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Introduction

Do individuals in different cultures have the same cognitive representation of 
a given psychological construct? For example, do they agree on the meaning 
of complex emotions, such as sympathy or nostalgia? This is the daunting uni-
versality question posed in cross-​cultural research. That complex constructs 
such as emotions lack explicit formal definitions presents a formidable ob-
stacle to answering this question; as Fehr and Russell (1984) state, “Everyone 
knows what an emotion is, until asked to give a definition. Then, it seems, 
no one knows” (p. 464). However, viewing emotions (and other complex 
constructs) from a prototype perspective suggests possible solutions to this 
problem (Shaver et al., 1987).

According to prototype theory (Rosch, 1978), knowledge is formed on 
the basis of repeated experience and becomes organized around a generic 
representation or prototype of the construct. From this perspective, many 
cognitive constructs are best conceptualized as fuzzy sets with vague bound-
aries. Rather than being delimited by necessary and sufficient properties, 
these fuzzy sets are defined by features that are representative or typical of 
the construct, with highly representative features occupying a more cen-
tral place in the prototype. Thus, even if a construct cannot be delineated by 
sharp boundaries, individuals can report whether a particular feature is rel-
atively central or peripheral to said construct. By harnessing this strategy, 
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262  Yiu-Fai Yung et al.

prototype methods have shed light on individuals’ conceptions of a wide 
range of emotions, including love, commitment (Fehr, 1988), hate, anger, 
jealousy (Fitness & Fletcher, 1993), respect (Frei & Shaver, 2002), forgiveness 
(Kearns & Fincham, 2004), gratitude (Lambert et al., 2009), shame (Hurtado 
de Mendoza et al., 2010), and vengefulness (Elshout et al., 2017). Beyond the 
field of emotions, scholars have applied the prototype approach to gain insight 
into a rich variety of domains, including conceptions of personality types 
(Cantor & Mischel, 1979; Chaplin et al., 1988), modesty (Gregg et al., 2008; 
Shi et al., 2020), psychiatric conditions (Horowitz et al., 1982; Westen et al., 
2012), social situations (Cantor et al., 1982; Uskul et al., 2014), and social cate-
gories (Brewer et al., 1981; Sesko & Biernat, 2010).

In their influential article, Shaver et al. (1987) suggested that the prototype 
approach could usher in an era of research on cross-​cultural similarities and 
differences in emotion conceptions. They proposed that although individuals 
from different cultures may have difficulty giving a clear-​cut definition of an 
emotion, they should be able to rate whether a particular feature is relatively 
representative or unrepresentative of the emotion. These prototypicality ratings 
could then form the basis of cross-​cultural comparisons. Yet, although cross-​
cultural emotion research has blossomed (for reviews, see Mesquita & Frijda, 
1992; Russell, 1991; van Hemert et al., 2007), relatively few scholars have capi-
talized on the prototype approach in the way Shaver et al. envisaged (cf. Fischer 
et al., 1999; Hepper et al., 2014; Hurtado de Mendoza et al., 2010). A possible 
reason for this scarcity is the lack of a theoretical framework to guide the com-
parison of prototypicality ratings among cultures. For example, confirmatory 
factor analysis (CFA), which is a popular statistical technique in cross-​cultural 
research, does not lend itself to testing the specific postulates of prototype 
theory. In addition, CFA procedures that are commonly used to test invari-
ance assumption are restrictive (Funder, 2020; Gardiner et al., 2019) and “can 
be extremely problematic both statistically and substantively” (Byrne & Van 
de Vijver, 2010, p. 107). In addition, diverse invariances indices are often ap-
plied inconsistently by different researchers and may lack practical significance 
(Ock et al., 2020). Arguably, this lack of framework has limited cross-​cultural 
research in social and personality psychology because researchers lack the guid-
ance and tools to assess the replicability of cognitive representations across 
cultures, which in turn perpetuates a reliance on so-​called WEIRD samples (i.e., 
Western, educated, industrialized, rich, and democratic; Henrich et al., 2010).

Our key objective, then, is to propose a framework that consists of prac-
tical criteria for assessing cultural universality of prototypes for social psy-
chological constructs. We present a case study of conceptions of “nostalgia” to 
illustrate how these criteria and the associated methodology can address the 
cultural universality issues. One important methodological departure from 
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most cross-​cultural studies is that we do not emphasize invariance tests via CFA 
(Byrne & Van de Vijver, 2010; Matsumoto & Van de Vijver, 2011; Millsap, 2011; 
Van de Vijver & Leung, 1997) in establishing cross-​cultural universality. Given 
that our primary goal is to demonstrate the usefulness of our new methodology 
(rather than examine critically the CFA approach), we postpone overarching 
comparisons with the CFA approach to the Discussion section. Another goal 
is to illustrate the utility of often-​ignored exploratory multivariate statistical 
techniques, such as multidimensional scaling (Kruskal & Wish, 1978) and 
cluster analysis (Aldenderfer & Blashfield, 1984; Arabie et al., 1987), for studying 
mean patterns in cultures. We show how these exploratory techniques can help 
researchers generate insightful hypotheses for further investigations.

We first review the prototype approach to complex constructs, focusing in 
particular on studies of the nostalgia prototype by Hepper et al. (2012, 2014). 
These studies set the stage for introducing our four operational criteria for 
judging cross-​cultural universality in multiple populations. We then apply these 
criteria to the cross-​cultural data collected by Hepper et al. (2014) and devise 
statistical tests for assessing the universality of nostalgia conceptions. In addi-
tion, we use multidimensional scaling results to interpret the clustering patterns 
in Hepper et al. (2014). We conclude by discussing the strengths and limitations 
of our proposed methodology for studying cross-​cultural universality.

Prototype Studies of Nostalgia

To characterize lay conceptualizations of our illustrative case, nostalgia, 
Hepper et al. (2012) adopted a prototype approach. They proposed that 
nostalgia is a complex emotion lacking a clear-​cut definition and sharp 
boundaries. For example, defining nostalgia as either positive or negative 
is simplistic, but positive emotions may be more representative of nostalgic 
experiences than negative emotions. Moreover, a particular experience does 
not qualify as either nostalgic or non-​nostalgic, but some experiences are 
more representative of nostalgia than others. Relying on UK and U.S. samples, 
Hepper et al. found that nostalgia was characterized by 35 features, with some 
features being more prototypical than others. For example, when asked to rate 
the relevance of a set of features to the construct “nostalgia” (1 =​ not at all 
related, 8 =​ extremely related), participants rated features such as “memory/​
memories,” “feeling/​emotion,” and “happiness” much higher than features 
such as “regret,” “sadness/​depressed,” and “lethargy/​laziness.” We denote 
highly prototypical features as central and less prototypical features as periph-
eral. We provide all 35 features of nostalgia along with descriptive statistics in 
Table 6.1.
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264  Yiu-Fai Yung et al.

Table 6.1  Means and Standard Deviations of Nostalgia Features in the Normed UK Sample

N N Miss Mean SD

Central 1 (C1)
Memory/​memories 102 0 7.10 1.17
The past 101 1 7.00 1.18
Fond memories 102 0 6.73 1.28
Remembering 101 1 6.63 1.41
Reminiscence 100 2 6.54 1.41
Feeling/​emotion 101 1 6.47 1.35
Personal meaning 101 1 6.39 1.68
Longing/​yearning 100 2 6.32 1.55
Social relationships 101 1 6.28 1.48

Central 2 (C2)
Memorabilia/​keepsakes 101 1 6.04 1.71
Rose-​tinted memory 101 1 6.01 1.62
Happiness 100 2 5.95 1.63
Childhood/​youth 101 1 5.88 1.68
Sensory triggers 102 0 5.85 1.61
Thinking 101 1 5.84 1.68
Reliving/​dwelling 101 1 5.75 1.82
Missing/​loss 101 1 5.70 1.70
Wanting to return to past 102 0 5.68 1.81

Peripheral 1 (P1)
Comfort/​warmth 102 0 5.59 1.65
Wishing/​desire 102 0 5.42 1.68
Dreams/​daydreaming 102 0 5.33 1.67
Mixed feelings 101 1 5.04 1.94
Change 101 1 4.78 1.80
Calm/​relaxed 101 1 4.64 1.66
Regret 102 0 4.33 1.91
Homesickness 101 1 4.06 1.92
Prestige/​success 101 1 4.05 1.87

Peripheral 2 (P2)
Aging/​old people 100 2 4.00 2.06
Loneliness 102 0 3.76 1.90
Sadness/​depressed 101 1 3.58 1.94
Negative past 102 0 3.33 1.94
Distortion/​illusions 102 0 3.30 1.99
Solitude 100 2 3.22 1.64
Pain/​anxiety 100 2 3.03 1.84
Lethargy/​laziness 102 0 2.46 1.61
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To examine whether other cultures have similar conceptions of nostalgia, 
Hepper et al. (2014) extended their investigation to 18 countries from five 
continents. After validating the translation of the 35 prototypical features, 
participants were asked in their own language to rate the relevance of these 35 
features to the construct “nostalgia.” Hepper et al. concluded that, except for 
mild departures in some African countries, conceptions of nostalgia are near-​
universal. We revisit some of the statistical analyses in this work. More impor-
tant, we use their research as a case study to illustrate our method for assessing 
cross-​cultural universality of complex constructs.

Structural Properties of the Nostalgia Features

According to prototype theory (Rosch, 1978), complex constructs are cog-
nitively represented in terms of features that vary in centrality (vs. periph-
erality). For example, based on Hepper et al.’s (2012) research, the construct 
“nostalgia” has 35 defining features (or attributes) that vary in centrality. An 
implication of prototype theory is that the cross-​cultural universality of nos-
talgia conceptions can be assessed by examining whether these 35 features 
and their structural properties are preserved in different cultures. In this sec-
tion, we systematically describe important structural properties of features in 
prototype theory.

We take the 35 nostalgia features identified by Hepper et al. (2012) as a ge-
neric example. Let A a= { 1, a2, . . ., a35} denote this set of 35 features. Suppose 
that in a population (i.e., a particular culture or country), all individuals rate 
these 35 features according to their “relatedness” or “representativeness” 
(i.e., prototypicality) to the construct “nostalgia” on a rating scale, where 
larger values represent higher relatedness. These ratings are represented by 
a set of 35 random variables x x x1 2 35, , ,… . Let µ µ µ1 2 35, , ,…  be the popula-
tion means of the rating and σ σ σ1 2 35, , ,…  be the standard deviations of the 
ratings. Without loss of generality, assume that the features are ordered by 
their prototypicality of nostalgia so that µ µ µ1 2 35> > >... . Hence, feature a1  is 
the most prototypical of nostalgia and a35  is the least prototypical of (but still 
related to) nostalgia. In prototype theory, the more prototypical features, such 
as a a a1 2 3, , , are called central features, and the less prototypical features, such as 
a a a33 34 35, , , are called peripheral features. Hence, the most pertinent structural 
property of features is that they are ordered according to their prototypicality. 
This is stated formally in the following section.

D
ow

nloaded from
 https://academ

ic.oup.com
/book/57352/chapter/464647795 by U

niversity of Southam
pton user on 27 N

ovem
ber 2024



266  Yiu-Fai Yung et al.

Property 1: Ordering of Features
In the population, the features A a= { 1, a2 , a3 ,…}, of a complex construct are 
ordered from the most prototypical to the least prototypical according to 
the average prototypicality rating (i.e., µ µ µ1 2 3> > > ... ) of the features by all 
individuals.

Although Property 1 is trivially satisfied (by construction) in a single pop-
ulation, its generality to other populations is a hypothesis that needs to be 
tested empirically. The population against which others will be compared is 
designated as normed. The most stringent criterion for generality requires 
that the feature orders of all other populations match perfectly to that of the 
normed population. However, it is more practical to require only a high de-
gree of matching in ordering. Accordingly, a measure that assesses the degree 
of matching is sought. We revisit this assessment issue later.

Property 2: Relative Consistency in Rating Central Features
In addition to being rated higher in prototypicality, some researchers 
argue that central features should also be rated more consistently than pe-
ripheral ones (Fehr & Russell, 1984; Mervis & Rosch, 1981). This consist-
ency property can be reflected in the population standard deviations of the 
ratings. A stringent interpretation of this property is that σ σ σ1 2 35< < <... .   
However, because features are already ordered according to their mean 
prototypicality, it is unlikely that such a stringent interpretation of the con-
sistency property would find any practical applications. Therefore, a more 
realistic interpretation is to view the consistency property only as a general 
trend of the ordered features. Suppose the ordered features are partitioned 
into two sets: a central set and a peripheral set. Let σc be the arithmetic mean 
of standard deviations of the central features and σp  be the arithmetic mean 
of standard deviations of the peripheral features. A weaker consistency pro-
perty is stated as follows.

In the population,

	 σ σc p< 	

Once the consistency property is established in a normed population, the 
same property can become a criterion to gauge cross-​cultural universality in 
other populations. Take, as an example, the 35 features of nostalgia identified 
by Hepper et al. (2012). The central feature set consists of the 18 most highly 
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rated features. The peripheral feature set consists of the remaining 17 features. 
Property 2 requires that the average standard deviation σc( )  of the 18 central 
features be smaller than the average standard deviation σp( ) of the remaining 
17 peripheral features.

Property 3: Distinctive Elevations of the Central and Peripheral 
Feature Sets
When there is no a priori reason to favor a particular partitioning scheme, 
splitting the ordered features into approximate halves is not an unreasonable 
initial step. To justify the interpretation of “central” and “peripheral” feature 
sets, however, a distinctiveness property of these feature sets is called for. Let 
µc be the mean rating of the central features and µp  be the mean rating of the 
peripheral features. The following properties can be used to validate the dis-
tinction between the central and peripheral feature sets.

In the population,

	 µ µ δ σ µ µ δ σc > + < −p p p c c1 2, 	

Or, equivalently,

	
µ µ

σ
δ

µ µ
σ

δ
µ µ

σ
δc p

p

p c

c

c p

c

−
>

−
< −

−
>⇔





1 2 2, 	

where δ1 and δ2 are distinctiveness criterion values. Given that the left sides 
of the above inequalities are standardized distances, it is useful to consider δ1 
and δ2 as effect size measures (Cohen, 1988) for comparison purposes. A large 
effect size for distinguishing central and peripheral features is essential to pro-
totype theory. Although a fixed number for defining a large effect size seems 
to be arbitrary, the guidelines provided by Cohen (1988) can serve as a good 
starting point. That is, in social science research, an effect size value of 0.8 
is considered large, 0.5 is medium, and 0.2 is small. Therefore, in order to 
claim distinctiveness between the central and peripheral feature sets, the stan-
dardized distances must at least be larger than the medium effect size. This 
suggests that δ1 or δ2 must at least exceed 0.5 and ideally approximate 0.8. It 
is, then, reasonable to use the midpoint 0.65 as the criterion value for δ1 or δ2 .

In discussing the two possible criteria for distinctiveness, we have 
not explicitly stated whether both or either one of the inequalities are 
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required.1 Whereas µ µ σc p p−( ) /  is the standardized distance of the mean 
of central features from the distribution of peripheral features, µ µ σp c c−( ) /  
is the standardized distance of the mean of peripheral features from the 
distribution of central features. Although both standardized distances in-
volve the difference between µc  and µp in the numerators, their magnitudes 
are generally different due to standardizations via different distributions 
(in particular, via different standard deviations). Only when σ σp c=  are 
the two inequalities equivalent, assuming that the criterion values δ1 and 
δ2 are the same. However, when σc and σp are different (and this is likely 
because in theory central features should be rated more consistently than 
peripheral features), three scenarios for the two inequalities are possible. 
In the first scenario, both inequalities are satisfied, and this is a clear-​cut 
case to accept the distinctiveness of the adjacent feature sets in question. 
In the second scenario, both inequalities are not satisfied, and this is also 
a clear-​cut case to reject distinctiveness. In the third scenario, one ine-
quality is satisfied but the other is not. Should one accept or reject the 
distinctiveness in this case? We propose a combined criterion based on 
the average of the standardized distances. That is, the (combined) dis-
tinctiveness criterion (Property 3) requires that following inequality be 
satisfied:

	 1
2

1
2 3

µ µ
σ

µ µ
σ

δc p

p

c p

c

−







 +

−





> 	

As argued previously, δ3=​ 0.65 is recommended for partitions with two fea-
ture sets. This combined criterion provides a simple, yet reasonable, quan-
titative way to determine distinctiveness when the two original inequalities 
are discordant. In fact, this combined criterion can be applied generally, be-
cause it is consistent with decisions on distinctiveness in the first two clear-​cut 

	 1	 We thank a reviewer for bringing this issue to our attention. If both equalities are required for distinc-
tiveness, then the criterion can be simplified as

	
µ µ

σ
δ σ σ σc p

max
max p cwhere max( )

−
> =, , 	

If only one of them is required for distinctiveness, then the criterion can be simplified as

	
µ µ

σ
δ σ σ σc p

min
min p cwhere min( )

−
> =, , 	

However, to utilize more information for determining the distinctiveness of marginal cases, our proposal is 
based on the averaging of standardized distances. See text for explanations.
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scenarios. That is, with all criterion values δ1 , δ2 , and δ3 fixed at the same 
level, we observed the following:

	 1.	 When both inequalities basing on δ1 and δ2 are satisfied, the combined 
distinctiveness criterion basing on δ3 would also be satisfied.

	 2.	 When both inequalities basing on δ1 and δ2 are not satisfied, the com-
bined distinctiveness criterion basing on δ3 would also not be satisfied.

For convenience, we apply the combined criterion in our analysis of 
distinctiveness.

Once the central/​peripheral partitioning is justified by the distinctive-
ness property in a normed population, to assess cross-​cultural universality, 
researchers can examine whether the same distinctiveness property holds in 
other populations of interest.

Depth of Partitioning
Stronger versions of the consistency (Property 2) and distinctiveness 
(Property 3) properties can be formulated upon further partitioning of the 
central and peripheral features. For example, Hepper et al. (2014) proposed 
four ordered partitioned sets of nostalgia features: C1= {a1, a2, . . ., a9} (first 
nine central features), C2 = {a10 , a11 , . . ., a18} (second nine central features), 
P1 = {a19, a20, . . ., a27} (first nine peripheral features), and P2 = {a28, a29, . . .,
a35} (last eight peripheral features), respectively. The consistency property on 
these four partitioned sets (Property 2.1) is stated as:

In the population,

	 σ σ σ σc c p p1 2 1 2< < < 	

where the subscripts represent the feature sets.
The distinctiveness of these four partitioned sets (Property 3.1) can be vali-

dated by demonstrating the following properties in the population:

(a)  µ µ γ σc c c1 2 11 2> +  ,   µ µ γ σc c c2 1 12 1< −  ,

(b)  µ µ γ σc p p2 1 21 1> +  ,   µ µ γ σp c c1 2 22 2< −

(c)  µ µ γ σp p p1 2 31 2> +  ,   µ µ γ σp p p2 1 32 1< −

where the subscripts C1, C2, P1, and P2 represent the feature sets and γ 11 ,γ 12

, . . ., and γ 32  are distinctiveness criterion values. For four partitioned sets, the 
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distinctiveness criterion values could be set to 0.35, corresponding to the cut-​
off between small and medium effect sizes (Cohen, 1988).

Similar to the development of a combined distinctiveness criterion for the 
case with two partitioned sets (Property 3), we rephrase three combined cri-
teria for determining the distinctiveness of four partitioned sets (Property 
3.1) as follows:

(a)  1
2

1
2

1 2

2

1 2

1
13

µ µ
σ

µ µ
σ

γc c

c

c c

c

−





+
−





>

(b)  1
2

1
2

2 1

1

2 1

2
23

µ µ
σ

µ µ
σ

γc p

p

c p

c

−







 +

−





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(c)  1
2

1
2

1 2

2

1 2

1
33

µ µ
σ

µ µ
σ

γp p

p

p p

p

−







 +

−







 >

Again, once the distinctiveness of the feature sets is established in a popula-
tion, cross-​cultural researchers can use this property as a criterion to assess 
cross-​cultural universality in other populations.

Two comments about the criterion values are in order. First, the γs in  
Property 3.1 (four partitioned sets) should be smaller than the δs in Property 3 
(two partitioned sets). Given that finer partitioning implies closer feature sets, 
a less stringent distinctiveness criterion is appropriate for finer partitioning. 
Hence, γ δ< . Second, the γs in Property 3.1 can be of different importance. It 
may be relatively more important for Property 3.1b to hold (i.e., clear demar-
cation between central and peripheral features) than Property 3.1a or 3.1c (i.e., 
clear demarcation between the adjacent central or peripheral feature sets). 
A way to reflect the relative importance is to make criterion values in Property 
3.1a or Property 3.1c smaller than those in Property 3.1b. For simplicity, we do 
not attempt this fine adjustment in the current chapter.

Even stronger versions of the consistency (Property 2) and distinctiveness 
(Property 3) properties can be stated by further partitioning of the four fea-
ture sets. Ultimately, continuing the partitioning process leads to the strongest 
prototype properties at the individual feature level. Depending on research do-
main, deeper partitioning might or might not be desirable. On the one hand, 
overly shallow partitioning, although easier for establishing cross-​cultural 
universality, provides insufficient detail for adequate scientific understanding. 
On the other hand, overly deep partitioning might be too stringent and 
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complicated to allow parsimonious interpretation. Therefore, some balance on 
depth of partitioning is needed. Moreover, it is possible that some constructs 
have uneven feature sets. For example, a construct can have one central fea-
ture set that consists of a single or a few strong features and a peripheral fea-
ture set that consists of many secondary features. In summary, the practicality 
and interpretability of the consistency and distinctiveness properties hinge on 
suitable depth of partitioning, which, in turn, depends on the interplay of sub-
ject domain, level of understanding being sought, and the state of knowledge 
about the construct in question. Hepper et al. (2014) expressed the consistency 
and distinctiveness properties as four partitioned sets of central and peripheral 
features of nostalgia (C1, C2, P1, and P2) with approximately equal sizes. For 
ease of exposition, we adopt their partitioning scheme.

Criteria for Cultural Universality

We proposed some structural properties of the features (or feature sets) of 
a complex construct under prototype theory. We now present criteria for 
establishing cross-​cultural universality of a complex construct. Suppose indi-
viduals in another population or culture rate the same set of features. By using 
notation similar to those described previously but with a superscript i( )  to 
identify this new population, the set of random variables for the feature set 
A a a= …{ , , , }1 2 3a  are x x xi i i

1 2 3
( ) ( ) ( ) …, , , . Similarly, notations for population means   

( µ i( ) s) and standard deviations ( σ i( ) s) are created for this new population.

Criterion 1: Similar Ordering of Features in New Populations
The prototypicality order of features in the feature set a_1, a_2, a_3, ...} 
in the new population should resemble the order in the normed popula-
tion. Here, we propose a simple measure for the degree of resemblance in 
ordering. Let ω µ( )j  and ω µ( )j

i( )  denote the rank orders of typicality of fea-
ture aj in the normed and new populations, respectively. By construction, 
ω µ( )j j=  for all j, but ω µ( )j

i j( ) =  is not necessarily true for each i (a given 
culture). By treating ω µ( )  and ω µ( )i( )  as vectors of ranks, the correlation 
between them is the rank correlation ρ ρ ω µ ω µ= ( )( ( ), ( ))i . Exact match in fea-
ture ordering is indicated when ρ = 1 . Hence, the resemblance in feature 
ordering in two populations can be measured by ρ —​the higher the more 
resemblance. We propose to require that ρ  be greater than 0.7, to refine 
Criterion 1 as follows:

Criterion 1′: �High rank-​order correlations of features with the normed 
population.
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Formally, the prototypicality order of features in feature set A a= { 1 , a2 ,  
a3 ,…} in the new population should correlate at ρ ρ ω µ ω µ= =( )( ( ), ( )) .i 0 7  or 
higher to that of the normed population. Although 0.7 seems to be an arbi-
trary number, it becomes more interpretable when one looks at the corre-
sponding requirement in ρ2. Here it requires ρ2  to be larger than 0.49, which 
means that at least half of the ranking variance in the new population must be 
explained by the ranking in the normed population.

Criterion 2: Relative Consistency in Rating Central Features 
in New Populations
The central features should be rated more consistently than the peripheral 
features in the new population i.2 That is,

(a)  σ σc p
i i( ) ( )<

when the features are partitioned into the central and peripheral sets by 
using the same partitioning scheme in the normed population. The quan-
tity σ σc p

i i( ) ( )( ) represents the arithmetic mean of standard deviations of the 
central (peripheral) features in population i. A stronger criterion with four 
partitioned sets is

(b)  σ σ σ σc c p p1 2 1 2
i i i i( ) ( ) ( ) ( )< < <

Similarly, the quantities in the inequalities represent the arithmetic means of 
standard deviations of the features in sets C1, C2, P1, and P2, respectively, in 
population i.

Criterion 3: Distinctiveness of Feature Sets in New Populations
The partitioned sets of features should be distinct in the new population i, 
if they are distinct in the normed population under the same partitioning 
scheme. That is, for a two-​level partitioning involving distinct central and pe-
ripheral feature sets, it requires

(a)  µ µ δ σ µ µ δ σc p p p c c
i i i i i i( ) ( ) ( ) ( ) ( ) ( )> + < −1 2,

	 2	 Unlike the next two criteria, we stated the consistency criterion without considering effect sizes. The 
main reason is that a standardized scale for standard deviations, and hence the corresponding effect size 
measure, have not been well established.
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where the criterion values δ1 and δ2 could be set at 0.65, corresponding to the 
midpoint between a medium (0.50) and large (0.80) effect size.

The following are stronger criteria for four distinct partitioned sets:

(b)  µ µ γ σc
i i i
1 2 11 2

( ) ( ) ( )> +c c  and µ µ γ σc c c2 1 12 1
i i i( ) ( ) ( )< − ,

(c)  µ µ γ σc p p2 1 21 1
i i i( ) ( ) ( )> +  and µ µ γ σp c c1 2 22 2

i i i( ) ( ) ( )< − , and

(d)  µ µ γ σp p p1 2 31 2
i i i( ) ( ) ( )> +  and µ µ γ σp p p2 1 32 1

i i i( ) ( ) ( )< −

where the criterion values γ  could be set at 0.35, corresponding to an effect 
size that is intermediate between small (0.20) and medium (0.50). When a 
clear demarcation between central and peripheral features is more important 
than a clear demarcation between the adjacent central or peripheral feature 
sets, this can be reflected by adjusting the criterion values accordingly (i.e., 
setting γ 21  and γ 22  relatively higher).

Criterion 4: Similar Elevations of the Feature Sets in   
New Populations
Are Criteria 1–​3 sufficient to establish cultural universality? Notice that all cri-
teria established so far are more concerned with whether the “relative” struc-
tural properties (ordering, relative consistency in rating central features, and 
distinctiveness of feature sets) are preserved within new populations. Should 
the “absolute” elevations of features also be similar in new populations? We 
propose that they should, because the same rating scheme has been used for 
measuring prototypicality of features in each culture.

If the features are partitioned into central and peripheral sets, the following 
inequalities operationalize the elevation criterion:

(a)  µ µc c c
i( ) − < β σ1   and  µ µ σp p p

i( ) − < β2

where β1 and β2 are criterion values in terms of the standard deviations of the 
corresponding feature sets. If the features are partitioned into four feature 
sets, then the following inequalities operationalize the criterion:

(b)  µ µ σc c c1 1 11 1
i( ) − < β  and  µ µ σc c c2 2 12 2

i( ) − < β

(c)  µ µ σp p p1 1 21 1
i( ) − < β  and  µ µ σp p p2 2 22 2

i( ) − < β

where βs are criterion values.
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When these β s approach zero, these criteria represent strict matching in 
elevations. Thus, a more reasonable requirement would be to set these cri-
teria to a value that represents the upper boundary of a small effect size. 
Using the previous argument about effect size demarcation, 0.35 is chosen 
as the criterion value for βs (i.e., intermediate between a small and medium 
effect size).3

Summary

To establish cross-​cultural universality of complex psychological constructs, 
one needs to show that its prototypical features are ordered with a high degree 
of similarity across cultures (Criterion 1), the central (vs. peripheral) features 
are more consistently rated by individuals across cultures (Criterion 2), the 
central and peripheral feature sets so partitioned are distinct across cultures 
(Criterion 3), and elevations of the feature sets should be similar across 
cultures (Criterion 4). Once these criteria are operationalized, researchers can 
derive the associated statistical analyses for samples. In the next section, we 
apply some conventional statistical tests to these criteria. We make no claim 
that these tests or analyses are optimal on statistical grounds, but, in the ab-
sence of unique tests for assessing these criteria, they allow researchers to use 
existing techniques to evaluate cross-​cultural universality, thereby making 
such research questions more accessible.

Method and Results

In this section, we demonstrate, using data from Hepper et al. (2012) and 
Hepper et al. (2014), how the cross-​cultural criteria we developed can be ap-
plied to the illustrative case of nostalgia conceptions in different cultures. 
Hepper et al. (2012) identified 35 central and peripheral features of nos-
talgia. Table 6.1 presents these features and their summary statistics in 
prototypicality rating. These results were based on a UK sample, which 
we designate as the normed UK sample hereafter. Given that Hepper et al. 

	 3	 The validity of Criterion 4 assumes that biases due to translation and response styles in cultures are neg-
ligible. Given that it is usually difficult to distinguish such biases from true elevation differences, devising 
instruments that are culturally unbiased is of paramount importance.
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(2012) validated these 35 features in several studies, we treat the normed UK 
sample as a reliable normed population (culture) for the purpose of assessing 
cross-​cultural universality. We share the computer code for all analyses in 
Supplemental Materials.

The Structural Properties of Nostalgia Features in the 
Normed UK Sample

First, we should establish the structural properties of these 35 nostalgia 
features in the United Kingdom. Property 1 requires that features be or-
dered according to the prototypicalities. As shown in Table 6.1, in which the 
features are ordered by their mean prototypicality rating, Property 1 is trivi-
ally satisfied.

Table 6.1 also shows the average means and standard deviations of the 
partitioned feature sets. When the nostalgia features are partitioned into two 
sets, the average standard deviations are 1.54 and 1.82, respectively, for the 
central and peripheral sets. Hence, central features were rated more consist-
ently, satisfying Property 2. When the nostalgia features are partitioned into 
four sets, the average standard deviations are 1.39, 1.69, 1.79, and 1.86, respec-
tively, for the C1, C2, P1, and P2 feature sets. Hence, the consistency property 
still holds with the four partitioned sets (Property 2.1).

Property 3 requires that the partitioned sets are distinguishable. The av-
erage prototypicality ratings are 6.23 for the central set and 4.11 for the pe-
ripheral set. The standardized distances are 1.16 and –​1.37, respectively, when 
using the central and peripheral feature sets as reference distribution. The av-
erage absolute standardized distance is 1.27. These distance measures clearly 
show a sizable separation (i.e., a large effect size) between the central and pe-
ripheral feature sets. With four sets, the corresponding averages are 6.60. 5.86, 
4.81, and 3.34. The average absolute standardized distances are 0.49, 0.60, and 
0.81, respectively, for comparing the C1/​C2, C2/​P1, and P1/​P2 pairs. These 
distances represent at least medium effect sizes, which means that the four 
feature sets are still clearly distinguishable (Property 3.1).

Overall, the normed UK sample (i.e., the normed population that is used 
for studying cross-​cultural universality) exhibits desirable structural proper-
ties under prototype theory. Next, we examine the cross-​cultural universality 
of nostalgia conceptions by using the established criteria under a two-​level 
and a four-​level partitioning scheme.
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Cross-​Cultural Universality with Two-​Level Partitioning: 
Central and Peripheral Features in New Populations

Criterion 1: Similar Ordering of Features
Hepper et al. (2014) asked participants (N =​ 1,704) to rate the relatedness (i.e., 
prototypicality) of the 35 nostalgia features identified by Hepper et al. (2012) 
across 18 countries. One of these countries was the United Kingdom and, 
hence, the 2014 study provides a means to assess the replicability of the 2012 
results. We computed rank-​order correlations by treating the 2012 UK sample 
as the normed population (Table 6.2). The countries are ordered by putting 
the 2014 UK sample first, followed by the other countries in descending order 
of their average central-​feature rating.

Column 2, labeled “UK (Normed),” in Table 6.2 shows the rank 
correlations4 of the nostalgia features in various countries with that of the 
normed 2012 UK sample. The first correlation, with the 2014 UK sample, 
is particularly high: 0.976. This confirms replicability. The remaining 
correlations in column 2 are all very high except for Cameroon, Poland, 
Romania, and Uganda, which have rank correlations lower than 0.7, al-
though Poland and Romania are close to 0.7. Hence, it is safe to state that 
all countries, except Cameroon and Uganda, have similar prototypicality 
ordering of the nostalgia features. The third column in Table 6.2 shows the 
rank correlations between the 2014 UK sample and all other countries. 
Overall, the pattern of correlations is very similar to that observed in column 
2. Therefore, in terms of feature ordering, we established that the nostalgia 
features are ordered similarly in most countries.

Criterion 2: Relative Consistency in Rating Central Features
Table 6.3 shows the average ratings (the “mean” column) and the average 
standard deviations of the features in the central and peripheral feature sets 
(the “SD” column) for the countries studied by Hepper et al. (2014), together 
with the normed UK sample of Hepper et al. (2012). In all countries, except for 
Uganda, the central (compared to peripheral) features were rated on average 
more consistently (i.e., with smaller standard deviations). Uganda has nearly 
identical standard deviations (consistency) in rating central and peripheral 
features.

	 4	 The ranks of features in countries are derived from the mean ratings of the features. Given that different 
sample sizes were used in different countries, the ranks and therefore the rank correlations in Table 6.2 have 
different degrees of reliability. The sample sizes range from 62 to 172 for these countries. See Table 6.3 for 
more details about sample sizes.
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Criterion 3: Distinctiveness of Feature Sets
Table 6.3 further reveals that all countries have higher average ratings in the 
central than peripheral features. Statistical significance tests on the mean 
differences have been reported in Hepper et al. (2014, Table 4). All F tests 
for the mean differences were significant at the 0.0001 α level. The next three 
columns in Table 6.3 display the sample standardized distances between the 
central and peripheral feature sets. That is, d1 (d2) estimates how far away the 
average rating of central (peripheral) features is from the distribution of pe-
ripheral (central) features. We present the combined standardized distance 
d3, which is the average of d1 and –​d2, in Table 6.3. This combined distance is 
to be compared with the criterion values δ3  for determining distinctiveness. 
In the normed UK sample, the central features are not only rated higher on av-
erage than the peripheral features but also highly distinguishable from the pe-
ripheral features. The magnitudes of d1, d2, and d3 for the normed UK sample 
in Table 6.3 show that the standardized distances are all greater than 1, which 

Table 6.2  Rank Correlations of Nostalgia Features 
of Various Countries with the United Kingdom

Country UK (Normed) UK

UK 0.976
USA 0.948 0.948
Israel 0.927 0.927
Greece 0.857 0.866
China 0.798 0.822
Australia 0.968 0.960
Romania 0.688 0.698
Netherlands 0.851 0.843
Japan 0.909 0.906
Ireland 0.925 0.926
Turkey 0.822 0.849
Germany 0.856 0.870
Chile 0.822 0.827
India 0.889 0.898
Poland 0.681 0.718
Ethiopia 0.702 0.700
Cameroon 0.643 0.665
Uganda 0.489 0.532

Notes: The underlined entries are smaller than 0.7. The normed UK 
sample is from Hepper et al. (2012), and the sample for validation is 
from Hepper et al. (2014).
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indicates a sizable separation between the central and peripheral feature sets. 
Indeed, for most of the countries studied, Table 6.3 illustrates that they do 
have acceptable or high degrees of distinctiveness between central and pe-
ripheral features, as indicated by d3 values that are at least as large as the cri-
terion value, δ =​ 0.65, in 14 out of 18 countries. Only Ireland, Cameroon, 
Ethiopia, and Uganda have d3 smaller than 0.65.

The last two columns of Table 6.3 display, respectively, the sample sizes and 
the power of rejecting the null hypothesis of no effect at 0.05 α level given the 
sample sizes of the countries and a true effect size of 0.65. The high power 
values (0.99 for all) indicate that the statistical tests have high sensitivity of 
detecting such a specified effect size, and they have good protection against 
the Type II error. That is, the high sensitivity of effect detection ensures 
that the distinctiveness in feature sets would be detected reliably, if they 
were present; and the good protection against the Type II error means that 

Table 6.3  Some Measures of the Central and Peripheral Nostalgia Features

SD Mean Distinctiveness N Power

C P C P d1 d2 d3

UK (normed) 1.54 1.82 6.23 4.11 1.16 –​1.37 1.27 102 0.99
UK 1.40 1.87 6.62 4.09 1.35 –​1.81 1.58 97 0.99
USA 1.71 2.14 6.65 4.41 1.04 –​1.31 1.18 165 0.99
Israel 1.61 2.06 6.41 3.93 1.20 –​1.54 1.37 90 0.99
Greece 1.75 2.07 6.32 4.13 1.05 –​1.25 1.15 172 0.99
China 1.69 1.99 6.24 4.40 0.93 –​1.09 1.01 98 0.99
Australia 1.83 1.92 6.19 4.02 1.13 –​1.18 1.15 66 0.99
Romania 1.84 2.17 6.12 4.57 0.71 –​0.84 0.78 80 0.99
Netherlands 1.48 1.68 6.06 3.95 1.25 –​1.43 1.34 120 0.99
Japan 1.72 2.00 6.00 4.44 0.78 –​0.91 0.85 96 0.99
Ireland 1.82 1.88 5.93 4.78 0.61 –​0.63 0.62 85 0.99
Turkey 2.03 2.28 5.89 3.74 0.94 –​1.05 1.00 79 0.99
Germany 1.66 1.81 5.87 3.53 1.29 –​1.41 1.35 84 0.99
Chile 1.79 2.01 5.78 3.78 0.99 –​1.12 1.06 82 0.99
India 1.77 1.90 5.73 4.51 0.65 –​0.69 0.67 68 0.99
Poland 1.76 1.95 5.69 3.88 0.93 –​1.03 0.98 70 0.99
Ethiopia 2.17 2.34 5.56 4.46 0.47 –​0.51 0.49 62 0.99
Cameroon 2.55 2.64 5.27 4.10 0.45 –​0.46 0.45 102 0.99
Uganda 1.84 1.84 4.71 3.85 0.47 –​0.47 0.47 88 0.99

Notes: The underlined entries for SDs are not showing the increasing pattern. The underlined entries for d3 
are values that are not larger than the distinctive criterion value δ =​ 0.65. Entries for power are computed using 
α =​ 0.05 for testing a null hypothesis of no effect given the sample sizes of the countries and a true effect size of 0.65.
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non-​distinctiveness in feature sets, if concluded from the hypothesis tests, 
would be unlikely to result from sampling errors. Certainly, the observed high 
power values are in part due to the relatively large sample sizes, implying that 
the d1, d2, and d3 values are precise estimates of population standardized 
differences for carrying out trustable hypothesis tests.

Criterion 4: Similar Elevations of the Feature Sets
We turned next to absolute elevations of central and peripheral features. 
Figure 6.1 depicts the mean ratings of such feature sets with their 95% confi-
dence intervals. Countries are ordered by their average central-​feature rating 
after the 2014 UK sample. To set up acceptance regions around the elevations 
in the normed 2012 UK sample, we used the proposed β =​ 0.35 criterion. That 
is, if a country has a mean rating of a given feature set (i.e., central or periph-
eral) that is within 0.35 standardized distance of the same feature set in the 
normed 2012 UK sample, it is accepted as having a similar elevation (i.e., 
a small departure in terms of effect size). Hence, the vertical bars in Figure 
6.1 mark the acceptance regions of the central and peripheral feature sets. 
A country that has an entire 95% confidence interval located within its cor-
responding acceptance region demonstrates the strongest evidence of similar 
elevations as that of the normed 2012 UK sample. For example, in Figure 6.1, 
all countries starting from the United Kingdom down to Japan (except for the 
United States, which has a slightly elevated central feature set) demonstrate the 
strongest evidence of similar central and peripheral elevations. On the con-
trary, strong evidence against similar elevation is displayed if the entire 95% 
confidence interval falls outside of its corresponding acceptance region. For 
example, Cameroon and Uganda have unacceptable (with regard to Criterion 
4) low elevation of the central features. Whereas Poland and Ethiopia have 
marginally acceptable5 elevation in the central features, Ireland has a margin-
ally acceptable elevation in the peripheral features. Overall, Figure 6.1 shows 
that for most countries, central and peripheral features are elevated at similar 
levels to those of the normed 2012 UK sample.6

So far, the cultural universality of nostalgia conceptions is supported in 
most countries based on their similarity in feature ordering (Criterion 1),   

	 5	 This means that less than half of the confidence interval of the average rating of a feature type overlaps 
with the acceptance region.
	 6	 We caution about the validity of the type of comparisons shown in Figure 6.1 in small samples. In 
applications, like the current study, the width of confidence intervals should be smaller than the acceptance 
regions. Otherwise, the confidence intervals can largely overlap with the acceptance regions simply due 
to large sampling errors. In general, researchers can increase the sample size to ensure that the confidence 
intervals are narrow enough for meaningful comparisons with the acceptance regions. Note that this was 
not an issue in the current data set.

D
ow

nloaded from
 https://academ

ic.oup.com
/book/57352/chapter/464647795 by U

niversity of Southam
pton user on 27 N

ovem
ber 2024



280  Yiu-Fai Yung et al.

more consistent ratings of central than peripheral features (Criterion 2), dis-
tinctiveness of the central and peripheral features (Criterion 3), and sim-
ilar elevations in central and peripheral features (Criterion 4). Uganda, 
Cameroon, and perhaps Ethiopia cast the most doubt because their central 
and peripheral features are not as distinct as in the normed 2012 UK sample 
(although still distinctive at a less stringent level). Also, their elevations of the 
central features are much lower than the expected level.

Cross-​Cultural Universality with Four-​Level Partitioning:   
C1, C2, P1, and P2 in New Populations

We now repeat the same analyses but with the four partitioned feature sets, 
C1 (first nine features), C2 (second nine features), P1 (third nine features), 
and P2 (last eight features). Given the finer level of analysis, the results will al-
most certainly render some countries in doubt for establishing cross-​cultural 
universality. On the positive side, however, we may be able to draw stronger 

Central RegionPeripheral Region

Uganda

4 5 6 7

Cameroon
Ethiopia

Poland
India
Chile

Germany
Turkey
Ireland
Japan

Netherlands
Romania
Australia

China
Greece

Israel
USA

UK

Peripheral Central

Figure 6.1  Confidence intervals of average ratings of the central and peripheral 
nostalgia features. Dashed vertical lines indicate the acceptance regions around the 
normed UK sample (criterion β =​ 0.35).
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conclusions and have finer interpretations of the results. Note that the assess-
ment of Criterion 1 (i.e., similar ordering of features) by means of rank-​order 
correlations is not affected by depth of partitioning.

Criterion 2: Relative Consistency in Rating Central Features
Table 6.4 portrays the average standard deviations (“SD” columns) and means 
(“Mean” columns) of the features in feature sets, and Figure 6.2 graphs the 
numerical values. The SD columns in Table 6.4 display the average standard 
deviations of the features in C1, C2, P1, and P2 feature sets. The majority of 
the countries (11 out of 18) show an increasing trend in SDs, confirming the 
consistency property. Several countries do not exhibit the increasing SD trend 
in some adjacent pairs of feature sets. These discordant pairs are underlined 
in Table 6.4. Although these marked pairs do not seem to have a systematic 
pattern, the C1 features were rated more consistently than other features in all 
countries.

Table 6.4  Average Means and Standard Deviations of the Four Nostalgia Feature Sets

SD Mean

C1 C2 P1 P2 C1 C2 P1 P2

UK (normed) 1.39 1.69 1.79 1.86 6.60 5.86 4.81 3.34
UK 1.08 1.72 1.83 1.91 7.03 6.21 4.80 3.29
USA 1.59 1.82 2.11 2.17 6.85 6.44 4.92 3.84
Israel 1.44 1.77 2.11 2.00 6.74 6.08 4.51 3.28
Greece 1.59 1.90 2.04 2.11 6.63 6.01 4.76 3.43
China 1.62 1.76 1.97 2.01 6.35 6.13 4.64 4.13
Australia 1.70 1.96 1.99 1.85 6.56 5.81 4.40 3.59
Romania 1.69 1.99 2.11 2.24 6.43 5.82 4.66 4.48
Netherlands 1.32 1.63 1.72 1.63 6.47 5.65 4.41 3.42
Japan 1.66 1.78 1.97 2.03 6.19 5.82 4.68 4.16
Ireland 1.75 1.89 1.86 1.91 6.20 5.67 4.92 4.63
Turkey 2.02 2.05 2.33 2.23 6.02 5.75 3.98 3.47
Germany 1.52 1.81 1.89 1.73 6.15 5.60 3.84 3.18
Chile 1.77 1.82 1.97 2.06 5.90 5.66 3.96 3.57
India 1.75 1.80 1.87 1.93 5.94 5.53 4.77 4.21
Poland 1.62 1.90 1.87 2.04 5.98 5.39 3.89 3.86
Ethiopia 2.17 2.18 2.33 2.35 5.66 5.46 4.80 4.07
Cameroon 2.54 2.56 2.66 2.61 5.12 5.43 4.27 3.90
Uganda 1.80 1.88 1.83 1.85 5.05 4.37 3.91 3.79

Notes: The underlined entries for SDs are not showing the increasing pattern. The underlined entries for 
means are not showing the decreasing pattern.
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Figure 6.2a shows the trends of the SD values of the feature sets. The C1 
features have the lowest SD values in all countries. The SD values of C2, P1, 
and P2 features in most countries (except for the United Kingdom, the United 
States, Israel, Greece, and China) do not evince clear patterns. Therefore, the 
consistency in rating central features seems to hold only when one compares 
the C1 features with other feature sets.

Criterion 3: Distinctiveness of Feature Sets
Table 6.4 shows that with the exception of Cameroon, all countries have a clear 
monotonic decreasing ordering of the average C1, C2, P1, and P2 ratings. For 
Cameroon, C2 had a higher average rating than C1. Figure 6.2b demonstrates 
the same pattern, but it depicts some useful trends. First, the C2/​P1 separation 
is clear in all countries. This echoes the distinctiveness of the central and pe-
ripheral features reported in the preceding section. Second, when the average 
central feature rating decreases, the average ratings of the four feature sets be-
come more similar (or the feature sets become less distinctive).

To address statistically the distinctiveness of the C1, C2, P1, and P2 feature 
sets, one can first test the mean differences in Table 6.4 by analysis of variance 
tests. Hepper et al. (2014, Table 3) conducted F tests for comparing adjacent 
partitioned sets and found that most mean differences were statistically sig-
nificant. The only nonsignificant mean differences (at α =​ 0.05) pertained 
to the P1/​P2 comparisons in Poland, Romania, and Uganda and the C1/​C2 
comparison in Ethiopia (the C1/​C2 reversal in Cameroon was significant). 
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Figure 6.2  Average standard deviations and average mean ratings of C1, C2, P1, and P2 
feature sets.
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However, the distinctiveness property of these feature sets requires more 
than a significant mean difference from 0. Table 6.5 shows the standardized 
distances between the adjacent feature sets. For the 2012 UK (normed) and 
2014 UK samples, all g3 values are larger than the criterion value γ =​ 0.35, 
which marks the cutoff between small and medium effect sizes. Hence, the 
distinctiveness property is clear for all feature sets in the United Kingdom. 
For other countries, the C2/​P1 distinctiveness (g3 > 0.35) is strongly 
supported in 15 out of 17 countries. The C2/​P1 distinctiveness in Ethiopia 
and Uganda is doubtful. For C1/​C2 and P1/​P2 distinctiveness, the support 
is weaker. Only 5 out of 17 countries support the distinctiveness between C1 
and C2, and only 6 countries support the distinctiveness of P1 and P2.

Table 6.5  Distinctiveness of the Four Partitioned Sets

C1 vs. C2 C2 vs. P1 P1 vs. P2 N Power

g1 g2 g3 g1 g2 g3 g1 g2 g3

UK (normed) 0.41 –​0.54 0.49 0.59 –​0.62 0.60 0.79 –​0.82 0.81 102 0.93
UK 0.48 –​0.76 0.62 0.77 –​0.82 0.79 0.79 –​0.83 0.81 97 0.93
USA 0.22 –​0.26 0.24 0.72 –​0.84 0.78 0.50 –​0.51 0.51 165 0.99
Israel 0.38 –​0.46 0.42 0.74 –​0.89 0.81 0.62 –​0.59 0.60 90 0.91
Greece 0.33 –​0.39 0.36 0.61 –​0.66 0.63 0.63 –​0.65 0.64 172 0.99
China 0.12 –​0.13 0.13 0.76 –​0.85 0.81 0.25 –​0.26 0.26 98 0.93
Australia 0.38 –​0.44 0.41 0.71 –​0.72 0.71 0.44 –​0.41 0.42 66 0.80
Romania 0.31 –​0.36 0.34 0.55 –​0.58 0.56 0.08 –​0.09 0.09 80 0.87
Netherlands 0.50 –​0.62 0.56 0.72 –​0.76 0.74 0.60 –​0.57 0.59 120 0.97
Japan 0.21 –​0.22 0.21 0.58 –​0.64 0.61 0.26 –​0.26 0.26 96 0.92
Ireland 0.28 –​0.31 0.30 0.40 –​0.39 0.40 0.15 –​0.16 0.16 85 0.89
Turkey 0.13 –​0.13 0.13 0.76 –​0.86 0.81 0.23 –​0.22 0.23 79 0.87
Germany 0.31 –​0.37 0.34 0.93 –​0.97 0.95 0.38 –​0.35 0.37 84 0.89
Chile 0.13 –​0.14 0.14 0.86 –​0.94 0.90 0.19 –​0.20 0.19 82 0.88
India 0.23 –​0.23 0.23 0.41 –​0.43 0.42 0.29 –​0.30 0.29 68 0.81
Poland 0.31 –​0.36 0.34 0.80 –​0.79 0.80 0.01 –​0.02 0.02 70 0.82
Ethiopia 0.09 –​0.09 0.09 0.28 –​0.30 0.29 0.31 –​0.31 0.31 62 0.77
Cameroon –​0.12 0.12 –​0.12 0.43 –​0.45 0.44 0.14 –​0.14 0.14 102 0.94
Uganda 0.36 –​0.38 0.37 0.26 –​0.25 0.25 0.07 –​0.07 0.07 88 0.90

Notes: g1 indicates how many average standard deviations the mean of the first feature set is away from the 
distribution of the second feature set. g2 indicates how many average standard deviations the mean of the 
second feature set is away from the distribution of the first feature set. g3 is the average of the values of g1 
and –​g2. The underlined entries for g3 are values that are not larger than the distinctiveness criterion value 
γ =​ 0.35. Entries for power are computed using α =​ 0.05 for testing a null hypothesis of no effect given the 
sample sizes of the countries and a true effect size of 0.35.
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The last two columns of Table 6.5 display, respectively, the sample sizes and 
the power of rejecting the null hypothesis of no effect at 0.05 α level given 
the sample sizes of the countries and a true effect size of 0.35. Except for 
Ethiopia, which had power of 0.77, the power for other countries is at least 
0.8. As in Table 6.3, these high power values indicate that the statistical tests 
have great sensitivity of detecting distinctiveness in feature sets given the spe-
cific distinctiveness criterion and have good protection against the Type II 
error (i.e., against false claims of non-​distinctiveness in feature sets). Again, 
the observed high power values are in part due to the relatively large sample 
sizes, implying that the g1, g2, and g3 values are precise estimates of popula-
tion standardized distances for carrying out trustable hypothesis tests. Earlier 
we proposed that C1/​C2 or P1/​P2 distinction might not be as important so 
that a lower criterion for g3 could be used. For example, if g3 is set to 0.2, 12 
out of 17 countries would support the C1/​C2 distinctiveness, and 11 would 
support the P1/​P2 distinctiveness. Even so, C1/​C2 distinctions are in doubt 
for China, Turkey, Chile, Ethiopia, and Cameroon (note also that C2 is higher 
than C1 in Cameroon). The P1/​P2 distinctions for Romania, Ireland, Chile, 
Poland, Cameroon, and Uganda are also in doubt.

Criterion 4: Similar Elevations of the Feature Sets
Next, we turned to the absolute elevations of the four feature sets. Figure 
6.3 depicts the mean ratings of the four feature sets with 95% confidence 
intervals. Originally, we constructed this figure in the same way as Figure 6.1 
with the use of the 0.35 criterion for setting up acceptance regions. However, 
the acceptance regions tended to overlap, making the acceptance criteria am-
biguous. We therefore shrank the acceptance regions by using a stricter cri-
terion (i.e., smaller value). Figure 6.3 uses the 0.24 criterion that results in 
“just” non-​overlapping regions. Turkey, Chile, India, Poland, and the three 
African countries present strong evidence against similar C1 levels: All have 
much lower C1 elevations than the UK norm. Particularly questionable are 
the C1 elevations of Cameroon and Uganda because they are at the normed 
P1 level. The C2 elevations of all countries, except Uganda, overlap with the 
acceptance regions. Again, Uganda has a very low C2 elevation. The United 
States has C2 elevation that is as high as that of the C1 features. Lower than 
expected P1 elevations are observed in Germany, Chile, Poland, Turkey, and 
Uganda. Higher than expected P2 elevations are observed in China, India, 
Ireland, Japan, and Romania. These latter countries emphasize strongly the 
most peripheral features of nostalgia.

The analysis based on four feature sets provides more information about 
the universality of nostalgia conceptions than the one based on two feature 
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sets (i.e., central vs. peripheral). First, it reveals that the consistency of rating 
central features (Criterion 2) occurs mainly in the C1 feature sets (the first 
nine features). Despite some irregularities, the C1 features were always rated 
more consistently. Second, it confirms a stronger ordering property in the 
ratings of central and peripheral feature sets (Criterion 3: C1 > C2 > P1 > 
P2 is observed in all countries but Cameroon, which has a mild violation 
in that C2 > C1). Although the distinctiveness between central and periph-
eral features is confirmed by comparing the elevations of C2 and P1, some 
countries do not have distinct C1/​C2 (within central) or P1/​P2 (within pe-
ripheral) feature sets. These irregularities occurred in five and six countries, 
respectively, for the C1/​C2 and P1/​P2 comparisons. Finally, the absolute 
elevations of the four feature sets (Criterion 4) clarify our interpretations 
of the irregularities observed in the central/​peripheral features (see Figure 
6.1). For example, the three African countries have lower elevations for the 
central features for different reasons. As Figure 6.3 shows, whereas Uganda 
is extremely low in both C1 and C2, Cameroon and Ethiopia are both low 
in C1 only. Although the C2 levels of the latter countries still overlap with 

C1 Region P1 Region C2 RegionP2 Region
3 4 5 6 7

Uganda
Cameroon

Ethiopia
Poland

India
Chile

Germany
Turkey
Ireland
Japan

Netherlands
Romania
Australia

China
Greece

Israel
USA

UK

P2 P1 C2 C1

Figure 6.3  Confidence intervals of average ratings of the C1, C2, P1, and P2 nostalgia 
features. Dashed vertical lines indicate the acceptance regions around the normed UK 
sample (criterion β =​ 0.24).
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the acceptance regions, their C1 and C2 features themselves also overlap. 
As another example, Ireland and Romania have elevated peripheral features 
in Figure 6.1. Figure 6.3 illustrates that this is due to elevated ratings of the 
P2 features, making them more on par with P1 features. This pattern also 
presents itself in the analysis of P1/​P2 distinctiveness of these two coun-
tries in Table 6.5. Perhaps nostalgia has a more negative meaning for Ireland 
and Romania than for the United Kingdom and other countries. Poland, 
Cameroon, and Uganda have overlapping P1 and P2 as well, but they overlap 
at the middle of the normed P1 and P2 regions.

Conclusions from Confirmatory Analysis of   
Cross-​Cultural Universality

The overall conclusion from the preceding analyses is that except for the 
African countries, nostalgia conceptions are, by and large, cross-​culturally 
universal in terms of similar rank-​ordering of the nostalgia features (Criterion 
1), relative consistency in rating more central features (Criterion 2; especially 
for C1, but with minor irregularities in other feature sets in five countries), 
high distinctiveness of the central and peripheral features (Criterion 3; al-
though with a small number of countries showing ambiguous C1/​C2 or P1/​
P2 distinctions upon a finer four-​level partitioning of the features), and high 
degree of agreement in absolute rating levels of central and peripheral features 
(Criterion 4; although with some countries showing lower C1, lower P1, or 
higher P2 upon a finer partitioning of the features). The nostalgia conceptions 
of Romania and Ireland emphasize more negative features of nostalgia com-
pared with the United Kingdom. Poland and Uganda might have indistin-
guishable P1 and P2 features.

The three African countries evince similar prototypical orderings of the 
nostalgia features as the United Kingdom. However, their prototypicality 
ratings of central and peripheral features are much closer and, hence, less 
distinguishable. Perhaps one might still claim a weak cross-​cultural univer-
sality for these African countries based on the similar ordering of features 
(Criterion 1) alone. However, one must also acknowledge that each of these 
countries might have some unique conceptions of the construct of “nostalgia,” 
distinguishing them from the other 15 countries and from each other. Hepper 
et al. (2014) attempted to identify these potentially unique conceptions by in-
viting participants to list features that were not captured by the list provided. 
However, few participants listed additional features, and there was no ev-
idence that particular additional features were listed only in some cultures. 
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The case of these African countries highlights how our proposed techniques 
can help identify where further targeted research is still needed.

Exploratory Techniques to Identify Homogeneous 
Clusters of Countries

Although the results in the preceding section support the cultural universality 
of nostalgia conceptions in most countries, some countries are identified to 
have mean rating patterns that deviate from the normed UK sample. For ex-
ample, as depicted in Figures 6.1 and 6.3, African countries have significantly 
lower ratings of central (or C1) features, indicated by associated confidence 
intervals that do not overlap with the specified acceptance regions. To ex-
amine more systematically possible homogeneous groups of countries based 
on mean patterns, we used multivariate statistical techniques, such as cluster 
analysis and multidimensional scaling (MDS).

Hepper et al. (2014) presented a cluster analysis of the countries by using 
the mean ratings of the 35 features. They identified four clusters (groups) of 
countries. To further understand and interpret the mean patterns of these 
four clusters, we conduct an MDS analysis of the 35 features among the 18 
countries. Before so doing, however, we first recapitulate the cluster anal-
ysis results of Hepper et al. (2014). Figure 6.4 shows the dendrogram from 
this analysis. The authors adopted a four-​cluster solution. Reading from the 
bottom of the vertical axis, the first cluster includes the United Kingdom, the 
United States, Greece, Israel, the Netherlands, and Australia. This group has 
mean patterns that are most similar to the normed UK sample. Incidentally, 
these countries are located at the top of the chart in Figure 6.3, representing 
countries that have high C1 ratings. The next cluster that is closest to the first 
includes Romania, Ireland, India, Ethiopia, Japan, and China. Most countries 
in this cluster are located in the middle of the chart in Figure 6.3. They have 
medium C1 ratings. The third cluster includes Uganda and Cameroon, which 
are located at the bottom of the chart in Figure 6.3. These two countries have 
the lowest C1 ratings. The last cluster includes Poland, Germany, Turkey, and 
Chile. These countries also have medium C1 ratings, albeit somewhat lower 
than those in the second cluster.

We have associated the clusters with the C1 ratings in Figure 6.3. This is an 
initial interpretation of how these clusters might differ. Next, we demonstrate 
how MDS can offer more refined interpretations. To conduct MDS, a distance 
measure has to be used for quantifying the similarity between countries. In 
this regard, Hepper et al. (2014) used the absolute difference in mean ratings 
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of each feature to assess similarity. Hence, we used 35 matrices of similarity 
measures (for 35 features) for the 18 countries as input for the MDS analysis. 
The goal was to find the coordinates (or locations) of the countries in a mul-
tidimensional space that would give a satisfactory account of the observed 
feature similarities in those 35 matrices.

Figure 6.5 depicts the countries in two-​dimensional space according to the 
MDS results. The four ovals in Figure 6.5 demarcate the four clusters of coun-
tries identified by Hepper et al. (2014). This replication of the four clusters 
provides a sound foundation for using the two-​dimensional MDS solution to 
interpret the corresponding cluster results—​there would be no need to resort 
to a higher dimensional MDS solution. The most common way to interpret an 
MDS result is to hypothesize the underlying latent dimensions by inspecting the 
objects (countries) in the multidimensional space. For example, for Dimension 
1, the United States and United Kingdom are at the lower end, and Cameroon 
and Uganda are at the upper end. This could suggest that Dimension 1 reflects 
Westernization. However, the position of some other countries on Dimension 
1 is inconsistent with this interpretation. For example, China is closer to the 
lower end, and Germany is closer to the upper end. Therefore, we propose an 
alternative strategy that is more objective and descriptive.
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Japan
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Figure 6.4  Dendrogram for a cluster analysis based on mean ratings of the nostalgia 
feature sets (adapted from Hepper et al., 2014).
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To interpret Dimension 1, we draw two horizontal lines in Figure 6.5 so 
that each captures a handful of countries that are approximately at the same 
level of Dimension 2. By so doing, we attempt to isolate the interpretation 
of Dimension 1 from Dimension 2. The upper horizontal line in Figure 6.5 
connects approximately the United States, China, Japan, Cameroon, and 
Uganda. The lower horizontal line in Figure 6.5 connects approximately 
the United Kingdom, Greece, Turkey, and Chile. The left panel of Figure 6.6 
shows the elevations of the C1, C2, P1, and P2 feature sets for the first group 
of countries. The right panel shows the elevations of these feature sets for the 
second group. The two panels show a common pattern, such that the curves 
in both plots converge as they move from left to right. Given that only the P2 
curve is relatively flat in these two plots, the “reason” for such convergence 
is the declining trends in the C1, C2, and P2 curves. Hence, Dimension 1 in 
Figure 6.5 can be characterized as a general declining prototypicality of the 
C1, C2, and P1 features, resulting in reduced distinctiveness of the feature sets 
along the dimension. For example, Uganda, Cameroon, Poland, and Chile are 
high on Dimension 1, and all have relatively low elevations in the C1, C2, and 
P1 features.
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Figure 6.5  Two-​dimensional representation of the multidimensional scaling results.
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Similarly, to interpret Dimension 2, we draw two vertical lines in Figure 6.5 
so that each line captures countries that differ only in Dimension 2, creating 
two groups of countries. The elevations of the feature sets for the countries 
along the left vertical line are plotted in the left panel of Figure 6.7. The right 
panel of Figure 6.7 plots the elevations for the countries along the right ver-
tical line. Like those in Figure 6.6, these two plots show some convergence 
of the curves. Unlike those in Figure 6.6, however, the C1 and C2 elevations 
in Figure 6.7 do not evince strong decreasing patterns. These curves stay ap-
proximately at the same level along the dimension. A commonality of these 
two plots is that the P2 curve depicts a strong increasing trend. Therefore, 
Dimension 2 in Figure 6.5 indicates mainly an increasing emphasis of periph-
eral features (including negative features) for representing nostalgia. For ex-
ample, Romania, Ireland, Ethiopia, and India are high on Dimension 2.

Given that the nostalgia features have been established in the United 
Kingdom, it would be interesting to look for a single indicator that can assess 
the similarity of each country to the United Kingdom in the MDS solution. 
Given that the United Kingdom is located at the extreme southwest end in 
Figure 6.5, one can start by drawing a line that connects the United Kingdom 
and a country in the farthest northeast direction to indicate a derived dimen-
sion in Figure 6.5. Hence, we drew a line between the United Kingdom and 
Uganda in Figure 6.5 to indicate such a derived dimension. Essentially, the 
dissimilarity of each country to the United Kingdom is indicated by the dis-
tance of its projection on the derived dimension to the United Kingdom. For 
example, Figure 6.5 shows projections of the United States, Israel, Ethiopia, 
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Figure 6.6  Interpretation of Dimension 1 of the mean patterns based on MDS analysis. 
In each panel, the four countries differ only on Dimension 1 (countries in the left panel 
are high on Dimension 2 and those in the right panel low on Dimension 2).
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Poland, and Cameroon on the derived dimension. The United States is 
most similar to the United Kingdom, followed by Israel and Greece. At the 
other end, Uganda is the most dissimilar, followed by Cameroon, Poland, 
and Ethiopia. Finally, because this derived dimension is a combination of 
Dimensions 1 and 2 (leaning toward Dimension 1 more), countries that are 
captured by the lines that run parallel to the derived dimension should “com-
bine” the trends of Dimensions 1 and 2. Figure 6.8 plots the C1, C2, P1, and 
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Figure 6.7  Interpretation of Dimension 2 of the mean patterns based on the MDS 
analysis. In each panel, the four countries differ only on Dimension 2 (countries in the 
left panel are high on Dimension 1 and those in the right panel are low on Dimension 1).
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Figure 6.8  Interpretation of the derived dimension for characterization of the mean 
patterns.
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P2 curves for four countries (the United Kingdom, Greece, Australia, and 
Uganda) that are located approximately along the derived dimension. Indeed, 
the C1, C2, and P1 curves are decreasing (i.e., the Dimension 1 characteristic) 
and the P2 curve is increasing (i.e., the Dimension 2 characteristic) along 
the derived dimension, resulting in less distinctive feature sets at the lower 
end of the dimension. Thus, the MDS analyses allow us to identify the key 
dimensions that delineate groups of countries as well as express numerically 
the countries that are most similar or different from a normed population.

Comparison with the Confirmatory Factor 
Analysis Approach

In the past few decades, CFA techniques have become popular in analyzing 
cross-​cultural data (Matsumoto & Van de Vijver, 2011; see also Byrne et al., 
1989; Byrne & Watkins, 2003). The CFA approach fits multiple-​group models 
(Jӧreskog, 1971) using structural equation modeling software such as EQS 
(Bentler, 2006), LISREL (Jӧreskog & Sörbom, 1996), MPlus (Muthén & 
Muthén, 2012), or PROC CALIS of SAS/​STAT (SAS Institute, 2014). Under 
the CFA framework, cultural equivalence or universality of constructs corre-
spond to specific sets of invariant (or equality-​constrained) parameters across 
cultures in a multiple-​group CFA. Overall equivalence is supported if the in-
variance model satisfies some agreed-​upon model-​fit criteria. If the overall 
equivalence is unsupported, partial-​invariance models that fit the data are 
searched manually with the aid of post hoc analytic tools such as Lagrange 
multiplier (LM) tests. As a byproduct of the search process, noninvariant 
items are detected to explain cross-​cultural differences.

Due to the repeated fitting and refitting process for finding a good model 
for the data, conducting a multiple-​group CFA (especially when there are 
more than a few groups/​countries) could be a problematic and tedious pro-
cess. To illustrate such a process, we applied the CFA approach to the current 
data. We report data-​analytic details and results in Supplemental Materials. 
Here, we summarize three main analytic stages and the corresponding results.

In the first stage, we conducted exploratory factor analyses using the com-
bined UK samples to establish a reasonable confirmatory factor pattern 
for subsequent multiple-​group CFAs. After fitting models with three to six 
factors, we selected a four-​factor solution because it accounted for 82% of 
common variance and its factor pattern was the most interpretable as well as 
compatible with prototype theory. We present the final rotated factor pattern 
with four factors in Table 6.6. We do not show factor loadings lower than 0.3, 

D
ow

nloaded from
 https://academ

ic.oup.com
/book/57352/chapter/464647795 by U

niversity of Southam
pton user on 27 N

ovem
ber 2024



Assessing Cultural Universality  293

and we permuted the factor columns to improve interpretation of the factors. 
The parenthesized values after the features indicate their prototypicality order 
in the normed UK sample. Factors 1 and 4 are clearly identified with, respec-
tively, the most central (C1) and most peripheral features (P2) of nostalgia. 
However, it is less clear which of Factors 2 or 3 is more central or peripheral. 
Furthermore, the five loadings that are in light shades are not considered in-
dicative of the corresponding factors because the associated variables have 
larger loadings on other factors. Accordingly, we specified an initial con-
firmatory factor pattern with a simple structure by using only the remaining 
loadings shown in Table 6.6.

In the second stage, we modified repeatedly the initial confirmatory factor 
pattern with the goal of obtaining a final model that would fit the combined 
UK sample data well, according to fit criteria that are used routinely in struc-
tural equation modeling. To achieve better model fit, we consulted mod-
ification indices (such as LM tests and Wald tests) for adding or removing 
parameters in the model. We then fitted the modified model and further mod-
ified it iteratively until model fit could not be improved further or until the 
fit was satisfactory. To guard against indiscriminate additions of wastebasket 
parameters (e.g., error covariances) or factor loadings for the mere purpose 
of improving model fit,7 we used some guiding principles to ascertain the 
reasonableness of the modified CFA model. One principle was that no more 
than 10% of the total number of possible error covariances be added. Another 
principle was that the average number of nonzero loadings for a variable not 
be larger than 2. Translating to the CFA model under consideration, these 
principles required that no more than 60 error covariances be added for the 
features and the total number of factor loading parameters be fewer than 70.

After nine iterative model modifications, we obtained a final CFA model. 
We display the factor pattern in Table 6.7. There are 41 nonzero factor 
loadings and 35 error covariances in the final model, which increased from 35 
nonzero factor loadings and 0 error covariances in the initial model. The final 
model has a good fit, according to conventional fit criteria: RMSEA =​ 0.0495, 
CFI =​ 0.9134, and SRMR =​ 0.0828.8

In the third stage, we applied the final factor model obtained for the com-
bined UK samples in the second stage to all other countries in a multiple-​
group analysis setting. Cross-​cultural universality would be validated if the 

	 7	 A CFA model can always be fitted perfectly if a sufficient number of error covariances or loadings are 
added to the model. Adding too many parameters to a CFA model for the sole purpose of improving model 
fit weakens the scientific value of the hypothesized factor model and is therefore undesirable.
	 8	 RMSEA is root mean squared error of approximation. An RMSEA value below 0.05 indicates a good 
model fit. CFI is comparative fit index. A CFA value of 0.9 and above indicates a good model fit. SRMR is 
standardized root mean squared residual. An SRMR value below 0.05 indicates a good model fit.
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Table 6.6  Rotated Factor Pattern with Four Factors

Factor 1 Factor 2 Factor 3 Factor 4

Memory/​memories (1) 0.68326
The past (2) 0.66726
Remembering (4) 0.64744
Personal meaning (7) 0.60828
Fond memories (3) 0.60764
Reminiscence (5) 0.57956
Feeling/​emotion (6) 0.52306
Thinking (15) 0.48929
Childhood/​youth (13) 0.47069
Happiness (12) 0.45824 0.43164
Memorabilia/​keepsakes (10) 0.43829
Rose-​tinted memory (11) 0.33526 0.33479
Wanting to return to past (18) 0.61046
Wishing/​desire (20) 0.48149 0.45238
Longing/​yearning (8) 0.38083 0.46001
Reliving/​dwelling (16) 0.34690 0.42895
Comfort/​warmth (19) 0.66205
Calm/​relaxed (24) 0.63421
Dreams/​daydreaming (21) 0.57309
Social relationships (9) 0.46923
Prestige/​success (27) 0.42047
Sadness/​depressed (30) 0.81568
Pain/​anxiety (34) 0.75645
Negative past (31) 0.71996
Regret (25) 0.71224
Loneliness (29) 0.63296
Solitude (33) 0.62796
Mixed feelings (22) 0.55341
Lethargy/​laziness (35) 0.51924
Missing/​loss (17) 0.49329
Homesickness (26) 0.48778
Distortion/​illusion (32) 0.48589
Change (23) 0.48339
Aging/​old people (28) 0.39556
Sensory triggers (14) 0.31299

Notes: The numbers in parentheses indicate the prototypicality order of the features in the normed UK 
sample.
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same CFA model fits well to other countries. Specifically, the multiple-​group 
CFA attempted to test the so-​called configural invariance hypothesis (Byrne 
et al., 1989), such that the other countries would have the same factor struc-
tural pattern as that specified for the United Kingdom, as depicted in Table 6.7 
(and with the same set of error covariances). Given that configural invariance 
does not require invariance of parameter values across groups, it is a weaker 
form of invariance.

The first problem encountered in the multiple-​group CFA analysis was 
that Cameroon and Ethiopia did not have positive definite sample covari-
ance matrices. Because non-​positive definiteness of the covariance matrices 
would lead to convergence problems in model estimation, these two coun-
tries had to be excluded from the multiple-​group CFA. The multiple-​group 
CFA model for the remaining 14 countries did not fit well (RMSEA =​ 0.1255, 
CFI =​ 0.2989, and SRMR =​ 0.1839). Under a strict hypothesis testing logic, 
one would have rejected the null hypothesis of cross-​cultural universality of 
nostalgia conceptions. However, in practice, model modifications explore if 
a more reasonable multiple-​group CFA model can be obtained. The aim is to 
obtain a well fit modified multiple-​group model that is not too different from 
the original CFA model.

In modifying the multiple-​group CFA model, we followed similar princi-
ples as those applied in the second analytic stage. Unfortunately, all modi-
fied models after the second iteration had more than 60 error covariances and 
all modified models after the third iteration had more than 70 loadings, thus 
violating some of our predetermined principles. Nonetheless, we continued 
the model modification process to determine if it was possible to obtain a 
reasonably well fit model. After the seventh modification attempt, model fit 
ceased to improve. In the final modified model (i.e., the best one we could 
achieve), there were 72 factor loadings and 112 error covariances. The fit was 
poor: RMSEA =​ 0.1119, CFA =​ 0.4500, and SRMR =​ 0.1749.

To show our best effort in adopting the CFA approach, we fit the normed 
CFA model to individual countries (except for Cameroon and Ethiopia). That 
is, we tested configural invariance hypotheses (as prescribed by the pattern in 
Table 6.7) separately for each of the remaining 14 countries. Table 6.8 shows fit 
statistics for these countries, ordered by the best model fit using the RMSEA 
fit index. The Netherlands has the best cross-​validation fitting, whereas 
Romania has the worst. The overall impression from these fittings is that the 
first 5 countries on the list (starting from the Netherlands and up to Greece) 
offer some supporting evidence for cross-​cultural universality of the nostalgia 
CFA structure. That is, they all have RMSEAs that are smaller than 0.09. Yet, 
these values are still above the conventional criterion of 0.05. Overall, the CFA 
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Table 6.7  Factor Pattern of the Normed CFA Model

Factor 1 Factor 2 Factor 3 Factor 4

Memory/​memories (1) **
The past (2) **
Remembering (4) **
Personal meaning (7) **
Fond memories (3) **
Reminiscence (5) **
Feeling/​emotion (6) **
Thinking (15) **
Childhood/​youth (13) **
Happiness (12) **
Memorabilia/​keepsakes (10) ** *
Rose-​tinted memory (11) *
Wanting to return to past (18) * **
Wishing/​desire (20) ** *
Longing/​yearning (8) **
Reliving/​dwelling (16) **
Comfort/​warmth (19) ** *
Calm/​relaxed (24) **
Dreams/​daydreaming (21) **
Social relationships (9) **
Prestige/​success (27) **
Sadness/​depressed (30) * **
Pain/​anxiety (34) **
Negative past (31) **
Regret (25) **
Loneliness (29) **
Solitude (33) **
Mixed feelings (22) * **
Lethargy/​laziness (35) **
Missing/​loss (17) **
Homesickness (26) **
Distortion/​illusion (32) **
Change (23) **
Aging/​old people (28) **
Sensory triggers (14) **

Notes: Retained loadings from the initial CFA model are indicated by double asterisks. The added loadings 
are indicated by a single asterisk. The numbers in parentheses indicate the prototypicality order of the 
features in the normed UK sample. CFA, confirmatory factor analysis.

D
ow

nloaded from
 https://academ

ic.oup.com
/book/57352/chapter/464647795 by U

niversity of Southam
pton user on 27 N

ovem
ber 2024



Assessing Cultural Universality  297

approach did not support cross-​cultural universality in the form of configural 
invariance, let alone stronger universality that requires parameter invariance. 
Furthermore, as Table 6.8 shows, some model fitting resulted in problematic 
parameter estimates, although this problem might not be insurmountable if 
one can obtain more data.

Discussion

We formulated four criteria for establishing cross-​cultural universality of 
complex constructs that are based on prototype theory. To evaluate these 
criteria, we proposed statistical tests. Also, to illustrate these criteria and as-
sociated tests, we presented an illustrative case study that examined the cross-​
cultural universality of nostalgia conceptions. We then applied exploratory 
multivariate techniques (cluster analysis and MDS) to classify and understand 
different cultural patterns so that useful insights could be drawn for future 
confirmatory studies. Next, we discuss the methodological assumptions of the 
cultural universality criteria and the relations among these criteria. We then 

Table 6.8  Model Fit Statistics of the Normed CFA Model for Countries

RMSEA CFI SRMR

Netherlands 0.0732 0.7658 0.1039
USA 0.0806 0.7836 0.1071
Germanya 0.0835 0.6738 0.1129
Israel 0.0842 0.7049 0.1211
Greecea 0.0893 0.6689 0.1227
Japana 0.0929 0.6356 0.1196
Australia 0.1051 0.6698 0.1428
Poland 0.1075 0.5988 0.1326
Indiaa 0.1081 0.6082 0.1247
Turkeya 0.1098 0.5950 0.1563
Ugandaa 0.1116 0.4579 0.1509
China 0.1139 0.5952 0.1269
Chile 0.1145 0.5887 0.1487
Romaniaa 0.1417 0.3613 0.1458

Note: CFA, confirmatory factor analysis; CFI, comparative fit index; RMSEA, root mean squared error of 
approximation; SRMR, standardized root mean squared residual.
aNegative variance estimates or nonpositive definite predicted covariance matrix was present in the 
solution.
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provide a practical guide for applying the criteria and compare our proposed 
methodology with the traditional approach based on testing measurement in-
variance in multigroup CFA models, which is coming under increasing scru-
tiny (Funder, 2020; Gardiner et al., 2019; Ock et al., 2020).

Methodological Assumptions and Prerequisites

The application of the proposed cultural universality criteria must be based 
on a well-​established set of features for the construct of interest in all cultures. 
That is, the statistical analysis should not have omitted any important central 
or peripheral features in any cultures. Otherwise, the ordinality of features and 
the definitions of the central/​peripheral feature sets might not be represen-
tative in some cultures, rendering statistical results confounded and incom-
mensurate. Therefore, researchers must be able to justify the completeness of 
feature sets. For example, Hepper et al. (2014) not only instructed participants 
to rate the 35 nostalgia features but also asked if there were any other features 
that participants considered important to define nostalgia. If a culture shows 
that some important features have not been included in the original set, one 
must pay attention to the peculiarity of that culture: Is it revealing of the gen-
uine uniqueness of this culture, or is it simply due to an omission in the orig-
inal feature set construction?

This question brings us to a broader point: The techniques we proposed 
are suited to an etic approach to cross-​cultural research (i.e., to test the extent 
to which conceptions of psychological constructs, such as nostalgia, gener-
alize to other cultures; Segall et al., 1998). This approach is standard when 
examining simultaneously multiple cultures (Hupka et al., 1985; Russell 
et al., 1989; Schmitt & Allik, 2005). However, complementary investigations 
using the emic approach (i.e., in-​depth exploration within each culture from 
the perspective of its members via different methods) may help identify new 
features and subtle cultural differences. In the current case, this could pre-
sent a valuable route to gaining understanding of African conceptions of nos-
talgia. A related consideration is the diversity of samples. In Hepper et al.’s 
(2014) investigation, although samples were drawn from countries across 
five continents with a range of levels of development and industrialization, 
participants were all university students. The claims of universality can, of 
course, only be extended to the types of sample included in the study. Future 
research would do well to vary the education level of participants as well as 
other characteristics.
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Relations Among the Four Cultural Universality Criteria

Assuming that all related central and peripheral features of a construct have 
been included in the statistical analyses, how should one use the four pro-
posed criteria to evaluate cultural universality? What should one conclude 
about cultural universality if not all criteria are satisfied? For example, al-
though the ordinality of nostalgia features is strongly supported by the high 
rank-​order correlations in all cultures (Criterion 1), the elevation criterion is 
only partially satisfied in many, but not all, cultures (Criterion 4). How does 
one weigh the evidence and interpret the non-​consensual results? To answer 
this question, it is useful to discuss some relations among the proposed cri-
teria so that researchers can make an informed judgment from practical data 
analysis.

The Ordinality Criterion Is Paramount
The four cultural universality criteria are not of the same theoretical im-
portance and are not entirely independent of each other. In general, the 
ordinality criterion is critical to prototype theory (except perhaps in the un-
likely case that a construct is defined by uniformly prototypical features). 
Failing the ordinality criterion is fatal: Two cultures cannot have sim-
ilar conceptions of a given construct if the features are not ordered sim-
ilarly. Satisfying this criterion is an essential step to establishing cultural 
universality.

The Elevation Criterion Strengthens the Universality Claim
The elevation criterion of feature sets can be viewed as a stronger version 
of the ordinality criterion. That is, if all feature sets in two cultures have 
similar elevations (i.e., prototypicality levels), then the features in the two 
cultures are expected to be ordered similarly. However, the converse is 
not necessarily true. Two cultures can have perfectly matching orders in 
features even when the elevations of the features (or feature sets) are dif-
ferent. In our case study, we observed that many countries satisfy both cri-
teria (e.g., the United States and Greece), and some countries satisfy the 
ordinality criterion but not the finer elevation criteria (e.g., Romania and 
Ireland). Whereas the former case would be favorable to infer cultural uni-
versality, the latter is inconclusive. Researchers can attribute failure of the 
elevation criterion to response biases or response sets, if the ordinality cri-
terion is strongly supported. However, such explanations must be further 
justified.
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The Distinctiveness Criterion Provides a Basis to Examine 
the Elevation Criterion
Whether it is meaningful to check the elevation criterion depends on the 
distinctiveness of feature sets. If the feature sets are not distinctive in the 
normed culture, then there is no need to check the elevation criterion in 
other cultures. There are two main reasons why the feature sets may not be 
distinctive. First, it could simply be an empirical fact. That is, the construct 
under investigation could be ambiguous, with features that vary little in 
prototypicality (but this is supposed to be a rare case). Alternatively, it could 
be that the features were incorrectly partitioned. Indeed, evidence for cul-
tural universality that is based on the elevation criterion is as strong as the 
specific partitioning scheme can indicate. Stronger universality claims re-
quire more finely partitioned sets.

The central issue, then, is what the correct number of partitioned sets 
is and how one can construct them. Is the distinction of central and pe-
ripheral features good enough to characterize nostalgia conceptions in all 
cultures, or is a finer level preferable? It is difficult to answer definitively 
this question, but the statistical methods we proposed can at least suggest 
exploratory steps. Specifically, one can start with two main feature sets and 
then examine whether finer partitions are possible. In fact, one need not 
have sets of the same size. In our case study, we used equal-​partitioned sets 
simply because there were no prior studies to suggest a specific partitioning. 
Alternatively, one could conduct a cluster analysis on the prototypicality 
ratings of features, which could yield well-​separated partitioned feature sets 
of different sizes.

Failing the Distinctiveness Criterion Weakens the Claim 
of Cultural Universality
What if a new culture fails the distinctiveness criterion? If the ordinality cri-
terion is satisfied to some degree, the failure of the distinctiveness criterion 
means that although the ordering of features in the new culture is similar 
to that of the normed culture, there might be culture-​specific variability in 
prototypicality rating in the new culture that renders the established feature 
sets less distinguishable. Hence, failing the distinctiveness criterion weakens 
the cultural universality by introducing extra culture-​specific variability into 
the prototypicality rating of the affected feature sets.

The Special Role of the Consistency Criterion
Finally, the consistency criterion requires that central features be rated more 
consistently than peripheral features in all cultures. This criterion is unique 
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in that it pertains to the dispersion, rather than elevation, of feature ratings. 
However, this criterion can be confounded with the elevation of ratings. For 
example, in our current case study, we observed ceiling effects or restriction 
of range; very highly rated features had less variability and, hence, greater con-
sistency. Table 6.3 shows that only Uganda, which has the lowest average rating 
in central features, has the same consistency (variability) in the central and pe-
ripheral features. Table 6.4 shows that most consistency violations in C2/​P1 
occur in countries with lower average C2 ratings. Therefore, the consistency 
criterion might echo and supplement other criteria that are related to the ele-
vation of feature ratings. If a central feature set is not rated more consistently 
than a peripheral feature set, it could imply that the central feature set is actu-
ally not rated highly (or representative) enough. Another possibility is that the 
peripheral feature set might be so irrelevant in a particular culture that people 
consistently assign very low ratings to those features. Thus, violations of the 
consistency criterion need to be explored and interpreted carefully.

Steps for Examining the Cultural Universality   
Criteria in Practice

A Practical Guide to Implementing the Proposed Methods
Given the relations among the proposed criteria for evaluating cultural uni-
versality, we summarize a practical guide for setting them:

	 1.	 In the normed culture, establish a suitable set of features for the con-
struct in question, and obtain a centrality index (or indices) for each 
feature (e.g., scale rating, classification speed, and recall frequency). 
Study the order of features in terms of their centrality to the construct in 
question, check the trend of standard deviations of the ordered features, 
and establish an appropriate number of distinguishable feature sets. 
Different levels of partitioned feature sets can be investigated to test if 
strong cultural universality can be established.

	 2.	 In the new culture, check the ordinality criterion (Criterion 1). If the data 
fail this criterion, then there is no need for further analysis. Cultural uni-
versality cannot be established. Proceed to the next step if the ordinality 
criterion is satisfied.

	 3.	 Check the consistency criterion (Criterion 2). However, if the normed 
culture does not rate the central features more consistently or the pat-
tern is unclear, then one has to ascertain that those central features are 
indeed representative enough—​this is because highly central features 
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will ordinarily be rated more consistently (due to a ceiling effect). Once 
the consistency criterion is established in the normed culture, it is inter-
esting to determine if the new culture shows the same pattern. If the new 
culture fails the consistency criterion, then researchers might explore 
why this happened. Is it due to the variability introduced by some out-
lying cases in rating those central features in the new culture? Is it due to 
the inclusion of peripheral features that are being judged categorically as 
irrelevant in the new culture? Proceed to the next step.

	 4.	 Check the distinctiveness criterion (Criterion 3). This assumes that 
the normed culture has already established distinctive feature sets. If 
the new culture fails to establish the same groups of distinctive feature 
sets, then the ordinality/​elevations of the features might have been con-
founded by extra culture-​specific variability of prototypicality rating in 
the new culture. If the new culture satisfies the distinctiveness criterion, 
then the ordinality/​elevations of the features have unconfounded inter-
pretations. Proceed to the next step.

	 5.	 Check the elevation criterion (Criterion 4). Examine the elevation of 
each feature set to determine if it matches that of the corresponding ele-
vation of the normed culture. A strong universality claim is established 
when all elevations match. Stronger universality claims can be estab-
lished with an increased number of partitioned feature sets. If at least 
some elevations do not match, report the discrepancies and explore the 
reasons why. Is it due to response biases or substantive cultural reasons?

	 6.	 Cluster analysis can be used to explore possible clusters of cultures that 
share the same elevation patterns. Multidimensional scaling can en-
hance understanding of cultural patterns and trends.

The final exploratory step (6) requires clarification. First, we have proposed 
cluster analysis as an exploratory statistical technique for finding different 
cultural patterns. The analysis provides a way to group cultures at different 
levels of clustering, but it does not usually provide a statistical test that enables 
researchers to determine the correct number of clusters. Hence, cluster anal-
ysis results should be interpreted with the aid of MDS results and by checking 
the cultural universality criteria. Needless to say, substantive theories about 
cultural patterns are invaluable. Second, our proposed application of MDS is 
novel in that we do not resort to the use of hypothesized “latent” factors to ex-
plain the dimensions. Rather, our strategy was to identify the dimensions by 
associating them with the observed mean patterns for features. The advantage 
of using this strategy is that the MDS dimensions are interpreted in more ob-
jective terms. The limitation is that this strategy is not a general methodology 
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suitable for all MDS applications. The strategy was possible in our case study 
because we have a relatively large set of features (35) and a relatively large 
number of objects (i.e., 18 cultures) in the MDS analysis. A large set of features 
enables one to form stable partitioned feature sets that serve as the basis of 
comparisons among cultures. A large number of objects (cultures) increases 
one’s chances of identifying enough data points to contrast the mean patterns 
in graphs, such as those depicted in Figures 6.6 and 6.7.

Identifying a Normed Culture
The previous section describes steps to study cross-​cultural universality of a 
complex psychological construct. These steps assume that a normed culture 
has been designated for comparisons with other cultures. In our case study 
about nostalgia, the normed culture was the United Kingdom because most 
prior research has been conducted within this specific population. However, 
it may not always be clear which culture should be designated as the normed 
culture. We propose a heuristic method for identifying a normed culture, as 
follows.

First, the features of a complex construct are ranked in each of the k cultures, 
and rank correlations are computed among all cultures. Then, the average ab-
solute rank correlation is computed for each culture by averaging its absolute 
correlations with the remaining k –​ 1 cultures. Given that cultural universality 
pertains to commonality, it is reasonable to designate the culture that has the 
maximum average absolute rank correlation as the normed culture so that it 
bears maximal similarities with all other cultures. Once this normed culture 
has been designated, the steps described in the previous section can be carried 
out to study the cross-​cultural universality of the target complex psycholog-
ical construct.

Beyond Confirmatory Factor Analysis and 
Invariance Tests

The impetus for developing our new approach stemmed, in part, from 
concerns regarding the practical and theoretical limitations of the popular 
CFA approach to analyzing cross-​cultural data. Practical problems arise be-
cause large-​scale cross-​cultural studies typically examine many countries 
(e.g., more than five). As a result, the number of potentially noninvariant 
parameters would be large, the interpretations would be complicated, and the 
model fitting process would be cumbersome (Byrne & Van de Vijver, 2010). 
We illustrated some of these difficulties when we applied the CFA approach 
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in the case study of nostalgia. Indeed, the CFA approach already stalled in 
the model fitting stage, before more meaningful research questions could be 
addressed. More generally, its main limitations are that (a) CFA places too 
much emphasis on model fitting so that the final fitted model is highly sus-
ceptible to capitalization on chance (MacCallum et al., 1992) and would in-
clude many wastebasket parameters that are difficult to interpret, (b) the 
parameters in a CFA model do not correspond closely to the prototypicality of 
features and therefore are not immediately interpretable even in a well-​fitted 
CFA model, (c) multiple-​group CFA model fitting is prone to optimization 
problems and ad hoc adjustments, and (d) multiple-​group CFA is compu-
tational intensive and time-​consuming because of the large search space in 
model modifications. Although the last limitation itself is not directly related 
to the analytic quality of CFA, our personal experience has been that practical 
researchers often would compensate this limitation by adding a lot of waste-
basket parameters indiscriminately in the fitting process, thus exacerbating 
the problems described in the first limitation.

In contrast, the strength of the alternative methods we proposed resides pri-
marily in their suitability to the theoretical foundations of prototype theory. By 
comparison, the CFA approach encounters two challenges. First, the prototyp-
ical features of complex constructs have ordinal structures that the CFA models 
do not or cannot address. There is no direct implication from prototype theory 
that factor loadings indicate the prototypicality of features (or items). The sit-
uation becomes even more complicated when there is more than one factor 
for a given construct. Which loadings (or combination thereof) can indicate 
the prototypicality of features? In fact, Hepper et al. (2014) factor-​analyzed 
the nostalgia features and found that the magnitudes of the loadings did not 
indicate consistently the prototypicality of features. Second, the most impor-
tant structural information in prototype theory is that of the mean structures, 
not the covariance structures. Comparing features among cultures is prima-
rily based on their elevations (i.e., means) that reflect prototypicality. The tra-
ditional CFA approach does not consider the mean structures and therefore 
omits the elevation information altogether. With the advent of multiple-​group 
CFA analysis (Jӧreskog, 1971), group differences in the mean structures be-
came more relevant in CFA for cultural data (Byrne et al., 1989). However, the 
mean parameters in CFA models (i.e., the measurement intercepts and factor 
means) are still unrepresentative of prototypicality themselves. In contrast, 
the prototypicality of features can simply be reflected directly by their mean 
ratings, which are the quantities used in our proposed methodology.

In summary, under prototype theory of complex constructs, it is practi-
cally and theoretically problematic to examine cultural universality by using 
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the CFA approach. The methods we propose focus on establishing cultural 
universality based on the ordinality and elevations of the prototypicality 
structures. The criteria proposed afford straightforward statistical tests 
without ad hoc model fitting. Cultures that have non-​conformity in features 
or feature sets are detected readily with standard statistical tests and graph-
ical techniques.

We emphasize that we do not dismiss CFA as a useful methodology in 
many cross-​cultural research situations. Rather, if prototype theory provides 
a suitable perspective on the complex constructs in question, our proposed 
methodology is comprehensive and informative. The issue hinges on a crit-
ical theoretical distinction between the prototype and CFA approaches. 
The prototype approach emphasizes the cognitive representations of com-
plex constructs in the form of feature prototypicality, whereas the CFA ap-
proach emphasizes the factorial structures of complex constructs in the 
form of a confirmatory factor model. The consequence is that the proto-
type approach would claim cultural universality by observing similar cog-
nitive representations in cultures, whereas the CFA approach would claim 
cultural universality by observing similar functional structures (i.e., factor 
structures) in cultures. Which approach should be used and under what 
situations? Can these two approaches be somehow combined and resolved? 
These are pressing and generative questions for future research. We hope 
that our proposed method also proves generative by unlocking the poten-
tial of a prototype approach to the study of cross-​cultural similarities and 
differences.
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