
Culturally Relevant Resilience: A Psychometric Meta-Analysis of the Child

and Youth Resilience Measure (CYRM)

Rachel L. Renbarger
Duke University

R. Noah Padgett
Baylor University

Richard G. Cowden
Harvard University

Kaymarlin Govender
University of KwaZulu-Natal
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Measuring key components of resilience is vital for understanding cross-cultural dynamics among youth and the envi-
ronment. The Child and Youth Resilience Measure (CYRM-28) was developed as a cross-cultural measure of resilience
and has been used globally. To examine the cross-cultural utility of the CYRM-28, we conducted a systematic review
of the literature reporting on the psychometric properties of the measure. Using data representing six countries
(N = 6,232) that were supplied from authors of the studies reviewed, a multilevel confirmatory factor analysis was also
conducted to estimate the variability of the measurement properties among communities, ages, and sex. Results indi-
cate that the literature generally did not include reliability and validity information for the instrument. From the multi-
level confirmatory factor analysis, the measure was invariant between adolescent age-groups and sexes but not across
communities.

INTRODUCTION

Research on resilience has early roots in efforts
aimed at preventing the development of psy-
chopathology among children (see Garmezy, 1981).
The historical emphasis on understanding the pro-
cesses involved in resistance to stress among chil-
dren is not surprising given the biopsychosocial
changes that occur during the first two decades of
life. These changes are particularly prominent dur-
ing adolescence, as young people navigate critical
developmental tasks and milestones during their
transition to adulthood (Linders, 2017). Children
and adolescents also have heightened vulnerability
to the effects of adverse environmental conditions

and changes (Park & Schepp, 2015). Therefore, resi-
lience in young people warrants special considera-
tion, given the short- and long-term consequences
that may develop out of maladaptive adjustment to
adversity during this developmental period (Doyle
& Cicchetti, 2017; McDougall & Vaillancourt, 2015).
Although considerable strides have been made
toward understanding resilience and its measure-
ment in young people, research that comprehen-
sively examines the psychometric properties of
available instruments that purport to measure resi-
lience is necessary (Ahern, Kiehl, Sole, & Byers,
2006). One measure, in particular, the Child and
Youth Resilience Measure with 28 items (CYRM-
28), is a promising tool used by clinicians and
researchers to assess and compare resilience across
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cultures and countries (Ungar & Liebenberg, 2009;
Ungar & Liebenberg, 2011). A number of indepen-
dent studies have examined the psychometrics of
this measure, but a comprehensive assessment of
the instrument does not exist. In the current study,
a meta-analytic approach is used to examine the
psychometric properties and cultural relevance of
the CYRM-28.

Resilience: A Brief Overview

Scholars have long been interested in understand-
ing the mechanisms that facilitate positive adapta-
tion in the face of significant adversity. Resilience
has emerged as a concept encapsulating such
mechanisms, referring broadly to a dynamic pro-
cess in which an individual emerges relatively
unaffected despite exposure to ordinarily harmful
circumstances (Infurna & Luthar, 2016; Luthar, Cic-
chetti, & Becker, 2000). Historically, research on
resilience has been rooted in two overarching per-
spectives that differ on the property of the concept.
Trait approaches assert resilience as a pattern of
adaptation to adversity that is relatively stable
across situations and time (Bonanno et al., 2011),
whereas state perspectives emphasize the intraindi-
vidual variability of resilience (Masten, 2014a).
These distinctions are often closely tied to varia-
tions in operationalizing the two core conditions on
which resilience is contingent: adversity and adap-
tation. Descriptions of adversity tend to differ in
the choice of terminology used to describe adver-
sity (e.g., stressor and risk), along with distinctions
based on type (i.e., positive versus negative), sever-
ity (i.e., acute versus chronic), and degree of speci-
ficity (i.e., broad versus narrow in scope). Diversity
also exists in the definitions used to describe adap-
tation, ranging from the absence of negative out-
comes (e.g., psychopathology) to the achievement
of relevant developmental milestones or markers of
performance (in a single or multiple domains of
functioning) typically expected of a person (Mas-
ten, 2014b). Taken together, conceptual and opera-
tional discrepancies suggest there is considerable
variability in both the contextual applicability and
outcomes of resilience.

Developmental and Contextual Considerations

Successful adaptation in response to adversity is
facilitated by the dynamic interaction between pro-
tective mechanisms (i.e., resources) available to a
person (Ungar, 2011). These resources exist at mul-
tiple levels (e.g., psychological, family, and social)

and vary in degree of proximity to the individual.
Availability and interplay between such resources
contribute to both between- and within-person
variations in the capacity to navigate adversity and
maintain adaptive functioning.

There are also distinctions in the salience of
protective resources as young people transition
from childhood to adulthood. A fundamental task
of adolescence is establishing a distinct, individu-
ated sense of self (Steinberg, 2014), a process that
prompts reorganization of caregiver–child relation-
ships. As adolescents acquire the capacity for
autonomous selfhood and self-reliance, they
become less dependent on primary childhood
attachment figures (i.e., caregivers) for emotional
and behavioral support (Ruhl, Dolan, & Buhrme-
ster, 2014). Progression through adolescence is also
associated with greater emphasis on forming and
strengthening a broader range of social bonds with
extrafamilial attachment figures, particularly peers
(Blakemore & Mills, 2014). Some evidence suggests
that peer support has a stronger effect on resili-
ence in adolescence and early adulthood com-
pared to family support (van Harmelen et al.,
2017; van Hoorn et al., 2014). By mid-to-late ado-
lescence, romantic relationships feature more
prominently in the lives of young people (Furman
& Winkles, 2012), ultimately reconfiguring adoles-
cents’ social landscape in ways that endure into
adulthood (Madsen & Collins, 2011). These
changes tend to differ based on sex; past research
has found that males and females differ in terms
of levels and types of protective resources
throughout their adolescence (Hartman, Turner,
Daigle, Exum, & Cullen, 2008; Sun & Stewart,
2007). These kinds of shifts in psychosocial pro-
cesses dynamically reconstruct adolescents’ self-
position, the affiliations they have with others,
and the relative priority of their relational bonds,
thereby shaping the type of resilience resources
that are available and drawn upon by young peo-
ple when faced with adversity.

Additional variation may exist between and
within communities or cultures (Wexler, DiFluvio,
& Burke, 2009). For example, the celebration of fin-
ishing high school may differ between groups who
have been traditionally marginalized in education
(Wexler et al., 2009) or the promotion of individu-
alism and independence in the United States dif-
fers from collectivistic societies. As such, groups
may identify cultural-specific resources that sustain
well-being rather than adhering to the settings of
the researchers (Southwick et al., 2014). Despite the
need for culturally relevant measures, most

CULTURALLY RELEVANT RESILIENCE 897



measures of resilience fail to take culture into
account (Clauss-Ehlers, 2008).

Child and Youth Resilience Measure

Development. The CYRM was developed as a
culturally sensitive resilience measure that aligns
with social–ecological systems theory. Using a
mixed-methods approach, the developers sampled
from 11 countries: Canada, China, Colombia, the
Gambia, India, Israel, Palestine, Russia, South
Africa, Tanzania, and the United States (Ungar &
Liebenberg, 2009). The authors utilized a qualita-
tive approach to find common conceptions of resili-
ence across the globe and identify the resources
that allowed for individuals to succeed despite
obstacles (Ungar & Liebenberg, 2011; Ungar &
Liebenberg, 2013). Subsequently, 58 items were
developed relating to four categories of resilience:
individual, relationships, community, and culture.
Data from pilot study groups were used to conduct
quantitative analyses. Exploratory factor analysis
and expert consensus resulted in a measure com-
prising of 28 items distributed across three cate-
gories of resilience at the individual, caregiver, and
contextual levels.

Psychometric Evidence. Since the initial valida-
tion of the CYRM-28, several studies have worked
to provide additional evidence for drawing valid
inferences from the scores obtained on the mea-
sure. Sanders, Munford, Thimasarn-Anwar, and
Liebenberg (2017) conducted a large study assess-
ing the factor structure of the CYRM-28 in youth
from New Zealand. They found evidence in sup-
port of an alternative, four-factor structure to the
three-factor structure reported in Liebenberg et al.
(2012). Other studies (i.e., van Rensburg, Theron, &
Ungar, 2017; Zand, Liebenberg, & Shamloo, 2017)
have also found discrepancies in the structure of
the CYRM-28. Although the CYRM-28 was devel-
oped based on research from countries on all
inhabited continents for use across cultures,
reported variations in the structure and composi-
tion of the scale suggest there may be challenges to
making inferences about the cross-cultural rele-
vance and stability of resilience resources.

The Present Study

Little research has reviewed psychometric proper-
ties of resilience scales within this cultural frame-
work. In Windle, Bennett, and Noyes’ (2011)
qualitative review of existing resilience

instruments, the authors found the CYRM-28 was
the only instrument to mention the cultural and
contextual nature of resilience. However, subse-
quent studies have overlooked variations in the
measurement of resilience across sexes, ages, and
cultures (e.g., Smith-Osborne & Whitehill Bolton,
2013; Pangallo, Zibarras, Lewis, & Flaxman, 2015).
Given the relatively recent development of the
CYRM and the dearth of resilience measures that
are sensitive to culture, further evidence is neces-
sary for drawing valid and reliable inferences
about resilience from scores on the CYRM-28.
Thus, the purpose of this study is to examine the
collective evidence of the CYRM and evaluate the
psychometric utility of the measure across several
countries as well as between sexes and adolescent
age-groups.

METHOD

Search Procedure

To find all articles that included data on the psy-
chometric properties of the CYRM-28, we utilized a
systematic review procedure. Keywords for the
search included “Child and Youth Resilience Mea-
sure” and “CYRM” within the academic databases
of Academic Search Complete, E-Journals, ERIC,
PsycARTICLES, Psychology and Behavioral
Sciences Collection, PsycINFO, and PsycTESTS. We
also examined the official CYRM website as it con-
tained some studies that had used the instrument.
For all of the search results, we screened the
abstract and title to determine eligibility. Articles
were excluded if they (1) did not use the CYRM-
28, (2) did not have CYRM information in English,
or (3) did not have enough quantitative informa-
tion for the analyses in this study.

Data Collection

Extraction. Information obtained from the
retained articles included publication (title and
authors) and sample information (percent female,
sample size, and mean age), characteristics of the
CYRM, and analysis information. Characteristics of
the CYRM included the number of items, number
of factors, which items loaded onto each factor,
and reliability evidence. Analysis information
included output from the exploratory and confir-
matory factor analyses and correlations between
the CYRM and other measures. The first two
authors extracted the information, and data issues
were discussed on a case-by-case basis.
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Data received. Of the articles reviewed
(n = 50), the contact information for corresponding
authors of 27 articles was available on the manu-
script or could be identified through an online
search. Those authors were initially contacted in
the spring of 2018, with relevant follow-up emails
sent approximately 1 month later. More than half
(n = 15) of the authors responded, and five were
willing to share their deidentified, raw data. One
portion of the data came from the first author on
this manuscript. The raw data included age, sex,
and responses to the 28 items of the CYRM. Data
came from six countries: the Czech Republic, Costa
Rica, Ghana, Russia, South Africa, and the United
States. In some countries (i.e., Ghana, Russia, and
the United States), data were collected from a sin-
gle community. Data collection procedures for data
that were supplied from other countries (i.e., Costa
Rica, the Czech Republic, and South Africa) indi-
cated that participants were sampled from multiple
communities. For instance, Govender et al. (2017)
sampled students from 12 schools located in dis-
tinct communities and at two different time points.
When sufficient information was available to deter-
mine whether country-level samples were recruited
from geographically unique locations, we disaggre-
gated participants into community-level subsam-
ples. Using this approach, we identified a total of
36 communities across the six countries (see
Table 1). The full sample includes 6232 participants
(female, 50.72%) ranging from 9 to 22 years old
(Mage = 16.51, SDage = 2.39). Given the focus of this
paper was adolescents, we disaggregated the data
into two age-groups—adolescents (10–18 years)
and early emerging adults (19–22 years)—for
invariance testing.

Analyses

In this study, we aggregated the estimates of relia-
bility for the CYRM-28 based on reliability esti-
mates reported from the studies retained. The
aggregate estimate of reliability was calculated by
using a sample size-adjusted average. We imple-
mented these methods with the metaphor package
(Viechtbauer, 2010) in R (R Core Team, 2018).

Evidence for convergent validity is typically
reported as correlations among scores on the
CYRM-28 and scores on other instruments concep-
tually related to resilience (e.g., psychological
trauma and relationships with parents). Based on
the reported correlations among scores on the
CYRM-28 with other measures, we created concep-
tual groups to aggregate these reported

correlations. We used the Hunter–Schmidt meta-
analytic procedures to calculate the estimates of
convergent validity for each group. The Hunter–-
Schmidt method is advantageous because it pools
the estimated correlations while accounting for
sample size and measurement error (see Hunter &
Schmidt, 2004; Kline, 2015, for technical details).

In addition to aggregating convergent validity
evidence based on information available in each
retained article, we used the data acquired by con-
tacting authors to investigate measurement vari-
ability of resilience. Measurement investigations of
resilience have utilized confirmatory factor analysis
(CFA), an analytic technique for developing
hypotheses about how items group together and
the underlying processes that bring about the
observed data. This process is accomplished by
developing a theoretical model for why item
responses tend to covary (i.e., relate to one
another), which is why this type of analysis is
sometimes called covariance structure analysis.
One major assumption of this type analysis is that
the observed cases (individual adolescent
responses) are independent from the responses of
others. This is more generally the assumption of
independence of observations. However, in the
study of resilience, seldom would such an assump-
tion be tenable because data are collected across
multiple communities that are expected to vary
from one another. A more general method of inves-
tigating the measurement of resilience through a
factor analytic framework is needed to account for
the considerations for how data are gathered across
communities and thus we conducted a multilevel
confirmatory factor analysis (ML-CFA).

In ML-CFA, the covariance structure is decom-
posed into a level 1 and level 2 covariances. The
level 1 model represents factors that influence indi-
viduals’ responses or the factor(s) underlying indi-
vidual differences in youth within a community.
The level 2 model represents the factor(s) influenc-
ing between-community differences. By utilizing
ML-CFA, we can explicitly model the mechanisms
that influence resilience for an individual and what
mechanisms influence differences in resilience
between communities. A flexibility we are awarded
based on the ML-CFA framework is that we can
specify potentially unique influences at each level
(see Muthén, 1994; Stapleton, Yang, & Hancock,
2016, for technical details).

The ML-CFA framework was chosen for this
application to help measure the variability in resi-
lience (as measured by the CYRM-28) across com-
munities. This approach was selected over a
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related method (i.e., multigroup CFA) that was
unlikely to efficiently estimate between-commu-
nity differences in measurement models for this
study given the large number of communities in
these data (36) and the high within-community
variability in sample sizes (range = 7-499). ML-
CFA was conducted to directly estimate the
amount of heterogeneity that was present in the
observed items and latent resilience factor(s). This
was accomplished by estimating the level 2 vari-
ance in the resilience factor(s). For factors that
were specified to be invariant across levels, we
then estimated the intraclass correlations (ICC).
The ICC is the proportion of variance of an out-
come that is attributed to between-group

differences. More specifically, CC¼ ψB

ψBþψW
, where

ψB is the estimated variance of the outcome
between groups or level 2 variance, while ψW is
the estimated variance component within groups
or level 1 variance (Heck & Thomas, 2015). This
statistic was used to find evidence of the cross-
cultural measurement variability of the items and
the resilience factor(s) because the ICC describes
how much groups are responding differently on
average. The larger the ICC/level 2 variance is,
the less evidence there is that the measure is
operating consistently across cultures. Similarly, a
low ICC/level 2 variance would provide evidence
that the CYRM is providing consistent information
across all communities.

TABLE 1
Sample Characteristics for Multilevel Confirmatory Factor Analysis

Study Country N % Female Mean Age (SD)

Makhnach (2016) Russia 188 46.81 16.56 (2.06)
Novotny (2016) Czech Republic 45 37.78 16.33 (1.58)

410 52.93 16.02 (5.89)
499 53.31 16.70 (1.59)

Authors (in prep) Costa Rica 23 43.48 14.39 (1.82)
99 51.52 14.40 (0.95)
16 75.00 22.19 (1.22)
41 56.10 17.12 (1.49)
134 49.25 14.26 (0.72)

Nugent (2014) The United States 100 33.00 14.04 (1.41)
Rosenbaum (2017) South Africa 7 42.86 17.86 (0.90)
Govender (2017) South Africa 151 46.36 15.54 (2.01)

37 72.97 15.02 (1.38)
113 48.67 15.65 (1.72)
150 39.33 15.85 (1.92)
113 42.48 15.93 (1.97)
260 48.85 14.91 (1.74)
251 52.99 15.57 (1.94)
237 53.59 14.67 (1.63)
242 99.59 14.71 (1.42)
419 55.85 14.55 (1.37)
301 a 14.29 (1.21)
287 54.70 14.42 (1.49)
229 58.95 16.11 (1.68)
213 100.00 15.85 (1.47)
295 53.22 15.67 (1.42)
237 a 15.51 (1.26)
311 56.27 15.79 (1.51)
118 46.61 16.87 (1.85)
50 58.00 16.46 (1.37)
81 45.68 16.40 (1.54)
89 48.31 16.48 (1.71)
99 39.39 16.62 (1.77)
141 47.52 16.35 (1.69)
150 54.00 15.70 (1.61)

Renbarger (in prep) Ghana 96 60.42 12.60 (4.10)
Average 173.11 50.72 16.51 (2.39)
Total 6,232

Note. aSex not reported.
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Factor Structures

In this study, the factor structure of the CYRM-28
was investigated at the individual level and the
community level. Five variations of published fac-
tor structures were investigated at both levels of
the model. These five variations of the factor struc-
ture are (1) a single general resilience factor based
on the original global sample, (2) the alternative
Canada 1 model proposed by van Rensburg et al.
(2017) which we simply called Canada, (3) the
New Zealand model of van Rensburg et al. (2017)
originally proposed by Sanders, Munford, Thi-
masarn-Anwar, Liebenberg, and Ungar (2015), (4)
alternative New Zealand model of van Rensburg
et al. (2017), and (5) a newly proposed bifactor
model based on the alternative New Zealand
model and a general resilience factor.

The last bifactor model is a conceptually logical
model to test (at least on the level 1 model). The
bifactor model proposed keeps the individual sub-
scales of the CYRM-28 and adds this general resili-
ence component which is conceptually distinct
from other potential higher-order factor structures.
Some higher-order factor structures of the CYRM-
28 have been investigated in prior studies and
were not retained (van Rensburg et al., 2017). The
major conceptual difference between the bifactor
model and a second-order factor is the distinction
between each item’s relationship with the global
resilience factor. In the bifactor conceptualization,
the general resilience factor directly influences item
responses, whereas in a second-order factor, the
items are only indirectly influenced by general resi-
lience. This distinction allows for a deeper under-
standing of how participants respond to items
about resilience. The specific breakdown of the
mapping of items to factors is shown in Table 2.

The factor structures outlined in Table 2 were
investigated for each level of modeling. Within the
ML-CFA framework, we specified the factor struc-
ture of the level 1 and level 2 models separately
which allowed for possibly unique factor structures
at each level. To this end, we investigated the fac-
tor structures outlined in Table 2 for the level 1
and level 2 models to identify whether the factor
structure is potentially invariant across levels.

Imputation, Estimation, and Fit Evaluation

Data were examined for miscoding and missing-
ness with R (R Core Team, 2018) using the mice
package (van Buuren & Groothuis-Oudshoorn,
2011) and naniar package (Tierney et al, 2018). The

ML-CFAs were estimated in Mplus v8 (Muthén &
Muthén, 1998–2018). Following the recommenda-
tions of Muthén (1994), Dyer, Hanges, and Hall
(2005), and Stapleton (2013), the ML-CFA was fit in
five steps. In step one, we estimated a single-level
CFA ignoring the clustering and dependence
among these data. In step two, the corrected level 1
(within) covariance matrix and the corrected level
2 (between) covariance matrix were estimated. In
step three, we fit each factor structure (see Table 2)
to the corrected level 1 covariance matrix and then
to the corrected level 2 covariance matrix. In step
four, the level specific fit indices were estimated
based on the off level being saturated (Ryu & West,
2009; Ryu, 2014). Lastly, in step five, we estimated
the full ML-CFA based on the top two level 1 and
level 2 factor structures that fit best in steps 3–4 (so
four ML-CFA models in total). While fitting the full
ML-CFA, we found that a level 2 being invariant
tended to fail to converge or result in poor fit so
we decided to also fit a single factor at level 2 with
all specifications described in Table 2 at level 1 for
consideration.

Because of the complexities that arise when fit-
ting these complex models, we combined two
methods of estimation: a robust diagonally
weighted least squares estimator called weighted
least squares mean and variance-adjusted chi-
square (WLSMV) and maximum likelihood with
robust standard errors (MLR). Using WLSMV and
treating the data as categorical are recommended
for estimating CFA models when observed data
are ordered with fewer than six categories (Finney
& DiStefano, 2013, p. 475). However, simulation
studies that examine fit of ML-CFA have so far
only investigated MLR (Hsu et al., 2015), and we
decided to fit the ML-CFA models with both to
gain converging evidence of model fit. When the
models were fit with WLSMV, information-based
indices such as Akaike’s information criteria (AIC)
and Bayesian information criterion (BIC) were
unavailable. When the full ML-CFA models were
estimated with MLR, the optimal fitting model
based on the AIC and BIC is whichever model has
the lowest value. For both estimators, fit was deter-
mined by the model χ2 and degrees of freedom,
comparative fit index (CFI ≥ .97), Tucker–Lewis
index (TLI ≥ .97), root-mean-square error of
approximation (RMSEA ≤ .03), and the standard-
ized root-mean-square residual within/between
(SRMRW ≤ .04, SRMRB ≤ .10) values according to
commonly accepted guidelines (e.g., Hu & Bentler,
1998). The chi-square test of model fit is known to
be sensitive to sample size, and not much emphasis
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is placed on a significant p-value given the known
limitations of this estimate. Methodological
research into the performance of the other indices
in multilevel settings suggests that the model CFI,
TLI, RMSEA, and SRMRW may detect misfit of the
level 1 model, while only SRMRB appears to be
sensitive to misfit at level 2 (Hsu et al., 2015). A
cautionary note is that these authors used MLR to
make these conclusions and these recommenda-
tions may not hold for WLSMV.

For steps three and four of modeling fitting, the
resulting fit of models was determined by resulting
fit statistics and plausibility of parameter estimates.
For step three, the level specific models were eval-
uated for fit based on the resulting common fit
statistics with criteria of fit outlined above. For step
four, the level specific fit statistics were calculated
based on the recommendations of Ryu (2014). No

published guidelines existed for these level specific
fit indices, so the aforementioned criteria were
used at benchmarks.

In the estimation of these multilevel models, the
factor loadings were constrained to be equal across
levels when an equivalent factor model was theo-
rized across levels. This specification aligns with a
theoretical expectation that the same mechanism
causes variation across communities. The level 2
model defines what mechanism is theorized to
cause the group means to vary, and an equivalent
structure is more easily interpretable as random
effects (Jak, 2018). When the factor structure and
loadings are invariant across levels, the model
allows for the estimation of ICCs for the latent
variables (Heck & Thomas, 2015). However, it
should be noted that there is a possibility of incor-
rectly specifying the measurement model in the

TABLE 2
Summary of Published Factor Structures of the CYRM-28

Item Content One-Factor Canadaa New Zealand Alternative New Zealand

1. I cooperate with people around me Res. Ind. Ind. Ind.
2. I try to finish what I start Res. Ind. Ind. Ind.
3. People think that I am fun to be with Res. Ind. Ind. Ind.
4. I am able to solve problems without hurting myself or others Res. Ind. Ind. Ind.
5. I know my own strengths Res. Ind. Ind. Ind.
6. Spiritual beliefs make me strong Res. Con. Spirit/Com. Comp. Context
7. I think it is important to serve my community Res. Con. Spirit/Com. Comp. Context
8. My friends are on my side Res. Ind. Ind. Ind.
9. My friends stand by me during difficult times Res. Ind. Ind. Ind.
10. My caregiver(s) watch me closely Res. Rel. Rel./Family Rel./Family
11. My caregiver(s) know a lot about me Res. Rel. Rel./Family Rel./Family
12. If I am hungry, there is something to eat Res. Rel. Rel./Family Rel./Family
13. I talk to my caregiver(s) about how I feel Res. Rel. Rel./Family Rel./Family
14. My caregiver(s) stand by me during difficult times Res. Rel. Rel./Family Rel./Family
15. I feel safe when I am with my caregiver(s) Res. Rel. Rel./Family Rel./Family
16. I enjoy my caregiver’s cultural and family traditions Res. Rel. Rel./Family Rel./Family
17. Getting an education is important to me Res. Con. Social/Cul. Comp. Context
18. I feel I belong at my school Res. Con. Social/Cul. Comp. Context
19. I have role models (people I look up to) Res. Con. Social/Cul. Comp. Context
20. I know how to behave in different social situations Res. Ind. Social/Cul. Comp. Context
21. I am given opportunities to show others that I am becoming an adult Res. Ind. Social/Cul. Comp. Context
22. I know where to go in my community to get help Res. Ind. Social/Cul. Comp. Context
23. I have opportunities to develop skills that will be useful later in life Res. Ind. Social/Cul. Comp. Context
24. I am proud of my cultural background Res. Con. Social/Cul. Comp. Context
25. I am treated fairly in my community Res. Con. Social/Cul. Comp. Context
26. I participate in organized activities (e.g., church, mosque, bible study) Res. Con. Spirit/Com. Comp. Context
27. I enjoy my community’s traditions Res. Con. Spirit/Com. Comp. Context
28. I am proud of my nationality Res. Con. Social/Cul. Comp. Context

Note. Ind = individual; Rel = relational; Con = contextual; Cul = cultural; Com = community; Comp = composite.
The bifactor model was specified with the same item structure as the Alternative New Zealand with a general resilience factor also
loaded to each item.
aCanada Alternative Model 1 from van Rensburg et al. (2017).
bAlternative New Zealand model was given the same name as given from van Rensburg et al. (2017) for consistency between

studies.
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level 2 (between) part and the level 1 (within) part
of the model. Given one of the goals of our
research is to assess variability in measurement
across communities, we used the simplifying
assumption of equivalence of factor loadings across
levels (when applicable). Further research into the
measurement properties across levels and commu-
nities may be warranted.

Invariance Testing

Invariance of the level 1 measurement model was
also investigated across sex and age categories.
Invariance testing was conducted in R utilizing the
lavaan package (Rosseel, 2012). For invariance test-
ing, we only needed to analyze a level 1 model
meaning that the level 2 structure was not sub-
jected to testing. As the groups of interest were at
level 1, we could not test for invariance at level 2.
To account for the multilevel nature of these data,
we created sampling weights for each case so that
the clustering does not inadvertently influence
parameter estimates.

We investigated six levels of measurement
invariance across groups. We investigated invari-
ance for sex (females versus males) and age cate-
gories (adolescents and early emerging adults). The
levels of invariance tested are configural (baseline
model), threshold invariance, loading invariance,
strict, partial strict, and partial strict with equal
means. Each level is progressively more restrictive
than the previous level except for the partial strict
invariance. For partial strict invariance, modifica-
tion indices (MI) were used to guide the freeing of
residual variances of items across groups. We used
fit indices based on estimating each model with
MLR and WLSMV to determine the level of invari-
ance achieved. The rules we followed for assessing
the invariance of sequential models were as fol-
lows: (1) ΔCFI ≥ −0.01 (Kim et al., 2017, p. 539), (2)
ΔRMSEA ≤ 0.03 (Rutkowski & Svetina, 2014, p. 53;
Rutkowski & Svetina, 2017, p. 48), (3) lowest infor-
mation criteria when possible, and (4) plausibility
of parameter estimates.

RESULTS

The results for the literature review will be dis-
cussed first, followed by the results of the sec-
ondary data analysis. The full text of 50 articles
was screened to identify those eligible for inclu-
sion. However, only 12 articles met inclusion crite-
ria and contained enough information for
aggregating the reliability evidence; 14 articles met

inclusion criteria and contained enough informa-
tion for the validity evidence.

Reliability Evidence

The studies that included reliability evidence
included samples of a total of 7,746 adolescents
from 19 unique groups within eight countries. The
majority of the studies included samples from vul-
nerable populations, such as orphans (Makhnach,
2016), those deemed “at-risk” (Liebenberg et al.,
2012), with multiple sclerosis (Rainone et al., 2017),
or from low socioeconomic status settings
(Daigneault et al., 2013). Three studies did not
include an average age, but the average age of the
participants from the other studies was 15.67 years.

Cronbach’s alpha was reported in almost of all
the articles as the evidence for reliability. Five stud-
ies reported Cronbach’s alpha for the total CYRM-
28, and six reported values for the three factors of
individual, relational/familial, and contextual resili-
ence. Two studies (Govender et al., 2017; Lieben-
berg et al., 2012) reported ICC values as estimates
of internal consistency. Only one study (Makhnach,
2016) did not report any measure of reliability. One
study (Daigneault et al., 2013) reported test–retest
reliability values for each of the three factors (indi-
vidual = .76, relational = .84, and contextual = .73)
and the total CYRM-28 (.82). Based on the reliabil-
ity estimates extracted from articles, we computed
an aggregated estimate of reliability for general
resilience based on the CYRM-28 (0.852, 95% CI =
0.830, 0.874).

Validity Evidence

There were correlations between 37 published mea-
sures and the CYRM-28. Thirty correlations were
given to demonstrate the relationship with the
measure and the total score on the CYRM-28, while
16 studies provided the correlation between the
subscales of the CYRM-28 and subscales or total
scores of other measures. The types of measures
generally focused on issues related to the demon-
stration of resilience, such as trauma or stress
levels, but also included scales related to constructs
such as intelligence or personality. Only one study
examined the relationship between this resilience
measure with another resilience measure. With the
exception of the relationship between intelligence
and resilience from Avci et al. (2013), all relation-
ships were in the expected direction. Convergent
analysis results by means of H-S meta-analysis are
reported in Table 3. Results indicate that resilience
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as measured with the CYRM-28 is positively
related to positive relationships and negatively
related to negative relationships, mental health
issues, and risk.

In terms of factor analyses, four studies con-
ducted a principal component analysis or explora-
tory factor analysis, four conducted a confirmatory
analysis, and two studies conducted both explora-
tory and confirmatory analyses. For the articles that
conducted a principal component analysis or an
exploratory factor analysis, four studies identified a
three-factor solution and two studies identified a
four-factor solution. The studies that identified a
three-factor solution identified the factors as those
from the original study (i.e., individual, relational,
and contextual factors of resilience), although the
number of items within the relational and contex-
tual factors differed. The two studies that identified
four factors did not align; one study added a per-
sonality factor (Makhnach, 2016), and the other had
two factors relating to context (Sanders et al., 2017)
and both had different numbers of items within
each factor. The percent explained from these three
factors ranged from 34.47% (Zand et al., 2017) to
50.59% (Sanders et al., 2017). Despite the low num-
ber of studies in this sample, these results indicate
that more work should be done to identify the
structure and other items applicable to measuring
resilience.

The articles that utilized CFA reported different
results in terms of model fit. CFI values revealed a
marginal level of fit in two of the studies (Goven-
der et al., 2017; Panter-Brick et al., 2017), with
higher CFI values reported in the other four stud-
ies. TLI values were consistent with the CFI values
reported in the studies, with the exception of one
study (Panter-Brick et al., 2017) that did not report
a TLI value. RMSEA values were good or accept-
able in all but one of the studies (Panter-Brick
et al., 2017). This evidence suggests that the
CYRM-28 has either three- or four-factor structure
across samples, but the small number of studies
available limits generalizability.

ML-CFA Model Fit

A summary of the fit of all ML-CFA models esti-
mated is presented in Table 4. The results for all
five steps of the fitting process are available upon
request. Based on the fit for the single-factor model
on the level 2 covariance matrix, we included an
additional ML-CFA model where the level 1 model
is the best-fitting bifactor model and the level 2 is
the single-factor model. In total, this combined
model with a unique structure at level 2 provides
the best-fitting based on all available data. This
final model fit best among tested models (CFI =
0.93, TLI = 0.93, RMSEA = 0.01, SRMRW = 0.05,
SRMRB = 0.17). The path diagram of the final
model is shown in Figure 1. The general resilience
factor at level 1 and level 2 reflects a construct that
varies in magnitude across communities. The mea-
surement of resilience is therefore reflecting indi-
vidual components along with a general influence
of one’s environment above what can be explained
by items pertaining to contextual aspects of resili-
ence.

Examination of ICCs

The estimated ICCs for all observed indicators are
reported in Table 5. The estimates range from .038
(Item 12) to .442 (Item 3) with median ICC of .11.
This means that, for example, 44.2% of the variabil-
ity in the response to Item 3 can be attributed to
variability among communities. The vast range of
ICCs for the observed variables gives evidence that
at least some items on then CYRM-28 are not inter-
preted the same across communities.

For the latent variables, only the ICC for the glo-
bal resilience can be calculated for the final model.
The final ML-CFA model contained the bifactor
model at level 1 and a single-factor model at level

TABLE 3
Summary of Hunter–Schmidt Meta-Analysis for Convergent

Validity Evidence

Method τ2 I2 Est SE LL UL

Total CYRM and Mental Health
Bare-Bones 0.0084 85.7 −0.321 0.056 −0.434 −0.207
H-S 0.0159 89.7 −0.376 0.077 −0.527 −0.224
Total CYRM and Risk
Bare-Bones 0.001 31.9 −0.264 0.022 −0.307 −0.222
H-S 0.003 50.8 −0.306 0.030 −0.366 −0.247
Total CYRM and Positive Relationships
Bare-Bones 0.006 81.1 0.378 0.039 0.302 0.455
H-S 0.012 87.4 0.441 0.054 0.336 0.546
Total CYRM and Negative Relationships
Bare-Bones 0 0 −0.320 0.040 −0.399 −0.241
H-S 0 0 −0.367 0.046 −0.458 −0.277

Note. τ2 = estimated amount of heterogeneity; I2 (total hetero-
geneity/ total variability) × 100.
Est = estimated correlation between CYRM and outcome; SE =
standard error of estimate; LL = 95% CI lower limit; UL = 95%
CI upper limit; Bare-Bones = meta-analysis correcting for sample
size; H-S = Hunter–Schmidt meta-analysis correcting for sample
size and measurement error.
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2, with equal factor loadings across levels for gen-
eral resilience. The level 1 variance was fixed to
one for identification. The level 2 variance was
.153. Therefore, 15.3% of the variance in resilience
can be attributed to community membership.

Invariance Testing

The results of testing the invariance of the level 1
bifactor model are presented in Table 6. Based on
these results, the measurement of resilience with

TABLE 4
Summary of Full ML-CFA Model Fit

Model Estimation χ2 df CFI TLI RMSEA SRMRW SRMRB AIC BIC aBIC

Single Factora WLSMV 1202.12 727 0.92 0.91 0.01 0.05 0.47
Canadaa WLSMV 1120.02 719 0.93 0.93 0.01 0.05 0.44
Alt. New Zealanda WLSMV 1173.11 715 0.92 0.92 0.01 0.05 0.47
New Zealanda WLSMV 1121.31 712 0.93 0.93 0.01 0.05 0.44
Bifactora WLSMV 1086.08 696 0.93 0.93 0.01 0.05 0.45
Bifactor and Single Factorb,a WLSMV 1178.38 780 0.93 0.93 0.01 0.05 0.17
Single Factora MLR 7068.89 727 0.77 0.76 0.04 0.04 0.31 504574.3 505335.6 504976.6
Canadaa MLR 6614.84 719 0.78 0.77 0.04 0.04 0.30 504155.6 504970.8 504586.3
Alt. New Zealanda MLR 6609.98 715 0.78 0.77 0.04 0.04 0.31 504027.0 504869.2 504472.0
New Zealanda MLR 6599.73 712 0.78 0.77 0.04 0.04 0.31 504013.2 504875.6 504468.9
Bifactora MLR 5777.08 696 0.81 0.80 0.03 0.03 0.32 503107.5 504077.7 503620.1
Bifactor and Single Factorb,a MLR 5749.14 671 0.81 0.79 0.04 0.04 0.16 503010.8 504149.4 503612.4

Note. aModel structure is invariant across levels.
bModel structure is different across levels with the first reported structure describing level 1 and the second describing level 2 (e.g.,
bifactor at level 1 and single factor at level 2). Methodological research into the performance of these indices in a multilevel setting
suggests that the model χ2, CFI, TLI, RMSEA, and SRMRW may detect misfit of the level-1 model while only SRMRB appears to be
sensitive to misfit at level 2 (Hsu et al., 2015). The information criterion (AIC, BIC, aBIC) is not available under estimation with
WLSMV. Summary and fit information for steps 1–4 are omitted here due to space limitations but are available upon request.

FIGURE 1 Multilevel path diagram of CYRM-28.Note: Error variances of observed indicators and level-1 and level-2 latent factors
are omitted from this diagram for simplicity. Y1 is the observed scores on item 1 at level 1 and is therefore shown as a box (manifest
variables), while Y1 at level 2 is a “latent” variable that represents the group aggregate score on item 1. Level 2 represents the mecha-
nism by which groups vary in average response to each item. The factor loadings for level 1 and level 2 of the general resilience factor
are equal.
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the CYRM-28 is invariant across males and
females. The invariance testing offered, at a mini-
mum, evidence in support of metric invariance,
meaning that the factor loadings are invariant
across groups. Equality of factor loadings across
levels indicates that items are reflecting similar
aspects of resilience across groups. However, the
amount of measurement error may depend on
group membership because evidence for strict

invariance was not found. Across two broad age
categories (adolescents vs. early emerging adults),
we found evidence for at least scalar invariance
across groups. Scalar invariance means that each
group has approximately the same response proba-
bilities to each category for each item along with
equal factor loadings (see Table 6 for more details).

DISCUSSION

Researchers and practitioners across the world use
measures of resilience to determine promotive fac-
tors within the lives of youth, yet few studies have
tried to understand whether collective evidence
supports the cross-cultural applicability of such
measures. In this study, we reviewed existing evi-
dence, aggregated the provided reliability and
validity evidence, and reanalyzed multiple samples
to examine the psychometric properties of the
CYRM, a resilience measure that was constructed
for utility and comparisons across communities.
Findings from previous literature indicate that
researchers tend to promote the use of the CYRM

TABLE 5
ICC Estimates for CYRM-28 Items

Item ICC Item ICC Item ICC Item ICC

1 .136 8 .068 15 .053 22 .171
2 .059 9 .054 16 .065 23 .060
3 .442 10 .180 17 .141 24 .152
4 .069 11 .088 18 .117 25 .149
5 .106 12 .038 19 .142 26 .096
6 .080 13 .120 20 .143 27 .040
7 .259 14 .041 21 .182 28 .307

Note. ICC = intraclass correlation coefficient.

TABLE 6
Results from Invariance Testing Across Sex and Age Categories

Level Estimation k χ2 df p CFI TLI

RMSEA

SRMR AIC BICEst CI LL CI UL

Sex: Females vs. Males
Configural MLR 224 7007.79 644 0 0.823 0.792 0.056 0.055 0.058 0.043 507275 508784
Metric MLR 168 7238.29 700 0 0.818 0.803 0.055 0.054 0.056 0.047 507393 508525
Scalar MLR 144 7484.3 724 0 0.811 0.803 0.055 0.053 0.056 0.047 507591 508561
Strict MLR 116 7767.28 752 0 0.804 0.803 0.055 0.054 0.056 0.049 507818 508600
Partial Strict MLR 122 7720.25 746 0 0.806 0.803 0.055 0.054 0.056 0.049 507783 508605
Eq. Means MLR 118 7771.92 750 0 0.804 0.803 0.055 0.054 0.056 0.049 507827 508622
Configural WLSMV 336 7085.96 644 0 0.944 0.934 0.056 0.055 0.058 0.051
Metric WLSMV 280 7592.88 700 0 0.940 0.935 0.056 0.055 0.057 0.052
Scalara WLSMV 200 7844.06 780 0 0.938 0.940 0.053 0.053 0.055 0.052
Age Categories: Adolescents vs. Early Emerging Adults
Configural MLR 224 7000.01 644 0 0.818 0.786 0.056 0.055 0.058 0.043 507818 509327
Metric MLR 168 7312.45 700 0 0.810 0.795 0.055 0.054 0.056 0.047 508018 509150
Scalar MLR 144 7472.74 724 0 0.806 0.798 0.055 0.054 0.056 0.048 508130 509101
Strict MLR 116 7694.25 752 0 0.801 0.800 0.054 0.053 0.056 0.047 508296 509078
Partial Strict MLR 124 7632.86 744 0 0.802 0.799 0.055 0.053 0.056 0.047 508251 509086
Eq. Means MLR 120 7689.48 748 0 0.801 0.800 0.054 0.053 0.056 0.048 508300 509108
Configural WLSMV 336 7085.53 644 0 0.944 0.934 0.057 0.055 0.058 0.050
Metric WLSMV 280 7985.11 700 0 0.936 0.931 0.058 0.057 0.059 0.051
Scalarb,a WLSMV 200 7859.05 780 0 0.938 0.940 0.054 0.053 0.055 0.050

Note. AIC = Akaike’s information criteria; BIC = Bayesian information criterion; CFI = comparative fit index; df = degrees of free-
dom; K = number of parameters; p = p-value from chi-square test of model fit; RMSEA = root-mean-square error of approximation
with 90% confidence interval; SRMR = standard root-mean-square residual; TLI = Tucker–Lewis Index.
aWhen assessing invariance based on the WLSMV estimator, where data were assumed to be ordered categorical, scalar is the highest
level of measurement invariance testing possible. This is because the WLSMV assumes that the ordered categorical data have an
underlying continuous response that is being approximated and estimated based on the item response frequencies, and the residual
variance is fixed to 1 (theta parameterization).
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but do not include all relevant information to sup-
port these claims. Follow-up analyses indicate the
CYRM works the same for different age-groups
and genders but does not measure resilience in the
same way across communities.

Reliability estimates from the 12 studies report-
ing on such evidence suggest the overall scale and
individual subscales of the CYRM have moderate
levels (Cronbach’s alpha estimates >.73) of internal
consistency. Based on evidence of validity reported
in 14 studies on the CYRM, correlations suggest
the measure has evidence of validity. Associations
were found between the CYRM and 37 published
measures on constructs relating to trauma, mental
health, and cognition. With the exception of one
finding, correlations were in the expected direction.

Exploratory and confirmatory factor analysis
results from approximately six previous studies
provide mixed validity evidence for the CYRM-28.
Exploratory results indicate that resilience may
contain three or four factors, and confirmatory
results indicate the three-factor model does not fit
across all samples. This could be due to the nature
of the third and fourth factors. Generally, the
fourth factor is a division of the third factor into
two specific categories relating to social and spiri-
tual components. For some samples, such as those
with a large focus on religious practices, it makes
sense for these items to be distinct from general
social resources. Church supports are different than
extended family supports which are also different
from peer resources despite all falling under the
umbrella of social support. Researchers should
examine the factor structures of similar societies
and explore whether the three- or four-factor struc-
ture might work better when using the CYRM to
measure resilience factors. This is not especially
surprising given that the experts who were
involved in the instrument development initially
argued for four general factors of resilience related
to those seen here.

In examining the structure of the CYRM using
the raw data that were obtained, additional issues
with the factorial validity of the measure were
identified. Results of the ML-CFA indicated that
resilience in adolescents and young people can be
represented by three interrelated domains: individ-
ual, relational, and contextual. This is consistent
with the recent assertions of resilience as a complex
system comprising a combination of personal and
environmental resources (i.e., Ungar, 2011). In a
recent review of factors promoting resilience for at-
risk youth, Meng et al. (2018) found there were
also three types of resources—individual, familial,

and community—that appear to be akin to the
domains of the CYRM identified in this study.

However, we found evidence that a general con-
struct of resilience is also measured by the CYRM
items. The validity of describing differences in
measured components of resilience across commu-
nities is due, in part, to this general resilience fac-
tor. The cultural component to general resilience is
partially highlighting that communities are known
to differ in resilience. This could indicate differ-
ences in resilience at the community level or that
resilience factors are being measured differentially
across communities. It appears as though attempts
at using a single measure to assess resilience in dif-
ferent settings may insufficiently capture nuanced
variations in the cultural influences that might
affect resilience. The CYRM was found to be
invariant across sex and age-groups, which offers
support for these group comparisons thanks to this
large and diverse sample. While the extant litera-
ture generally supports the CYRM as a reliable and
valid measure of resilience among adolescents and
young people, the findings of the analyses per-
formed in this study caution against using the
CYRM in its current form to directly compare the
resilience of adolescents and young people from
different communities.

Implications for Research and Practice

The findings of this study indicate that continued
research is necessary to improve our understand-
ing and measurement of resilience. On the whole,
publications that reported validity and reliability
evidence for the CYRM tended to support the
instrument. However, when examined collectively,
the results suggest that context-specific research on
resilience is needed to understand distinctions in
resilience between communities. The developers of
the CYRM-28 ought to be commended for creating
and validating the original instrument, but
researchers should not assume a clear, three-factor
structure across all contexts. This is likely due to
the limited number of cultures examined. While
the creators developed the instrument using 11 cul-
tures, there will be differences within cultures,
such as with high- and low-risk populations. It is
impossible to create a measure with focus groups
from every culture, but the countries from the ini-
tial development and the follow-up studies are not
representative of the globe; as such, researchers
should focus on targeting a narrower sample that
will benefit the most from the measure (e.g., refu-
gees and sexual abuse survivors). It would be a
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pipe dream to hope for one instrument to fully
address the complexities of experiences for adoles-
cents, and resilience research suggests that there
will be heterogeneity across culture. For research-
ers who want to compare the resilience of two
vastly different cultures, the CYRM would only be
a starting place.

Users of the assessment should adhere to the
guidelines of the instrument. Although scholars
(e.g., Ungar & Liebenberg, 2011) have advocated
preliminary testing of the CYRM in communities of
interest to determine whether the items may be
suitability appropriated, relatively few studies
included in this review provided evidence of such
procedures. Contextual nuances of resilience, cou-
pled with variations in language and differences in
posttranslation interpretability of the items, are
likely to affect the cross-cultural validity of the
CYRM. With consideration to these issues, further
research is required to identify and integrate cul-
turally specific aspects of resilience into measures
designed to assess the concept.

The findings also point to large inconsistencies
and gaps in scientific reporting of the psychometric
evidence on the CYRM. Out of the 50 articles ini-
tially identified for inclusion in the review, approx-
imately a quarter (12–14%) of the articles provided
reliability or validity evidence of the measure. Even
fewer articles reported reliability information for
the sample under investigation. Not only do sam-
ple-specific estimates of reliability provide impor-
tant precursory information that can affect
interpretations of more complex analyses (Kashy,
Donnellan, Ackerman, & Russell, 2009), evidence of
reliability is an essential part of establishing the
cross-cultural applicability of measures and needs
to be routinely integrated into reporting practices
of scholars involved in research on resilience (and
the CYRM).

An important contribution of this study is that it
provides evidence of the cross-cultural utility of a
widely used measure of resilience, one which is
publicly available, can be administered relatively
quickly, and assesses multiple components of resili-
ence in adolescents and young people. Invariance
testing indicated that adolescents and young peo-
ple of different sex and age-groups appear to
understand and respond to the items in similar
ways, suggesting that the CYRM is suitable for
measuring and drawing comparisons on resilience
across these groups. This is an important step in
assessing needed supports within specific commu-
nities.

However, the findings suggest that caution
should be applied when attempting to use the
CYRM to measure and compare resilience levels
across communities. Certain items, such as those
that ask about serving the community (item 7) and
being fun to be around (item 3), appear more prob-
lematic and should be determined as relevant
based on input from the community. Researchers
and practitioners are encouraged to evaluate the
CYRM-28 in subpopulations and communities of
interest before employing it as a measure of resili-
ence (as recommended by the measure developers),
especially when evidence of its validity in contexts
and subpopulations is mixed or has yet to be estab-
lished.

Limitations and Future Research Directions

Alongside the strengths of this study, there are sev-
eral limitations to consider. First, only a portion of
published data on the CYRM was made available
by other authors. Additional data from more com-
munities may provide different results. Further-
more, more research should examine fit statistics
for multilevel models to help support or refute the
structural validity conclusions from the ML-CFA.
We investigated the invariance of the level 1 model
across communities to help find more evidence of
the latent structure where we generally found sup-
porting evidence of the level 1 model (see Appen-
dix 1). Given few resilience measures attempt to
capture promotive factors within and between
communities, future research should examine the
factorial validity of the CYRM before using the
instrument for unstudied groups. Second, we did
not investigate community-level covariates on the
measurement of resilience, which could influence
model fit and conclusions of which factor structure
offers the best fit. During the examination of mea-
surement invariance across age and sex, the organi-
zational structure of these data was accounted for
by computing sampling weights. However, we did
not have access to the full range of information
necessary to compute the most precise sampling
weights (i.e., number of possible individuals within
each community that could have been sampled),
which may have resulted in some communities
having larger contributions to the results gener-
ated. This would lead to issues of interpretation if,
for example, resilience was more homogenous
among adolescents and young people from larger
communities as compared to their counterparts
from smaller communities.
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Third, a confirmatory analytic approach was
used to examine a select set of models, which may
be seen as restrictive. An alternative approach
would have involved splitting the data and
sequentially performing exploratory and confirma-
tory factor analyses, but multilevel CFA results can
be severely influenced by sample size, particularly
the results of the level 2 model (Wu & Kwok,
2012). Such an approach would have led to a lower
level 1 sample size for the multilevel CFA, which
would have influenced the precision of the estima-
tion of the level 2 model. Additionally, some of the
community groups had very small sample sizes
and group sample sizes ranged from 7 to 499. Not
only would splitting smaller groups severely limit
their contributions to model estimation, but it
would also be lower average within group totals
that could bias results when the number of units
within a group is unequal across groups (Hox &
Maas, 2001).

CONCLUSION

In summary, the CYRM has been studied multiple
times in countries across the globe. Previous
research has supported the internal consistency
and convergent as well as discriminant validity of
the measure, although evidence of its factorial
validity has been mixed. From a systematic review
of the literature, researchers who have used the
CYRM often did not have rigorous reporting; only
a few of the studies included crucial information
regarding reliability or validity evidence. The find-
ings of this study suggest there is considerable
variability in the contextual suitability of the
CYRM, indicating that resilience is difficult to com-
pare across settings using this measure yet may be
possible for researchers to examine resilience
between age-groups, sexes, and from ages nine to
22.
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APPENDIX

COMMUNITY-LEVEL INVARIANCE TESTING

Invariance testing of the level 1 model across com-
munities was conducted using a permutation test
(Jorgensen et al., 2017). The permutation test is con-
ducted by first fitting the configural model and
saving the fit indices and model results. Secondly,
the group identifiers are randomly reassigned (this
is most easily done by sampling without replace-
ment on a vector of all the IDs). Third, the configu-
ral model is refit using the “new” group IDs that
have been randomly shuffled across all the cases.
Steps 2 and 3 are repeated many times (1,000 in
this case; more could be done, but this process is
computationally intensive), and all fit indices are
stored. Lastly, the fit indices (e.g., model chi-
square, RMSEA, and CFI) of the permutations are
compared to the fit of the model with the true
group IDs. For the fit indices, we computed the
proportion of permutations that were more
extreme than the original model. For example, for

the chi-square statistic, we computed the propor-
tion of permutations that results in a chi-square
value less than the value from the model with the
original group IDs. For CFI, the p-value is com-
puted as the proportion of permutations that are
higher than the original value. If this p-value esti-
mate is > 0.05, then we have evidence of configural
invariance.

RESULTS

The permutation test gave evidence of configural
invariance (chi-square p-value = 0.119; CFI p-
value = 0.092; and RMSEA p-value = 0.130). These
results suggest that the level 1 factor structure is at
least approximately equal, or at least similar
enough, to suggest that the same factor structure is
plausible. However, the MI testing (comparing the
configural model to metric model) did not support
equal factor loadings (Δχ2 = 2,993, Δdf = 1,716,
p < .001; ΔCFI = −0.05; ΔRMSEA = 0.007). This
gives evidence to the variability in measurement
across communities, which lines up with our find-
ing that resilience varies across communities. The
multilevel factor model aimed to help identify a
mechanism that we can use to help explain these
cross-community differences.
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