-being) was removed from the subscales,
the reliability of the specific subscales was greatly reduced due to the large effect of the general
latent factor (i.e., the subjective well-being scale). This means, for example, that the extremely
high value of the Omega subscale for the Harmony in Life Scale (.98) was caused by the
extremely high positive loadings between the items in the Harmony in Life Scale and the
general factor (i.e., the subjective well-being scale; .92 for item 1, .94 for item 2, .95 for item
3, .82 for item 4, and .88 for item 5). Thus, the .00 value of the Omega hierarchical subscale
for the Harmony in Life Scale was caused by the small and negative loadings between the items
in the Harmony in Life Scale and its corresponding subscale (.18 for item 1, .13 for item 2, .13
for item 3, –.46 for item 4, and .18 for item 5) and was probably also influenced by both positive
and negative loadings, which cancelled each other out (Rodriguez et al., 2016). Based on these
results, we argue that the high loadings between the items in the Harmony in Life Scale and
harmony in life as a single latent factor belong to the latent trait of the subjective well-being
scale rather than the latent trait of harmony in life. In other words, the high loadings between
the items and the single factor merely reflect the effects of the shared variance caused by the
repeated item content, rather than each item’s relationship with harmony in life as a single
factor. The items in the Harmony in Life Scale therefore do not reflect any shared variance or
possibly just minimal variance of harmony in life.
The Omega hierarchical subscale and Omega subscale for the Satisfaction with Life
Scale were .22 and .94, respectively. This indicated that the items in the Satisfaction with Life
Scale tended to load higher on the general latent factor (i.e., subjective well-being scale) than
on the corresponding subscale that measured life satisfaction. In other words, only small
reliable variance at the subscale level (i.e., Satisfaction with Life Scale) remained when the
general latent factor was controlled for. This subscale reliability is mostly attributable to
individual differences in the general latent trait, which had an Omega general for subscale of
.72 (.94 – .22 = .72). The values of the Omega hierarchical subscale for the Positive Affect
Scale (.48) and for the Negative Affect Scale (.49) and of the Omega subscale for the Positive
Affect Scale (.72) and for the Negative Affect Scale (.81) showed that the items in these two
scales tended to load higher on their corresponding subscales than on the general latent factor
(i.e., subjective well-being scale). The reliability of the subscale scores was still high after
3
The negative loadings regarding item 4 “I accept the various conditions of my life” and item 5 “I fit in well with
my surroundings” on their corresponding subscales made us use absolute values of factor loadings. Then we
calculated the sum of these loadings to calculate omega indices. The results did not differ, except for small changes
regarding the Omega hierarchical subscale for Harmony in Life Scale (changed from .00 to .05), Omega
hierarchical (changed from .64. to .63), and Omega general for subscale (changed from .98 to .93).
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removing the reliable variance of the general factor. Additionally, both values of the Omega
general for subscale (.25 for the Positive Affect Scale and .32 for the Negative Affect Scale)
and the factor loadings on their corresponding subscales (.25–.57 for the Positive Affect Scale
and .39–.62 for the Negative Affect Scale) showed that items in the Positive Affect Scale
tended to load lower on the general latent factor than did items in the Negative Affect Scale.
Explained Common Variance (ECV) for the Bifactor Model
The results indicated that ECVg = 57% of the common reliable variance (i.e., reliable variance
due to a single general factor and group factors) was explained primarily by the single general
factor (i.e., SWBS). In other words, ECVs = 43% of the common reliable variance in all 30
items in our bifactor model was spread across the subfactors (i.e., positive affect, negative
affect, life satisfaction, and harmony in life). In general, a high value of ECVg indicates that
the model has a strong general latent dimension rather than latent subdimensions. Our results
thus indicated that both the single general factor and the group factors contributed to the
common reliable variances in our bifactor model. The high factor loadings on the Satisfaction
with Life Scale and the Harmony in Life Scale might have caused the high ECVg values (.57
= 57% of common reliable variance) and the high ωH (.64 = .64% of variance in total score),
whereas the high factor loadings on the Negative Affect Scale and the Positive Affect Scale
might have caused 43% of the common reliable variance that was spread across the subscales,
indicating the presence of a multidimensional structure that contains both a single general
factor and subfactors. Indeed, tests of ECV calculations using various datasets suggest that data
with ECVg < 0.70 are multidimensional and should therefore be decomposed into multiple
scales (ECVg > 0.90 indicates unidimensionality; Quinn, 2014).
Item Explained Common Variance (I-ECV) for the Bifactor Model
I-ECVg is suggested to be a useful index with which to identify the percentage of expected
common variance explained by the general latent factor at the item level. The results showed
that the means of I-ECVg were .76 for the Satisfaction with Life Scale, .93 for the Harmony in
Life Scale, .34 for the Positive Affect Scale, and .40 for the Negative Affect Scale. The values
for the Harmony in Life Scale (.93) and the Satisfaction with Life Scale (.76) showed clear
strong effects sizes for the loadings between the items in these two subscales and the general
factor, whereas the lower values for the Positive Affect Scale (.34) and the Negative Affect
Scale (.40) showed clearly that most of the percentage of expected common variance was
explained by the loadings between the items in these subscales and their corresponding
subfactors rather than by the loadings between the items in these subscales and the general
factor. I-ECVg can also be applied to get a broad sense of the extent to which items in a model
can be selected to represent only a unidimensional factor as a good indicator of the general
dimension. Items that have values above .80 or .85 are suggested to largely reflect a general
dimension as a broad construct (Stucky & Edelen, 2014). Thus, the Satisfaction with Life Scale
and the Harmony in Life Scale had a tendency for SWBS rather than their respective original
concepts, whereas the Positive Affect Scale and the Negative Affect Scale had a tendency for
their respective original concepts rather than the subjective well-being scale. However, some
items in the Positive Affect Negative Affect Schedule contributed equally to both the general
factor and their respective subfactors (i.e., I-ECVg values: .50 for “Distressed,” .49 for
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“Upset,” and .48 for “Irritable”). Moreover, the items “Alert” and “Attentive” had the largest
error variances (i.e., uniqueness) of .74 and .58, respectively. As 74% and 58% of the variance
in these items was unique and did not share reliable variance with any other items in our
bifactor model, these items should be removed or modified.
Traditional Average Scores and Factor Scores between Models
We calculated the scores for all scales (i.e., the subjective well-being scale, Positive Affect
Scale, Negative Affect Scale, Satisfaction with Life Scale, and Harmony in Life Scale) using
the traditional average score approach and the factor scores of the different models (i.e., the
unidimensional model, correlated-factor model, second-order factor model, and bifactor
model). We then compared the score distributions of all the models in our study. While there
were no differences within scores for each of the scales between most of these modes (i.e., the
unidimensional model, correlated-factor model, and second-order factor model), the bifactor
model had a clear tendency to fit the normal distribution better than did all the other models
(see Tables 2 and 3 in Study 2). However, there were small differences among the SWBS
values regarding the traditional average score approach, the unidimensional model scores, and
the second-order factor model scores. These small differences might suggest that not all items
could measure features of subjective well-being scale equally. In other words, the traditional
average score approach seems to ignore the possible differences within the items, assuming
equal contributions of all items in SWBS. However, the standardized loadings actually differ
across the items (e.g., “Alert” had the lowest standardized loading of .29). The small loadings
of items on the subjective well-being scale caused the factor scores to be undervalued, whereas
the high loadings of items influenced factor scores for SWBS to a greater degree. These small
differences could be also caused by the indirect relationship between the subjective well-being
scale and each item in the second-order factor model, whereas the relationship between the
subjective well-being scale and each item was direct in all the other models. In other words,
the complicated second-order factor model, with indirect relationships between the subjective
well-being scale and the 30 items, was less clear regarding the item variance explained by the
subjective well-being scale, due to the mediating sub-paths across the subscales (i.e., the
Positive Affect Scale, Negative Affect Scale, Satisfaction with Life Scale, and Harmony in
Life Scale). Moreover, the subjective well-being scale score contained more items (30 items)
than did any of the subscales (e.g., the Satisfaction with Life Scale had only five items), so the
differences concerning the number of loadings might have a more dramatic effect on the
subjective well-being scale scores than on the scores of the subscales. Finally, as earlier stated,
the results regarding the bifactor model were very different. The correlations within each
scale’s scores from the other models and the bifactor model scores ranged from .46 (p < .01)
to .54 (p < .01) for the Satisfaction with Life Scale, from –.01 (ns) to .11 (p < .05) for the
Harmony in Life Scale, from .80 (p < .01) to .83 (p < .01) for the Positive Affect Scale, from –
.76 (p < .01) to .79 (p < .01) for the Negative Affect Scale, and from .89 (p < .01) to .99 (p <
.01) for the subjective well-being scale.
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Discussion: Study 2
The aim of Study 2 was to examine, at the model level, whether subjective well-being was a
general factor with affect (positive and negative), life satisfaction, and harmony in life as its
subfactors (i.e., the proposed tridimensional model of subjective well-being).
Using the bifactor model, the best-fitting model, we were able to clearly separate the
influence of the broad dimension (i.e., the subjective well-being scale) and each subdimension
(i.e., the Positive Affect Scale, Negative Affect Scale, Satisfaction with Life Scale, and
Harmony in Life Scale) on each item. In this way, the bifactor model allowed us to calculate
the scores for specific latent dimensions in a more precise and purified form without the
weaknesses of the other models (e.g., indirect correlations and unweighted-item effect). In
addition, the bifactor model displayed large differences in score distributions, while the other
models displayed almost equal score distributions. What is even more noteworthy is that the
general latent factor (i.e., the subjective well-being scale) and specific latent subscales could
explain 79% of the total variance in our bifactor model. This is a clear indication that supports
the notion of a tridimensional structure that contains both a general factor and subfactors.
To be more specific, the Satisfaction with Life Scale items tended to load higher on the
general latent factor (i.e., the subjective well-being scale) than on their corresponding
subscales. In other words, only very little reliable variance remained in this subscale when the
general latent factor was removed, and this variance was mostly attributable to individual
differences in the general latent trait rather than to individual differences in the specific latent
trait. The positive affect and negative affect items reflected a mixture of general latent structure
saturation and specific latent structure saturation, but they contributed more to their respective
specific latent factors than to the general latent factor (i.e., the subjective well-being scale).
Furthermore, the Harmony in Life Scale items contributed greatly to the general factor (i.e.,
the subjective well-being scale), but they did not contribute to harmony in life itself. Some
items had even negative loadings on the harmony subscale within the bifactor model. For
instance, some of the Harmony in Life Scale items contain words that do not directly address
balance, adaptation, or harmony, which are keywords people use to refer to the sense of
harmony (Kjell et al., 2016), or refer to themes that could be easily misinterpreted.
Indeed, harmony is a construct that indicates how people think about their lives in relation
to the world around them—a process that involves acceptance and adaptation in order to bring
balance to one’s life (Garcia, Nima, Granjard, & Cloninger, 2020, under editorial evaluation).
For example, in item 4, “I accept the various conditions of my life,” the keyword is “accept”
and in item 5, “I fit in well with my surroundings,” the keyword is “fit.” In item 5, the word
“surroundings” might be considered unclear or vague: is the participant supposed to think about
only physically nearby places or also about family, work, friends, and nature? Similarly,
regarding item 4, to achieve harmony, is it sufficient to “accept” one’s life conditions even if
they are bad ones? Or is it necessary that the process of achieving harmony should encompass
both acceptance and then adaptation in order to find balance or homeostasis? It is plausible to
suggest that the lack of a process of adaptation and homeostasis as part of a harmonious life in
item 4 is what generated the negative loadings for this item. Certainly, we may accept bad
situations, bad surroundings, and bad conditions that are beyond our power to change or avoid,
but if we are flexible, resourceful, kind, and self-aware, we should be able to do many things
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to adapt by improving ourselves, accepting help from others, or moving away from the bad
situation (Cloninger, 2004). In conclusion, such items should be removed or modified
accordingly and then tested again to see whether or not they support the tridimensional model
proposed here.
To summarize, the tridimensional approach to subjective well-being, which
simultaneously considers all parts of human health and well-being (i.e., affective, cognitive,
and behavioral/social), must indeed be treated as three distinct constructs within subjective
well-being as a whole.

Results: Study 3
The Map of Correlations
All the correlations were significant at p < .01 and most correlations ranged from –.63 (p < .01)
to .90 (p < .01). The item “Alert” was weakly correlated with items in its specific subscale and
with items in the other subscales. As in Study 2, this item is therefore a poor marker of both its
latent corresponding subfactor (i.e., positive affect) and the general latent factor (i.e., subjective
well-being). Many items within each of the four specific subscales were highly intercorrelated
and were also correlated across the other subscales, therefore, as in Studies 1 and 2, displaying
a tendency for multidimensionality (see Figure 1 in Study 3 for details).
The Multidimensional Item Discrimination Parameters
The results showed that 29 items out of the 30 in the model, except for the item “Alert” (which
had a high value of 1.13), had very high values for the multidimensional item discrimination
parameters, with the mean of these values being 3.48. This indicates that each item had a strong
vector with the capacity to differentiate and discriminate between different levels of the latent
trait for respondents across all dimensions in the latent trait space (see Table 1 in Study 3 for
details).
Conditional Slopes
The results revealed that the mean of the conditional slope in the general latent trait (i.e.,
subjective well-being) was 2.81, and that the means of the conditional slopes in the specific
latent traits (i.e., life satisfaction, harmony in life, positive affect, and negative affect) were
1.85, 1.56, 1.39, and 2.45, respectively. Overall, the general trait (i.e., subjective well-being)
had a strong effect on the item response across all items of the model, especially across items
of the subjective well-being scale and the harmony in life scale—except for the item “Alert,”
which had a low conditional slope of .63. Furthermore, the items of both the satisfaction with
life and harmony in life scales contributed more to the general factor than to their own
subfactors. The harmony in life item 4 (“I accept the various conditions of my life”) had a low
conditional slope (.59) in the specific latent trait (i.e., the harmony in life scale). Most of the
positive affect items contributed more to the general factor (i.e., subjective well-being) than to
the positive affect itself as a subfactor, except for the items “Alert,” “Determined,” and
“Attentive,” which contributed more to positive affect itself as a subfactor than to the general
factor (i.e., subjective well-being). Most of the negative affect items contributed more to
negative affect itself as a subfactor than to the general factor (i.e., subjective well-being),
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except for the items “Distressed” and “Irritable,” which contributed more to the general factor
than to negative affect itself as a subfactor (see Table 1 in Study 3 for details).
Marginal Slopes
The mean of the marginal slope for the general latent trait (i.e., subjective well-being) was
1.85, and the means of the marginal slopes for the specific latent traits (i.e., life satisfaction,
harmony in life, positive affect, and negative affect) were .65, .47, .98, and 1.55, respectively.
Overall, there was shrinkage in the marginal slopes relative to the conditional slopes. In other
words, the inflation of the conditional slopes was a consequence of the conditional interactions
between the general factor (i.e., subjective well-being) and the subfactors (i.e., life satisfaction,
harmony in life, positive affect, and negative affect). However, in general, the results still
indicated that the general trait (i.e., subjective well-being) had a strong effect on the item
responses across all items of the model, especially across the life satisfaction and harmony
items—except for the item “Alert,” which had a low value (.55). The satisfaction with life scale
and harmony in life scale items contributed more to the general factor than to their own
subfactors. Additionally, the life satisfaction item 3 (“I am satisfied with my life”) had low
discrimination (.49) with respect to its subfactor (i.e., the satisfaction with life scale).
Furthermore, most of the items of the harmony in life scale had low discrimination (ranging
from .33 to .56) with respect to its subfactor (i.e., harmony in life), most of the positive affect
items contributed more to the general factor (i.e., subjective well-being) than to positive affect
itself as a subfactor (with the exception of the items “Alert,” “Determined,” and “Attentive,”
which contributed more to positive affect itself as a subfactor), and most of the negative affect
items contributed more to negative affect itself as a subfactor than to the general factor (i.e.,
subjective well-being)—with the exception of the items “Distressed” and “Irritable,” which
contributed more to the general factor than to negative affect itself as a subfactor (see Table 1
in Study 3 for details).
Explained Common Variance (ECV)
The bifactor model resulted in an ECVg value of 64% of the common variance in the observed
scores for all 30 items of the proposed model being explained primarily by the single general
factor (i.e., subjective well-being). Thirty-six percent of the common variance in the observed
scores for all 30 items of the proposed model in our bifactor model was spread across the four
subfactors (i.e., ECVs was .03 for subjective well-being scale, .02 for the harmony in life scale,
.11 for positive affect, and .20 for negative affect). This indicated that the amount of explained
variance within the bifactor model was due to both the general factor and subfactors, reflecting
the presence of a multidimensional structure as proposed by our model. In general, this high
ECVg value suggests that the proposed model has a strong general latent dimension (i.e.,
subjective well-being) rather than latent subfactors (i.e., life satisfaction, harmony in life,
positive affect, and negative affect). See Table 1 in Study 3 for details.
Explained Common Variance at the Item Level (IECV)
Inspection of the values of the satisfaction with life scale items showed that IECVg ranged
from .79 to .91 and that IECVs ranged from .09 to .21. These results indicated that the loadings
between the items in the satisfaction with life scale and the general factor (i.e., subjective well52

being) explained a clear majority of the percentage of the expected common variance, instead
of its being explained by the loadings between the satisfaction with life scale items and its own
subfactors. This was the same for harmony in life, for which IECVg ranged from .89 to .95,
while IECVs ranged from .05 to .11. Inspection of the positive affect items showed that IECVg
ranged from .41 to .80, while IECVs ranged from .20 to .69. Seven out of the 10 positive affect
items contributed more to the loadings between them and the general factor (i.e., subjective
well-being) than to the loadings between them and their corresponding subfactor (i.e., positive
affect). Nevertheless, the items “Alert,” “Determined,” and “Attentive” contributed more to
the loadings between them and their corresponding subfactor (i.e., positive affect) than to the
loadings between them and the general factor (i.e., subjective well-being). Concerning the
negative affect items, IECVg ranged from .33 to .58, while IECVs ranged from .42 to .70. All
negative affect items contributed more to their corresponding subfactor (i.e., negative affect)
than to the general factor (i.e., subjective well-being), except for the items “Irritable” and
“Distressed,” which contributed more to the general factor (i.e., subjective well-being) than to
negative affect itself as a subfactor (see Table 1 in Study 3 for details).
Multidimensional Item Location/Difficulty
The multidimensional item difficulty parameters were between –3.88 for response 1 and 1.32
for response 7 in the Satisfaction with Life Scale, –2.64 for response 1 and 1.07 for response 7
in the Harmony in Life Scale, –3.32 for response 1 and 1.60 for response 5 for Positive Affect,
and –2.68 for response 1 and .57 for response 5 for Negative Affect (see Table 1 in Study 3 for
details).
Item Category Response Surface
The item category response surface revealed that when both the general latent trait (θ1 for
subjective well-being) and the specific subtraits (θ2 for life satisfaction, harmony in life,
positive affect, and negative affect) increase, the probability of choosing the lowest category
response (1) decreases and the probability of choosing the highest response category increases
(5 for positive affect and negative affect, and 7 for satisfaction with life and harmony in life).
The probability of choosing any of the intermediate category responses (2, 3, and 4 for positive
affect and negative affect, and 2, 3, 4, 5, and 6 for satisfaction with life and harmony in life),
on the other hand, increases when the probability of choosing responses to the first alternative
decreases, only to decrease again when the probability of choosing the highest response
category increases (i.e., the general latent trait, θ1 for subjective well-being, and the specific
trait, θ2 for life satisfaction, harmony in life, positive affect, and negative affect). This result
therefore indicated that the probability of the first response (1) decreased when there was an
increase in any one or any combination of the respondent’s latent trait(s), while the probability
of the last response (7 for the Satisfaction with Life Scale and Harmony in Life Scale, and 5
for Positive Affect and Negative Affect) increased when there was an increase in any one or
any combination of the respondent’s latent trait(s) in our proposed model of subjective wellbeing (i.e., a monotonic function).
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Multidimensional Item Information Surface
In general, with some modifications, the results regarding the multidimensional item
information surface showed that the 30 items in our proposed model could provide a lot of
information covering the ideal range of the general subjective well-being latent trait and the
four specific latent traits (i.e., life satisfaction, harmony in life, positive affect, and negative
affect). However, the items did not cover extreme values outside the ideal range. Due to the
large number of items in Study 3, I present only one example here, i.e., the positive affect item
“Proud.” The results revealed that the item “Proud” provided the most precise measure of the
respondent’s latent continuous variables (θ1 for subjective well-being and θ2 for positive
affect), along the high ridge extending from about –3.00 for subjective well-being and 6.00 for
positive affect to 2.50 for subjective well-being and –6.00 for positive affect in the
multidimensional latent trait space (see Figure 4 in Study 3 for more details). The results of the
multidimensional item information surface were further explored using a contour plot (see
Figure 6 in Study 3 for more details). This showed that the item “Proud” was relatively
ineffective in providing information about respondents in the lower and upper triangles that are
bounded by information = 0.20 contour lines. The broad white area in the middle of the contour
plot offers the most information and refers to the ridge associated with θ values along the
diagonal extending from –3.00 for subjective well-being and 5.00 for PA to 2.50 for subjective
well-being and –5.00 for positive affect. We also focused on investigating the multidimensional
item information function (based on marginal slopes) by keeping the value of subjective wellbeing constant (e.g., θ = 0.00, θ = 4.00, and θ = –4.00) and leaving θ for positive affect free to
vary, for example, between –3 and 3. In short, this suggests that the item “Proud” could not
provide informative measurements about either the general factor (i.e., subjective well-being)
or the subfactor (i.e., positive affect) for respondents who are either extremely high or
extremely low on both factors (i.e., subjective well-being and positive affect).
Convergent and Discriminant Validity
We calculated Pearson correlations between the different scales in order to test convergent and
discriminant validity. These correlations ranged between –.57 (p < .01) and .82 (p < .01). The
Satisfaction with Life Scale (r = .61, p < .01) and Harmony in Life Scale (r = .67, p < .01) were
positively correlated with the Positive Affect Scale. Contrariwise, the Satisfaction with Life
Scale (r = –.50, p < .01) and Harmony in Life Scale (r = –.57, p < .01) were negatively
correlated with the Negative Affect Scale. Moreover, the Positive Affect Scale and Negative
Affect Scale were negatively correlated with each other (r = −.45, p < .001). The highest
correlation was between the Satisfaction with Life Scale and the Harmony in Life Scale (r =
.82, p < .01). As with the relationship between life satisfaction and harmony in life, there is
sufficient convergent and discriminant validity between the model’s four different subfactors;
these results agree with those of previous studies (Studies 1 and 2).

Discussion: Study 3
The aim of Study 3 was to test the factorial structure of the proposed tridimensional model of
subjective well-being using bifactor-GR MIRT.
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As in Studies 1 and 2, the map of correlations between the 30 items in the model clearly
reflected the multidimensionality of the subjective well-being construct. Moreover, each item
had a strong capacity to discriminate between respondents across the three dimensions of the
proposed model of subjective well-being.
Furthermore, the results showed that the conditional and marginal slopes for the general
latent trait (i.e., subjective well-being) were greater than the conditional and marginal slopes
for life satisfaction and harmony in life. Thus, as in Study 2, the items for life satisfaction and
harmony in life were better at discriminating among respondents and provided greater
information for locating individuals along subjective well-being than along life satisfaction or
harmony in life. Regarding positive affect, the results indicated that most items (except the
items “Alert,” “Determined,” and “Attentive”) contributed more to the general latent trait (i.e.,
subjective well-being) than to positive affect itself. Although this specific result was slightly
different from the results of Study 2, all the results indicate that the positive affect items
reflected a mixture of general latent structure saturation and specific latent structure saturation.
Lastly, most of the negative affect items (except the items “Distressed” and “Irritable”)
contributed more to negative affect itself than to the general latent trait (i.e., subjective wellbeing). Nevertheless, as in Study 2, the negative affect items reflected a mixture of general
latent structure saturation and specific latent structure saturation, but these items in general
contributed to their respective specific latent factors more than to the general latent factor. In
other words, the measure of negative affect was better for discriminating and assessing
respondents’ experience of negative affect than their experience of subjective well-being or
happiness per se.
One probable reason for this difference between negative affect and the other proposed
dimensions of the model is that while positive affect, life satisfaction, and harmony in life target
positive life experiences, negative affect targets negative ones. Perhaps this influences how
people respond to the items in a battery of instruments with scales that measure “positive” and
“negative” experiences (cf. response bias). Furthermore, negative affect has been proposed to
have a different etiology than does positive affect, which might explain the differences found
here, with negative affect displaying the strongest genetic influence and being more stable
through life (Cloninger & Garcia, 2015).
Consequently, as the CTT analyses conducted in Study 2 showed, the analyses of the
explained common variance at the scale and model levels in Study 3 strongly reflected
subjective well-being as a general and multidimensional construct.4 These results imply that
64% of participants’ happiness and subjective well-being is dependent on their global level of
subjective well-being, while only 36% is explained by their responses to the individual
components of subjective well-being. Additionally, even the analyses of explained common
variance at the item level indicated that subjective well-being was tridimensional in nature. In
this tridimensional structure, the four constructs varied with regard to how much they were part
of the general factor versus indicative of their own constructs. For example, a person’s
responses to the positive affect items, life satisfaction items, and harmony items explain more
about her happiness as a whole than about her experience of positive emotions and both how
4
The results of Study 3 indicated an ECVg of 64%; according to previous studies, an ECVg below 70% indicates
multidimensionality, whereas an ECVg above 90% indicates unidimensionality (Quinn, 2014).
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satisfied and harmonious she feels in life. In contrast, a person’s responses to the negative affect
items explain more about her experiences of negative emotions than about her own happiness
as a whole.
That being said, although most of the 30 items in the model had moderate to very high
discrimination values, there were some items with low discrimination values regarding either
the general factor or their own specific subfactors (e.g., the life satisfaction item “I am satisfied
with my life,” all five harmony items, and the positive affect item “Alert”). I accordingly
recommend modifications that address each issue. The need for such modifications, however,
was greatest for the items measuring harmony in life. As argued in Study 2, the items of the
Harmony in Life Scale consist of words that do not directly address balance or adaptation.
This is important, because research using quantitative semantics has identified these as
keywords that people use to refer to their sense of harmony (see Kjell et al., 2016).
Moreover, examination of the multidimensional item difficulty parameters showed that
the scales for positive affect, life satisfaction, and harmony in life were unable to measure
extreme high levels in these constructs among participants. For instance, related to the above
discussion and as discussed in Studies 1 and 2, some of the items in the Harmony in Life Scale
can be criticized for not covering the whole aspect of harmony—by focusing on acceptance,
but leaving out adaptation and the regaining of balance in life after difficult circumstances.
Perhaps the addition or modification of items that focus on these aspects of harmony in life
would help to measure higher-level experiences of harmony. Conversely, the results suggested
the need for negative affect items that help to measure the experience of extreme low levels of
negative affect. In this regard, it is important to mention that the scale used here to measure
affect (i.e., the Positive Affect Negative Affect Schedule) uses adjectives that reflect high
activation affect (Watson et al., 1988). Other researchers (e.g., Russell, 1980; Russell &
Feldman Barret, 1999) have discerned a circumplex of emotions in which emotions can vary
in valence (pleasant vs. unpleasant) and in level of arousal (high activation vs. low activation).
For instance, the negative scale does not include low-activation emotions such as “Sad,”
“Depressed,” and “Bored.” Hence, the addition of low-activation negative emotions might add
some information regarding individuals’ experience of negative affect. That being said, other
scales (i.e., Emotional Well-Being Scales; Diener et al., 2009) include both high- and lowactivation emotions and could therefore also be tested in future studies as the affective part of
our proposed tridimensional subjective well-being model. One way or another, the addition of
well-chosen or modified items could help to cover much of the ideal range of subjective wellbeing and its components.
Furthermore, the results regarding the expected item response scores might be
interpreted as revealing the compensatory nature of subjective well-being as a tridimensional
construct in which a person’s high location on one dimension can compensate for her low
location on another. For instance, respondents who report high levels in the general trait (i.e.,
subjective well-being) but low levels in, for example, harmony in life are highly likely to select
a high level of response to each item within harmony in life. Conversely, low levels in the
general trait (i.e., subjective well-being) in conjunction with high levels in, for example,
harmony in life will also yield a low level of response to each item within harmony in life. In
other words, each subjective well-being dimension is not separate—that is, the final estimated
score for any item is the product of the individual scores.
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Discussion
As detailed in the Introduction, subjective well-being or happiness has for the past 35 years
been understood as a dual construct composed of people’s affective and cognitive evaluations
(Diener, 1984). Even though subjective well-being has been theorized, conceptualized, and
measured in many ways, the latest research suggests that the best way to scientifically
understand it to regard people’s levels of emotional experience and how satisfied they are with
their lives as depending on their global levels of subjective well-being, not the other way
around—that is, there is a higher-order latent factor structure (Busseri et al., 2007).
Nevertheless, in the last five years, researchers have proposed that the concept of subjective
well-being does not completely capture Western culture’s way of approaching happiness (Delle
Fave et al., 2011; Kjell, 2018; Kjell et al., 2016; Kjell & Diener, 2020). More specifically, a
third construct has been suggested as the behavioral dimension of subjective well-being,
namely, harmony in life. This third dimension refers to a person’s ability to remain in balance
or homeostasis in relation to circumstances within and outside the self (Garcia, Nima, Granjard,
& Cloninger, 2020). Therefore, I proposed that instead of a dual construct, these three
dimensions, i.e., affect, life satisfaction, and harmony in life, form a tridimensional model of
subjective well-being (see Figure 1). Because subjective well-being is a subjective and
psychological phenomenon, it is cognitive in nature and therefore measured with self-reports.
As such, the basic issue should be testing the psychometric properties of the measures that
operationalize the construct (cf. Pavot, 2018). Therefore, the aim of this thesis was to
investigate, using IRT and CTT methods, the psychometric properties of the instruments that
are commonly used to measure the affective (i.e., positive affect and negative affect), cognitive
(i.e., life satisfaction), and behavioral (i.e., harmony in life) dimensions of subjective wellbeing. This was done at four different measurement levels: the response-option, item, scale,
and whole-model levels.
The results of Study 1 showed that all scales had varied frequency item distributions, high
discrimination values (alphas), and different difficulty parameters (beta) for the different
response options. In addition, all the scales could cover much of the range of subjective wellbeing (theta): –2.50 to 2.30 for positive affect, –1.00 to 3.50 for negative affect, –2.40 to 2.50
for life satisfaction, and –.40 to 2.50 for harmony in life. Importantly, for all scales, there was
weak reliability for responses with extreme latent scores for subjective well-being. The
affective dimension, especially low levels of negative affect, was less accurately measured,
while both life satisfaction and harmony in life were covered to an equal degree. There was
less reliability for respondents with extreme latent scores for subjective well-being, except for
high levels of negative affect. To improve reliability at the response-option, item, and scale
levels, I therefore noted specific issues to be addressed (see Discussion of Study 1 in the
Summary of the studies).
Nevertheless, two important topics merit more discussion. Regarding negative affect, it
has been suggested that it is an evolutionary advantage for humans to perceive negative stimuli
faster than positive stimuli (cf. Dijksterhuis & Aarts 2003; Dijksterhuis, Corneille, Aarts,
Vermeulen, & Luminet, 2004) and that people process negative stimuli more elaborately than
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other stimuli (e.g., Wentura, Rothermund, & Bak, 2000; Williams, Matthews, & MacLeod,
1996). In other words, this tendency for a negativity bias might lead people to experience
negative affect as more intense than any positive dimension of subjective well-being. This
explains why in Study 1 the Negative Affect Scale measured less reliable information regarding
low levels of negative affect, but more reliable information regarding high levels of negative
affect. The second topic is related to the fact that participants were relatively more likely to
choose the lowest or highest point in the Likert scale when evaluating some items (e.g., item
1: “In most ways my life is close to my ideal”), and less likely to choose the same response
when evaluating others (e.g., item 4: “So far I have gotten the important things I want in life”).
In other words, respondents probably interpret the items differently and therefore respond to
the items in different ways, even though both items measure the same construct. For example,
people might interpret one statement as referring to a specific thing or object (e.g., a car, a
house, or wealth), while other statements might be interpreted as referring to ideals, such as
professional achievements, moral accomplishments, and social relationships (e.g., a partner or
a child). Moreover, each person might interpret the same statement as representing either
objects or ideals or a mixture of both. This is important regarding specific items that, per
definition, define how life satisfaction has been conceptualized—that is, being close to one’s
own self-imposed ideal (Diener et al., 1985; Pavot & Diener, 1993, 2008). While it is important
to have items that cover different parts of the whole construct (Acock, 2016), these results
suggest that responses to these items will have repercussions for the psychometric properties
of the Satisfaction with Life Scale and have consequences when researchers make comparisons
between groups based on raw scores of the scale (cf. Oishi, 2006).
Regarding Study 2, the 20 affect items reflected a mixture of general latent structure
saturation and specific latent structure saturation but contributed more to their respective
specific latent factors (positive affect, 48%; negative affect, 49%) than to the general latent
subjective well-being factor (positive affect, 25%; negative affect, 32%). The five life
satisfaction items contributed more to subjective well-being (72%) than to life satisfaction itself
(22%), while the five harmony in life items contributed to an even greater degree to subjective
well-being (98%) than to harmony in life (0%). The bifactor model was the best of all models
tested. Study 2 therefore suggested that subjective well-being is a general factor in a
tridimensional model. Indeed, as much as 64% of the variance of subjective well-being was
explained by this general factor, while specific subjective well-being components together
explained 15% of the total variance. In other words, only 21% of the variance in people’s
subjective well-being is explained by variables outside the tridimensional model of subjective
well-being. These variables might be, for example, personality (Cloninger, 2004), social
desirability (Brajša-Žganec, Ivanović, & Kaliterna Lipovčan, 2011), demographic
characteristics (Lyubomirsky, 2006), and measurement error (Krueger & Schkade, 2008).
The subjective well-being dimensions, however, contributed to different degrees to the
corresponding factors in the model. For instance, while the affective and cognitive dimensions
seem to be their own dimensions as well as being part of the general subjective well-being
factor, the behavioral dimension contributed 0% to its own variance, but 98% to the variance
of the general factor. Perhaps emotions and cognitions are more concrete concepts to which
humans can relate, while behavioral concepts such as harmony in life, which represent a
process of acceptance, adaptation, and balance, are more complex representations (cf. Garcia,
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Nima, Garnjard, & Cloninger, 2021). That is, when people are asked to rate to what extent they
have felt, for example, scared, they can more easily retrieve that from memory as an emotion
than they can retrieve their general level of subjective well-being. In contrast, when they are
asked whether they have a sense of harmony in life, they think instead about their global level
of subjective well-being. For instance, using quantitative semantics, researchers have found
that the words people use to describe their well-being (e.g., family, friends, and money) cannot
discriminate between harmony in life and the other subjective well-being dimensions, because
those words are relatively general and therefore cannot specify the behavioral process of
harmony in life (Garcia, Nima, Kjell, Granjard, & Sikström, 2020). In contrast, negative affect
acted as a more independent dimension within the model. As discussed above, the human
tendency for a negativity bias might lead people to experience negative affect as more intense
than any positive dimension of subjective well-being (cf. Dijksterhuis & Aarts 2003;
Dijksterhuis et al., 2004; Wentura et al., 2000; Williams et al., 1996). In addition, past studies
indicate that the association between life satisfaction and positive affect is stronger than the
association between life satisfaction and negative affect (Jovanovi & Joshanloo, 2021),
probably explaining why negative affect behaves more as its own construct than do any other
constructs in the model.
Regarding Study 3, as in Studies 1 and 2, the data in this study strongly reflected the
multidimensionality of the proposed tridimensional model of subjective well-being. Moreover,
the results indicated that both the general subjective well-being factor and the subfactors
contributed to the common variances within the tridimensional model of subjective well-being.
In addition, the results showed that an individual’s experience of high levels in one subjective
well-being dimension compensates for her experience of low levels in the other dimensions
and vice versa. The knowledge and awareness of this compensatory dynamic between
dimensions within subjective well-being’s multidimensionality is important for the
conceptualization, operationalization, and understanding of the cognitive mechanisms and
processes underlying people’s evaluations and judgments of their subjective well-being and
each of its constructs. Furthermore, the results showed that an individual’s subjective wellbeing is an interconnected experience of the evaluation of emotional reactions, judgment of a
self-imposed psychological ideal, and apprehension of one’s sense of balance and capacity to
behave with both acceptance and flexibility in communion to the world around—subjective
well-being is thus the holistic apprehension or attitude toward life in these three dimensions.
Hence, to define, conceptualize, and measure subjective well-being with more accuracy and to
understand people’s experience of it in a variety of situations and planes of life, we need to
involve and consider all these aspects simultaneously. Lastly, as expected, harmony in life was
at the core of the tridimensional model of subjective well-being (cf. Della Fave et al., 2016).
However, as in Studies 1 and 2, the harmony in life measure seems to contain items that do not
directly address the full concept of harmony.
In sum, past research had established subjective well-being as a higher-order factor
(Busseri et al., 2007) consisting of an affective and a cognitive component (Diener, 1984).
Moreover, recent theoretical, conceptual, and empirical findings suggest not only that harmony
in life is a construct that is lacking in the current conceptualization of subjective well-being,
but also that harmony is distinct from life satisfaction and that it is at the core of subjective
well-being. On this methodological and conceptual basis, the three studies in this thesis have
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shown that subjective well-being has a multidimensional structure in which the affective,
cognitive, and behavioral components interact with one another and both influence and are
influenced by subjective well-being as a higher-order factor. In this context, bifactor-GR MIRT
is the recommended technique to use because it enables us to model and develop an intuitive
understanding and explanation of the interactions regarding the vectors representing
underlying multiple dimensions.
Next, I want to discuss two issues related to construct measurement and what the bestfitting model means for theory building and practical implications for research, clinical
practice, and people’s daily lives.

The Challenge of a Dynamic Structure within a Tridimensional Model
Many past studies have addressed the potential associations between subjective well-being and
its two original components (i.e., affect and life satisfaction), as well as between subjective
well-being as a dual construct and a set of variables of interest (e.g., personality, life events,
health, and demographic characteristics). However, to the best of my knowledge, these past
studies have only addressed these potential associations as ordinary correlations and only a
few of them have included the behavioral component (i.e., harmony in life). This neglects or
ignores the multidimensional nature of human experience, which also consists of internal
dynamic structures (Cloninger, 2004)—happiness, for instance, probably functions as a
complex adaptive system that consists of affective, cognitive, and behavioral evaluations that
influence and are simultaneously influenced by each other. This shortcoming might be one
reason why, for example, research addressing the relationship between subjective well-being
and health has produced inconsistent results (Rohrer & Lucas, 2020). Relatedly, a recent
longitudinal study (Jovanovi & Joshanloo, 2021) showed that people’s current positive affect
has a larger effect than does their current negative affect on their life satisfaction; moreover,
age does not moderate this relationship. Indeed, despite the saying that “bad is stronger than
good,” the absence of positive emotions is more predictive of subsequent mortality and
morbidity than is the presence of negative emotions (Huppert & Whittington, 2003). However,
this is not to say that we only need to approach the promotion of health and well-being through
positive emotions or positive experiences. It instead implies that subjective well-being is not
only an outcome or the end goal of almost everything we feel, think, and do, or of one’s virtues
(Greek aretê); rather, it is also a construct that within itself involves processes of dynamic
interactions. Hence, the conceptualization, operationalization, measurement, and treatment of
people’s subjective well-being needs to be done in this light.
In other words, if subjective well-being is considered an outcome, then it can be used to
track people’s improvement. However, if it is understood as a construct containing dynamic
internal processes, it can also be used for tracking which dimensions are affecting any other
dimensions or which dimensions are out of balance with one another. Indeed, as shown here,
subjective well-being is probably tridimensional in nature, so interventions simultaneously
addressing affect regulation, cognitive regulation, and behavioral regulation should be the best
way to promote subjective well-being (Cloninger et al., 2020). In addition, for clinicians it is
important to be aware that the dimensions are interdependent, as shown in Study 2, and that
the dynamics of their relationships are probably distinct for each dimension (cf. Jovanovi &
Joshanloo, 2021). That is, awareness of this processes might help clinicians and practitioners
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to understand why some people experience life as meaningless or are not fully happy, despite
reporting being satisfied with life or being close to their ideal self and that they experience
positive emotions regularly—perhaps they experience negative emotions regularly as well and
lack a sense of harmony in life. In this context, to understand people’s improvement and the
process within subjective well-being and its three dimensions, clinicians and practitioners
should be aware that complex statistics are needed if the dynamics within the construct are to
be fully considered. Hence, tracking patients’ or clients’ improvement needs to be done using
either technology with imbedded statistical solutions or in collaboration with statisticians and
researchers.

The Best Blueprint for Building a Happy House: The Bifactor Model
To evaluate the internal structure of the tridimensional model of subjective well-being and its
components (i.e., positive affect, negative affect, life satisfaction, and harmony in life) I have
mainly considered three different tridimensional factorial models. As mentioned before in this
thesis, these models are built and based on the fact that researchers have used different
approaches, operationalizations, and methods to define, conceptualize, and measure subjective
well-being. The best of these three models, the bifactor model, was chosen based on the
goodness-of-fit indices. In this context, I want to explain for the reader the nature of the
dynamic and functional forms of these three models. To simplify and clarify the idea
underlying each of these three models, I will apply the analogy of the blueprints of a house
used as a student dormitory to describe the three designs that represent these three proposed
subjective well-being models. Therefore, I ask the reader to imagine a house with 30 bedrooms
(items), four living rooms (components), and one meeting room (the general subjective wellbeing factor).
The first house design represents the correlated model of the four components (i.e.,
positive affect, negative affect, life satisfaction, and harmony in life) without a single general
subjective well-being latent trait (see Figure 2). The “correlated house” design has 30 separate
bedrooms. Five of these bedrooms have doors that connect each bedroom with a specific shared
living room (e.g., the harmony living room) and five other bedrooms have doors that connect
each of these bedrooms with another specific shared living room (e.g., the life satisfaction
living room). Then, 10 other bedrooms have doors that connect each bedroom with another
specific shared living room (e.g., the positive affect living room) and the last 10 bedrooms have
doors that connect each of these bedrooms with another specific shared living room (e.g., the
negative affect living room). More specifically, each of these doors mirrors the one-headed
arrow (see Figure 2) that represents the loading between each item (i.e., bedroom) with its
corresponding specific component (i.e., living room). In addition, in this house there are
different corridors that connect the four specific living rooms with one another—these
corridors represent the double-headed correlation arrows between the four components (see
Figure 2). Unfortunately, this house does not have a general shared meeting room (i.e.,
subjective well-being as a general trait), but students living in it can meet one another in any
of the four living rooms that are connected through the corridors between them.
The second house design represents the higher-order tridimensional factor model in
which subjective well-being is a second-order factor and the four components are specific firstorder factors (see Figure 3). This house is basically equivalent to the first house with regard to
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the bedrooms (items), living rooms (components), and doors connecting the 30 bedrooms to
each respective living room. In contrast to the first house, however, each of these four living
rooms has an additional door that connects it to a general shared meeting room (i.e., a general
subjective well-being trait). This additional door in each living room mirrors the one-headed
arrow (see Figure 3) that represents the loading between subjective well-being as a general trait
and each of these components. In other words, the corridors between living rooms have been
replaced by the connection through a general shared meeting room. However, in this house
there are no direct connections or doors between the 30 bedrooms and this general shared
meeting room. This “higher-order house” only has indirect connections between bedrooms and
the general shared meeting room through the specific living rooms. In other words, the only
way for students from different living rooms to meet is in the shared meeting room.
The third house represents the best model (i.e., the bifactor model), in which every item
is only directly affected by both subjective well-being as a single general latent trait and by its
respective dimensions as unrelated secondary dimensions (see Figure 4)—that is, there are no
indirect effects on the items as in the higher-order model. This house is basically equivalent to
the first and second houses with regard to the 30 bedrooms (items), four living rooms
(components), and doors connecting the bedrooms to each respective living room. However,
in the “bifactor house” the general shared meeting room (i.e., a general subjective well-being
trait) is directly connected with each of these bedrooms through only one door from each
bedroom. The door in each bedroom mirrors the one-headed arrow that represents the loading
between subjective well-being as a general trait and each of the 30 items (see Figure 4).
Importantly, in the first house (i.e., the correlations model) a student needs to move
from her bedroom to her specific living room in order to go to any of the other three living
rooms through the corridors connecting them—that is, without passing through any shared
meeting room, which is nonexistent in the “correlated house.” In the second house (i.e., the
higher-order tridimensional factor model), on the other hand, a student needs to move from her
bedroom through her specific living room in order to get to the shared meeting room and then
and only then to another living room and then further to another bedroom—that is, “higherorder house” students from different bedrooms can meet one another indirectly through the
shared meeting room or in one another’s living rooms by passing through the shared meeting
room or in one another’s bedrooms after passing through their own living room and then the
shared meeting room and then the other student’s living room. Likewise, the “bifactor house”
lacks the corridors connecting the living rooms to one another. However, in contrast to the
“higher-order house,” the bedrooms are connected directly to both their specific living rooms
and the shared meeting room, while the living rooms are only indirectly connected to the shared
meeting room. That is, a student can go directly to the shared meeting room or to her specific
living room from her bedroom; however, if she starts in her living room, she will need to go
through one of the bedrooms in order to reach the shared meeting room and then to another
student’s bedroom. Hence, in the “bifactor house” students from different bedrooms can meet
one another directly in the shared meeting room or indirectly in one another’s bedrooms after
passing through the shared meeting room. The “bifactor house” students from specific
bedrooms (e.g., those living in the harmony rooms), however, cannot visit the living rooms of
other students (e.g., those living in the positive affect rooms). Finally, if “correlation house”
students living in the 30 bedrooms (i.e., the first house) need to meet one another at the same
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time, they cannot do it because they do not have a shared meeting room. The students in the 30
“higher-order house” bedrooms, however, can meet one another in the shared meeting room if
they go through their respective living rooms. The students in the 30 “bifactor house” bedrooms
seem to have the greatest advantage because they can meet one another simultaneously in the
shared meeting room just by opening the door from each of their own bedrooms and walking
directly to the shared meeting room.
The house analogy might help us understand how different blueprints have been used
to build different statistical models. As with any important construction, assuming someone
needs the house to live in, I have tested all parts of the house at the most basic level, that is,
starting with the bedrooms (i.e., items) and then moving on to test the living rooms (i.e.,
components) and the shared meeting room (i.e., the general subjective well-being factor). At
the end of the day, the “bifactor house” seems to be the best model with which to represent the
multidimensional nature of subjective well-being. To go even further, the house analogy also
helps us understand that, just as it is important for a firefighter to know the house design in
order to predict how fire or smoke will spread and ultimately to be able to extinguish the fire,
it is also important for helping professionals to understand how decreases in subjective wellbeing will behave depending on how subjective well-being is defined, conceptualized, and
measured. The awareness of which model represents subjective well-being with more accuracy
might then help us to understand how we can identify, promote, and maintain well-being in a
variety of situations.

Limitations and Strengths
The most obvious limitation is that all the measures used here are self-reports and not objective
measures of people’s affective, cognitive, and behavioral experiences. As such, one might
argue that the collected data suffer from various problems. One of them is that the strong
association between the variables might depend on common-method variance, rather than on
actual relationships between the constructs that the measures are assumed to represent
(Podsakoff, MacKenzie, Lee, & Podsakoff, 2003). In addition, self-reports provide participants
with statements that researchers theorize to be operationalizations of happiness and its
dimensions. This top–down approach might lead to misunderstandings when, for example,
items are semantically ambiguous and therefore might be interpreted differently depending on
a variety of factors, such as personality and cultural context. For example, in this study the
positive affect item “Alert” was found to be problematic, when both IRT and CTT were
applied. In this context, studies using the Chinese version of the Positive Affect Negative
Affect Schedule (e.g., Jackson & Chen, 2008) cannot replicate the factor structure of the
measure. More specifically, in Chinese culture, the item “Alert” correlates positively and
significantly with both the Positive Affect Scale and the Negative Affect Scale (for problems
in other cultures regarding this instrument see, Gaudreau et al., 2006; Mackinnon et al., 1999;
Mihic et al., 2014). As stated earlier, some theories of affect suggest that besides valence (i.e.,
positive and negative), there is a high and low activation dimension as well (Russell, 1980;
Russell & Feldman Barrett, 1999). That is, emotions are categories that are vertically organized
as a fuzzy hierarchy and horizontally organized as part of a circumplex (Russell & Feldman
Barrett, 1999). In this circumplex, “Alert” is categorized on the highest point of the high
activation dimension and at the lowest point of the positive dimension. It is therefore plausible
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to suggest that it is this specific feature (i.e., low positive and high activation types of emotions)
of this item that causes the problems highlighted using both CTT and IRT in this thesis.
One solution to these issues could be to use different measures to assess each
dimension. Indeed, here I used only the most common instruments to operationalize each
subjective well-being dimension. There are, however, different well-validated scales that can
be used in future studies (for a compilation see, e.g., Lopez & Snyder, 2004). For instance,
although it has been very widely applied, the Positive Affect Negative Affect Schedule has its
limitations, such as showing evidence of bad fit in the unidimensional models (see, e.g., Rice
& Shorey-Fennell, 2020, who suggest the Scale of Positive and Negative Experiences
developed by Diener et al., 2010). That being said, the bad fit of the Positive Affect Negative
Affect Schedule might only reflect the multidimensional nature of affect, as measured by the
scale. This suggestion was partially confirmed in this thesis by the bifactor model, in which
positive affect and negative affect both displayed clear general and specific tendencies. Other
solutions might include using informant reports (Vazire, 2016) or observation data. However,
as detailed elsewhere (Diener et al., 2018), it is in fact the subjective nature of subjective wellbeing that probably gives it its strength and captures individual differences in how people
weigh objective circumstances depending on their own goals, values, and probably even their
culture.
Another limitation is that we collected the data through MTurk, which is as a useful
tool that is still widely applied for data collection in the social and psychological fields.
However, there are indications of declining data quality (e.g., Kennedy et al., 2018), perhaps
reflected by the fact that our approach to “cleaning” up the data resulted in a large number of
data being excluded from the final analysis in Study 3. Nevertheless, this approach might have
implications if we have excluded individuals who were rightful participants.
That being said, one could argue that the concept of resilience, the ability to cope
successfully in adverse circumstances (Herrman et al., 2011), should be a contender for the
title of the behavioral part of subjective well-being. This is somewhat plausible, as resilience
is an ability that is often understood as a process involving internal (e.g., biology and
personality; Eley et al., 2013) and external factors (e.g., upbringing; Bonanno, 2004) or as an
outcome or the endpoint of stress and coping processes (Lepore & Revenson, 2006). In other
words, resilience is often seen as an ability, not as an evaluation of one’s behavior in relation
to the surrounding world. Therefore, it is not a construct that complements the notion of affect
as the evaluation of biological emotional reactions and the notion of life satisfaction as the
evaluation of one’s life in relation to a self-imposed psychological ideal. Harmony, in contrast,
is a construct that indicates how people think about their lives in relation to the world around
them (e.g., surroundings, family, friends, nature, and God) or as a behavioral process that
involves acceptance and adaptation in order to bring balance to one’s life. One way or another,
future studies might need to include or rule out which or both of these two constructs is part of
the tridimensional model of subjective well-being.
From a methodological perspective, despite all the advantages mentioned, advanced
CTT and IRT techniques do not address the issue of response style or social desirability (cf.
Oishi, 2007). For instance, item difficulty parameters might be influenced by response
tendencies such as a mid-point use or extreme scale use (Oishi, 2007; see Chen, Lee, &
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Stevenson, 1995, for cultural differences in response tendencies). Also, the social desirability
of specific items might differ across individuals depending on their culture or personal goals
and values. For instance, items that were identified as more difficult in Study 1 (e.g., “Proud”
in the Positive Affect Negative Affect Scale; item 5, “If I could live my life over, I would
change almost nothing,” in the Satisfaction with Life Scale; and item 3, “I am in harmony,” in
the Harmony in Life scale) might be seen as socially undesirable to endorse at the highest point
of the scales among individuals who value modesty (cf. Oishi, 2007; see Kitayama & Markus,
2000, for cross-cultural studies of happiness). In this context, despite its strengths
(Chmielewski & Kucker, 2020), data collection through Amazon’s Mechanical Turk seems to
suffer from the same problems as do offline and paper and pencil surveys regarding social
desirability (Dodou & de Winter, 2014). Hence, because I could not account for whether the
results had been affected by response tendencies and social desirability, the suggestions for
modifications should be interpreted as guidelines rather than rules (cf. Oishi, 2007).
Furthermore, one limitation of the factorial models used in Study 2 is that they are
heavily influenced by the sample characteristics, such as number of participants. However,
according to Thompson (2004), if the factors are defined by four or more measured variables
with structure coefficients <.60, then the sample size is not important. Moreover, if the factors
are defined by 10 or more structure coefficients each around .40, then the sample size should
be at least 150. Any sample size over 300 is considered adequate (see, e.g., Comrey & Lee,
1992, who suggest that 50 cases is very poor, 100 is poor, 200 is fair, 300 is good, 500 is very
good, and 1000 or more is excellent) and 10 observations per variable is suggested as a
minimum necessary to avoid computational difficulties. In other words, the sample size in
Study 2 (n = 527) with high loadings in most of the items is adequate and even very good for
the analyses conducted.
IRT is a useful and powerful psychometric method that, independently of using UIRT
or MIRT, overcomes some of the limitations of CTT. MIRT models, for example, consider
item properties such as multidimensional item parameter estimates of difficulty,
discrimination, probability of responses, and reliable information that could be varied from one
item to another, and not only covariances between items, as considered by CTT models. In
MIRT, certain parameter estimates such as multidimensional reliable information can vary
from one item to another, throughout the multidimensional latent trait surface of the test item,
and/or in one part of the test compared with others. Moreover, using IRT enables us to
determine the suitability of items for measuring continuous latent variables (θs), which
researchers can use to modify items to increase reliable information and the scale’s validity.
For instance, the goal of the IRT model is not to produce similar items or just to add items,
such as what occurs when CTT models are applied to obtain higher reliability—often reported
as only a single value. Using IRT models, researchers obtain the information needed in order
to know what types of modifications to make (e.g., items that cover lower or higher levels of
the latent trait) to measure all the proposed parts of the construct across a much greater range
of the continuum and to improve both the reliable information and validity of the whole model.
Moreover, the item parameter estimates (e.g., discrimination and difficulty parameters) are
important properties of the test item in IRT models, which in contrast to CTT models, do not
depend on the number of test items or on the properties of the groups of respondents (e.g.,
group size, gender, and age). Thus, any changes in the number of items or properties of the
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sample do not have strong effects on the values of the item parameter estimates. Nevertheless,
even when IRT models are used, the obtained item parameter estimates are subject to the
sample properties and do not always yield similar numerical values for the item parameter
estimates for different samples each time. That being said, this only means that the group
invariance principle is more difficult to observe in real data (Baker & Kim, 2017).
This is, to the best of our knowledge, the first study in which MIRT (e.g., bifactor MR
MIRT) has been used to investigate the psychometric properties of a tridimensional subjective
well-being construct and its components. MIRT is a relatively modern psychometric method
that overcomes some of the limitations of UIRT. UIRT, for example, assumes a simple
structure in which items are associated with a single latent trait that underlies the collection of
test item responses on a unidimensional latent trait. In other words, a UIRT model contains
only a single parameter to reflect a respondent’s location on the underlying trait—a continuum
latent variable that is denoted by theta (θ). MIRT, on the other hand, assumes a
multidimensional latent trait space and reflects the complexity of the interactions between the
properties of the test items and the respondent’s observable behavior (i.e., the pattern of
responses to test items). Thanks to the use of vectors of locations on the multiple latent traits,
rather than a simple structure as assumed in UIRT, this is more accurately measured using
MIRT.
In addition, related to the variance that could not be explained within the model, future
studies need to add and test other dimensions. As argued above, resilience might be a good
candidate to test, and another could be a spiritual dimension. Indeed, humanistic psychologists
and psychiatrists have argued that it is necessary to include a spiritual dimension when looking
into well-being as a scientific construct, because people think and evaluate existential issues in
daily life, when struggling with adversity, or in moments of pure joy and elevation—what
Maslow called “peak experiences” (Cloninger, 2004, 2006; MacDonald, 2018). In fact, even
though the fit indexes of the bifactor model were better than those of all the other models, they
were still not excellent.
That being said, even though I used different factorial tridimensional models in Study
2, I did not use measurement invariance analyses except for gender and the Satisfaction with
Life Scale in Study 1. Future studies should use measurement invariance analyses to determine
whether structural factor loadings, intercepts, residual variances, and model fit indexes are
equivalent across multiple populations (e.g., cultures, ethnicities, countries, ages, and genders)
and/or over different points in time.
Moreover, the result regarding local independence using different indices (e.g., in Study
3, LD-X2, Cramer’s V coefficient, and Q3 statistic) could not perfectly reflect the local
independence between item pairs. This indicated that bifactor GR-MIRT could not completely
explain the variation in item response patterns within the model, in which subjective well-being
was proposed as a general dimension and life satisfaction, harmony in life, positive affect, and
negative affect were proposed as four separate specific dimensions. In other words, in our
model the correlations among the items remained even after controlling for the effect of the
latent traits. We suggest that this indicates the presence of differential item functioning (DIF)
in Study 2 and multidimensional DIF in Study 3, which refers to a conditional dependency due
to differences in the responses to each test item across subgroups within the population that
have different levels of the latent trait. We therefore recommend that further research should
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apply multiple group analysis to detect multidimensional DIF, in order to test possible
violations of local independence due to, for example, demographic properties (i.e., group
effects by gender and educational level) that make groups potentially heterogeneous.
Moreover, I also recommend that further research should test whether the parameters of a given
item change over subsequent occasions.
Indeed, the residuals were mostly significantly correlated, which also indicates that the
data had a tendency to form a multifaceted construct, rather than the multidimensionality of
bifactor model. Importantly, ignoring violations of the assumption of local independence could
yield slope inflation and reduction in the precision of parameters regarding the unobserved
traits (Toland et al., 2017). Thus, we might also need to apply more complex models than
bifactor ones to deal with the potential level of the violation of local independence, which is
probably related to the constructs’ irrelevant variance. Thus, it is recommended that future
studies should test other MIRT models as proposed solutions to cope with the potential
violation of the assumption of local item independence. The testlet model and two-tier model,
for example, may be used as constrained versions of a bifactor MIRT model (Li et al., 2006),
which includes a general single latent factor (i.e., primary factor) and a set of specific latent
factors and in which the variances of the testlet effects (i.e., specific factor effects) are freely
estimated (Cai, 2010). Moreover, the specific factor loadings (i.e., item slope parameters)
within each testlet and the general loadings are constrained to be equal. The two-tier model
includes general latent factors (i.e., primary tier) and a set of specific latent factors (i.e.,
secondary tier). In the two-tier model, specific factors are assumed to be uncorrelated and have
a fixed variance of 1, while the general factors can covary with other general factors. These
models (i.e., the testlet and two-tier models) could be used to evaluate and eliminate the impact
of local item dependence on the reliability and the validity of inferences from the test. In this
vein, due to space issues here we did not apply the total multidimensional information function
to the scales, so we recommend that future studies should identify the amount of
multidimensional information for each scale.
Another limitation is that I tested convergent and discriminant validity only between
the scales of the model, so I recommend that future studies should test convergent and
discriminant validity using the scores of these scales that were generated by the bifactor and
MIRT models, with other factor scores that are important for subjective well-being (e.g.,
personality—probably the strongest factor influencing well-being [cf. Cloninger, 2004], selfreported health, and psychological well-being).
In sum, because the results suggest a clear tendency for multidimensionality rather than
unidimensionality, further studies should replicate the present findings using bifactor analysis
and bifactor GR-MIRT, but also using more advanced methods such as the testlet and two-tier
models.

Conclusions and Final Remarks
UIRT, like CTT, has both advantages and limitations. Here, however, I have addressed the
measurement of subjective well-being as a tridimensional construct using both these techniques
and bifactor MIRT. That is, I used them as complements to one another to test the dynamic
structure of subjective well-being at the response-option, item, scale, and whole-model levels.
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In short, in Study 1 the affective dimension, especially low levels of negative affect, was
less accurately measured, while both life satisfaction (i.e., the cognitive dimension) and
harmony in life (i.e., the behavioral dimension) were covered to an equal degree. However,
even though all 30 items in the model displayed good psychometric properties (e.g., difficulty
and discrimination parameters), there was less reliability for respondents with extreme latent
scores in all subjective well-being dimensions. That being said, in Study 2 the best way to
conceptualize subjective well-being was as a latent construct with three dimensions (i.e.,
affective, cognitive, and behavioral) and four components (i.e., positive affect, negative affect,
life satisfaction, and harmony in life) having only direct effects (i.e., a bifactor structure with
unrelated dimensions). As such, subjective well-being together with each specific component
explained 79% of the total variance in the model. This is a clear indication of the presence of
a multidimensional structure that contains both a general factor and subfactors. Here, subjective
well-being explained the most variance (64%), while the components together contributed only
a little (15%). From a theoretical and empirical perspective, measuring each component
separately is not an accurate way to understand people’s subjective well-being, which instead
needs to be measured as a tridimensional bifactor structure. Likewise, subjective well-being
cannot be measured as a single structure isolated from its three dimensions and four
components.
In Studies 1 and 2, from a methodological perspective, I have not used UIRT and CTT
only as complements to each other, but also to discern the best technique with which to address
the question of how to model the structure that captures the suggested multidimensionality of
subjective well-being. Bifactor analysis was the best technique to use in this endeavor. For
example, bifactor analysis helps researchers to overcome the limitations of Cronbach’s alpha
by allowing the computation of different types of omega coefficients as well as the computation
of the explained common variance (ECV) at the model level—that is, the sources of item
variance that depend on subjective well-being (ECVg) and each of its dimensions (ECVs).
Furthermore, other benefits of bifactor analysis at the item level are that researchers can also
compute item explained common variance (I-ECV), item explained common variance for the
general factor, IECVg (i.e., here subjective well-being), and item explained common variance
for each specific subfactor, IECVs (i.e., here each subjective well-being component). Finally,
bifactor analysis allows researchers to calculate factor scores for subjective well-being and
each specific dimension. These purified scores are probably more precise and without the
limitations of other CTT techniques (e.g., unweighted item effect and indirect correlations) or
the traditional average score approach. This fact is important for mental health professionals
and clinical practitioners as well when they assess, promote, and treat subjective well-being
among their clients and patients.
Nevertheless, in Study 3, I have applied more advanced methods such as MIRT that
could account for the complexity of the interactions between the respondents and each item’s
psychometric properties. MIRT also considers, independently of the sample’s characteristics,
both multidimensional item difficulty and multidimensional item discrimination across all the
construct’s dimensions, and not only covariances between items as suggested by CTT methods.
In other words, MIRT might help researchers to assess with more accuracy the structure and
multidimensionality of the proposed tridimensional model of subjective well-being. In
addition, many researchers have identified the need for improved conceptualization and
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measurement of well-being using good qualitative, intuitive, and quantitative methodology,
and by considering and implementing past research (for critical positive psychology, see Brown
et al., 2018).
That being said, Study 3 provides some important take-home messages. First, the data
in this study strongly reflected, as expected, the multidimensionality of the proposed subjective
well-being model. Second, the multiple latent dimensions of the model do not work separately,
so the strength of one latent dimension can compensate for low levels in another, and vice
versa. Third, all items within the model can successfully discriminate between respondents.
Fourth, despite these results, the instruments need some additions and/or modifications (e.g.,
regarding the items “I am satisfied with my life,” “Alert,” and probably all items of the
Harmony in Life Scale) to provide enough information at different points along the trait
continuum of the subjective well-being scale and its four specific components. In sum,
theoretically and as a concept, a person’s subjective well-being is an interconnected experience
of judgments about biological emotional reactions, a self-imposed psychological ideal, and a
constant social interaction and adaptation between the individual and the surrounding world
(cf. Cloninger, 2004). The measurement of subjective well-being therefore requires that
researchers include all three aspects in order to understand people’s experience of it. For
instance, an individual may experience positive emotions frequently and negative emotions
sporadically, but not necessarily be satisfied with her life or perceive a good balance in life. At
the same time, the cognitive appraisals of one’s life (i.e., life satisfaction) and social relations
with others and the surrounding world (i.e., harmony in life) influence and are influenced by
our affective experience. Consequently, due to this interconnection, interventions to promote
well-being must be ternary in nature, that is, promoting aspects of being that not only increase
positive emotions, but also increase life satisfaction and harmony in life and decrease negative
emotions (see, e.g., Cloninger, 2013a,b; Cloninger & Cloninger, 2011a,b; Cloninger et al.,
2020; Garcia, Cloninger, Lester, & Cloninger, 2019). If we do so, by affecting emotions,
cognitions, and behavior, we might be able to help people to develop sustainable happiness,
resilience, and an outlook of unity (Cloninger, 2013a,b).
The tridimensional model tested here has parallels with the biopsychosocial model of
health and the definition of health of the World Health Organization (1946)—that is, the notion
that health is, besides the absence of disease, also a state of physical, mental, and social wellbeing (see also Cloninger, 2004; Engel, 1977, 1980; VanderWeele, 2017). In this context, the
affective component consists of judgments of one’s emotions, which are derived from our
nervous system and temperament traits with a strong genetic factor and therefore remain
relatively stable through life (Cloninger, 2004; Josefsson et al., 2013; Watson et al., 1988). Life
satisfaction, on the other hand, consists of the person’s own judgments of her self-imposed
psychological ideal (Diener et al., 1985), whereas harmony in life consists of the person’s own
judgments of a sense of inner balance between herself and the surrounding world as a process
that simultaneously comprises acceptance, adaptation, and balance (e.g., see Kjell, 2018; Li,
2008; Nima et al., 2020a,b). It is therefore reasonable to propose that subjective well-being as
a tridimensional model can be described as a biopsychosocial construct with biological
components (i.e., positive affect and negative affect), a psychological component (i.e., life
satisfaction), and a social component (i.e., harmony in life; see Figure 5).
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Figure 5. Subjective well-being as a tridimensional construct consisting of affect (positive and
negative), life satisfaction, and harmony in life.
This thesis has scrutinized this proposed model on the basis of past research that
established subjective well-being as a higher-order factor (Busseri et al., 2007) consisting of
an affective component and a cognitive component (Diener, 1984) and recent theoretical,
conceptual, and empirical findings suggesting that harmony in life is a construct that is lacking
in the current conceptualization of subjective well-being and that such harmony is at the core
of subjective well-being. Without considering how people express their well-being and past
relevant research beyond a specific field, we risk ending up with “quick and dirty measures”
that lack a comprehensive theory (cf. Wong & Roy, 2018) and suffer from the “jingle-jangle”
fallacy (cf. Block, 1995). The present studies establish an important basis for avoiding this.
That being said, a scientific model represents phenomena (in this case, subjective well-being)
in a logical but simplified way (Apostel, 1960; Atkinson, 1960; Chakravartty, 2010; Toon,
2010). As such, the tridimensional model of subjective well-being should be interpreted and
used with caution, so it is recommended that future studies seek to validate whether each
dimension is affective, cognitive, or behavioral in nature.
“I … a universe of atoms, an atom in the universe.”
—Richard P. Feyman
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