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Web of well-being: re-examining PERMA and subjective well-being through 
networks
Sean H. Merritta, Saeideh Heshmatia, Zita Oraveczb and Stewart I. Donaldsona

aSchool of Social Science, Policy, and Evaluation, Claremont Graduate University, Claremont, CA, USA; bHuman Development and Family 
Studies, Pennsylvania State University, University Park, PA, USA

ABSTRACT
While positive psychology has been in development for more than 20 years, positive psychologists 
still face the challenge of finding optimal measurements of well-being. The PERMA framework 
provides a new understanding of well-being based on years of research. However, whether it adds 
value in terms of being distinct from the already established measures of Subjective Well-Being 
(SWB) has recently been under debate. Certain characteristics of PERMA make it unsuited for 
traditional factor analysis and data analysis techniques. In this paper, we argue that a network 
approach is more suitable for understanding the interrelated nature of PERMA components. We 
then show how the components of PERMA and SWB are distinct using exploratory graphical 
analysis. Our results show that while PERMA predicts SWB, PERMA provides us a more nuanced 
way to understand the interrelated antecedents of well-being, which we refer to as the web of well- 
being.
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The advent of Positive Psychology (M. E. Seligman & 
Csikszentmihalyi, 2000) brought a pronounced focus on 
the scientific investigation of well-being (Diener et al.,  
1999). Consequently, various theoretical approaches to 
understanding and conceptualizing well-being have 
been proposed by positive psychologists. One recent 
multidimensional framework was proposed by M. E. 
Seligman (2011), who argued that well-being is composed 
of five building blocks: Positive emotions, Engagement, 
Relationships, Meaning, and Accomplishment (PERMA). 
Since this proposition, PERMA has been the center of 
numerous research studies (e.g. Butler & Kern, 2016; 
Cabrera & Donaldson, 2023; Donaldson et al., 2020 
Heshmati et al., 2021; Slavin et al., 2012) and recently 
has been a central topic of debate: Goodman et al. 
(2018) found PERMA was highly correlated (latent correla
tion =.98) with Subjective Well-Being (SWB; Diener et al.,  
1999) and thus concluded that it was redundant. M. 
Seligman (2018) responded by noting that PERMA was 
not intended to measure a different type of well-being 
but rather to be complementary to SWB. Rather than 
PERMA measuring well-being directly, it is a measure of 
constructs that lead to well-being. He suggested that it 
can be used to disentangle the elements of well-being to 
be used selectively in intervention settings.

In his response, M. Seligman (2018) proposes six cri
teria to evaluate the elements of well-being: ‘1) the 

elements contribute to well-being, 2) many people pursue 
each element for its own sake and not just to serve another 
element, 3) the list is exclusive and exhausted’, 4) the 
elements lead to specific interventions to build each ele
ment and SWB, 5) the list is parsimonious, [and] 6) each 
element can be defined and measured independently of 
the other elements”. M. Seligman (2018) points out that 
Goodman et al. (2018) results do cause some concern for 
the last requirement, as it suggests PERMA is non-ortho
gonal. While Goodman et al. (2018) argue that this sug
gests PERMA is redundant of SWB, M. Seligman (2018) 
suggests there are two other possible reasons that don’t 
disqualify PERMA from being elements of well-being. 
First, the possibility of a halo effect that ‘inflates each 
cross-correlation’. This would make it difficult to model 
the unique variance without controlling for the shared 
variance. Second, there might exist causal connections 
between the element or some third variables that causes 
multiple elements to increase/decrease at the same 
time. Given these critiques, testing PERMAs satisfaction 
of requirement six requires different modeling techni
ques that can account for halo effects and causal rela
tionships between elements.

This paper will examine if PERMA meets the sixth 
requirement proposed by M. Seligman (2018)-whether 
each element of PERMA can be defined and measured 
independently – using network psychometrics. Network 
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psychometrics is similar to factor analysis in that it helps 
to understand the relationship among latent variables. 
However, network psychometrics makes different 
assumptions than factor analysis models about the 
data leading to a different model structure and interpre
tation of results. With this approach, we (1) allow the 
elements of PERMA to form an interrelated ‘web of well- 
being’ rather than independent ‘building blocks’, and (2) 
can study the relationship between elements of PERMA 
and SWB with more specificity, considering them as net
works of well-being. The results will help us address two 
important questions: (1) whether PERMA elements are 
distinct but interconnected in nature, testing the ‘exclu
sivity’ and ‘connectivity’ properties of PERMA as theo
rized by M. E. Seligman (2011, p. 16; M. Seligman, 2018), 
and (2) whether considering the relationship between 
PERMA and SWB is due to redundancy of constructs or 
that PERMA are the elements of well-being.

Advantages of network psychometrics

Network psychometric analysis is a novel statistical tool 
that goes beyond traditional factor analysis methods. 
Network psychometric analysis represents constructs 
using network graphs, similar to those in social network 
analysis. As demonstrated in Figure 1, each item in a 
network is represented by a ‘node’ and the relationships 
among items by ‘edges’ or ‘links’. The color and size of 
the edge relates to the direction and size of the relation
ship respectively. Positive relationships are green and 
negative are red. Thicker edges mean a stronger 

relationship between two nodes. Representing con
structs this way helps to identify important features of 
a network and how these features group together. For a 
more technical introduction see Marsman et al. (2017), 
Epskamp and Fried (2018), and Kan et al. (2020).

One advantage of network psychometrics is that the 
assumption of local independence is not required, as 
opposed to factor models. This approach has been help
ful in understanding comorbidity of mental health 
(Borsboom & Cramer, 2013; McNally et al., 2015), person
ality (Christensen et al., 2020), and intelligence (Schmank 
et al., 2019). These constructs highly correlate among 
sub-constructs and items, making results from factor 
analyses questionable. However, with network analysis, 
we can examine the interrelations within a construct to 
better understand how these constructs emerge. Due to 
this, network models are better designed to extract the 
unique associations between variables (Christensen & 
Golino, 2021; Cramer et al, 2012). Where latent correla
tions model all the common covariations, network mod
els are able to reduce the variance shared due to the 
halo effect. Therefore, the majority of the halo effect in 
the data will be accounted for in the network models. 
Given the concern for a halo effect, a network approach 
may be more appropriate than factor analysis methods 
to disentangle the web of well-being formed by PERMA 
elements.

Network psychometrics also allow us to perform 
exploratory graph analysis (EGA) and examine network 
loadings (Christensen & Golino, 2021; Epskamp & Fried,  
2018). EGA is similar to exploratory factor analysis (EFA), 

Figure 1. Example of a three-node three-edge network.
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in that it searches for the number of constructs by 
grouping items. However, EGA uses community detec
tion algorithms, calculates network loadings, and does 
not require a pre-specified number of factors to split the 
common covariance (Christensen & Golino, 2021). The 
biggest advantage EGA has over EFA is that it is able to 
detect unique factors when the correlation among fac
tors is high. Based on the intercorrelated nature of ele
ments of well-being demonstrated in previous research 
(Heshmati et al., 2022) EGA would be more appropriate 
than an EFA.

In EGA we start by determining the communities 
(statistically consistent with factors; H. F. Golino & 
Epskamp, 2017) within the network using the Walktrap 
algorithm (Pons & Latapy, 2005). Then we calculate net
work loadings with each corresponding community. A 
community can be considered a single measurable ele
ment. Therefore, any of the PERMA elements in the same 
cluster can be considered redundant. Network loadings 
are similar to factor loadings except they allow for mean
ingful cross-loadings with multiple factors. These cross- 
loadings can be interpreted as the contribution an item 
has to the development of a related variable. The pri
mary assumption of these interpretations is that the 
construct is a network model. For a more thorough 
introduction to network loadings please see 
Christensen and Golino (2021).

If PERMA is truly no different from SWB then we 
would expect PERMA constructs to have high loadings 
on SWB and no more than three communities (SWL, 
positive affect, and negative affect). But if they are dis
tinct we would expect to see seven communities (SWL, 
positive affect, negative affect, engagement, meaning, 
relationships, and accomplishment). Similarly, if PERMA 
has distinct elements then we would expect five com
munities if modeled by itself (one for each element of 
well-being). If there are any causal relations between 
elements, like Seligman suggested, then we would 
expect to find cross-loadings between clusters.

To summarize, a network psychometric analysis 
approach is thus a useful approach to examine the 
probability of a ‘web’ of well-being – in place of building 
blocks of well-being – with elements of PERMA as a 
woven web of elements that are intercorrelated. Using 
this technique, we can examine the high correlations of 
PERMA, by modeling unique variance and by examining 
the network loadings to determine the degree to which 
items belong to communities. Doing this we address the 
redundancy of the elements, halo effects, and any 
potential causal relationships between elements. 
Through a network approach, PERMA elements may be 
proven to be conceptualized more as a web of elements 
of well-being that are interlinked rather than building 

blocks of well-being that build on top of each other, 
implying some features to be more foundational to the 
structure of well-being compared to others. This aligns 
with the systems informed positive psychology perspec
tive (SIPP; Kern et al., 2020). The underlying assumption 
of SIPP is that humans (or in this case components of 
well-being) do not exist on their own but are intercon
nected and influence each other. Furthermore, this 
implies that well-being more so emerges out of the 
interactions among components like those in PERMA.

The current study

Using a network perspective, in the current study, we 
examined SWB and PERMA in a different light. M. E. 
Seligman (2011) called PERMA the ‘building blocks’ of 
wellbeing – an idea that might stem from the limitation 
imposed by traditional latent factor models. Thinking of 
PERMA with factor models creates the image of physical 
blocks – stacking the blocks on top of each other to 
make up well-being. Looking at PERMA with a network 
approach changes the idea of building blocks to a web 
of interconnected entities (or dependent constructs). 
Through this perspective, we theorize well-being via 
constructs that work together to determine a person’s 
well-being as a network. We may also take this further 
and say that well-being is a summary of these psycholo
gical states (PERMA) that tend to co-occur and associate 
with well-being (Borsboom & Cramer, 2013). In this 
study, we show how PERMA can be illustrated and 
examined as a network. We also show how a through a 
network approach we can examine the integration of 
PERMA into SWB theory. For this purpose, in the current 
study, we aim to answer the following research 
questions:

1. Does the conceptualization of PERMA elements as a 
web of well-being offer new information on its 
structure?

2. Are the features of PERMA distinct from those of 
SWB (SWL, positive and negative emotions)?

3a. Are the elements of PERMA distinct from each 
other?

3b. How are the PERMA elements related to each 
other?

In this paper, we examine the overlap of SWB and 
PERMA measures. First, we model PERMA as a network 
and check indices for proper fit. Similar to factor analysis, 
networks provide fit indices to determine how well the 
hypothesized models match the data. We hypothesize 
PERMA will fit a network model as shown in previous 
research in an early adult population (Heshmati et al.,  
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2022). Here, we also fit PERMA networks with two addi
tional constructs (health and negative emotions) 
included in the PERMA Profiler measure (Butler & Kern,  
2016). We hypothesize these constructs will indicate a 
good fit when examining PERMA as a network. Finally, 
we examine the clusters and network loadings of a 
combined network of PERMA and SWB. With this we 
are able to test if the components of PERMA are distinct 
from SWB, distinct from other PERMA elements, and 
further examine how these elements are related to 
each other. We hypothesize that PERMA will cluster 
separately from SWL and PANAS and will have little to 
no cross-loadings, indicating that PERMA measures com
ponents of well-being that are distinct from the SWB. We 
further hypothesize that PERMA will cluster separately, 
but will show cross-loadings between clusters, suggest
ing potential causal relationships between elements.

Method

Participants and procedure

Using Prolific’s stratified sampling via ‘prolific.co’, we 
obtained a representative sample of 580 US adults, 
according to age (M = 46.49, SD = 16.04), gender (Male  
= 272, Female = 278, other = 11), and ethnicity (white =  
435, black = 72, Hispanic = 35, Asian = 35, Native 
American = 8, Pacific Islander = 2, other = 4) matching 
the U.S. census. Prolific is a specialized survey hosting 
platform that verifies and monitors participants with 
sophisticated checks for high-quality data. Their services 
include representative sampling based on the demo
graphics listed previously. A call for participants was 
listed on the site where those who were interested 
were redirected to our survey hosted on Qualtrics. 
After receiving consent, participants filled out the 
PERMA Profiler, Satisfaction with Life Scale, PANAS, BFI- 
2S, and demographics questions. After completing the 
survey, participants were paid for their time. While 
Prolific had pre-recorded individuals’ age, gender, and 
ethnicity, we gathered the same demographic info to 
verify representativeness. We also asked about educa
tion, occupation, relationship status, religion, and the 
number of family members living in the home. This 
process was approved by the Claremont Graduate 
University Institutional Review Board (Protocol ID: 3952)

Measures

Subjective well-being
To measure subjective well-being, we used Diener’s 
(Kobau et al., 2010; Diener et al., 2009) 5-item 
Satisfaction with Life Scale (SWLS; alpha =.93) and the 

13-item Positive Affect and Negative Affect Schedule 
(PANAS; pos: alpha =.90, neg: alpha =.87). SWLS asks 
participants to make cognitive assessments about their 
satisfaction with their life (e.g. in most ways my life is 
close to my ideal) using a 7-point Likert scale (1=strongly 
disagree to 7=strongly agree). The PANAS asks partici
pants to rate how frequently they have experienced 
positive and negative emotions (e.g. joyful, afraid, and 
pleasant) using a 5-point Likert scale (1=very rarely or 
never to 5=very often or always). The scale is also 
designed to change the relative time period for partici
pants to consider their emotions. For the purpose of our 
study, we asked them to rate the last four weeks.

PERMA profiler
We used the PERMA Profiler (Butler & Kern, 2016) to 
measure PERMA. This scale contains three items for 
Positive emotions (e.g. In general, how often do you 
feel joyful?), Engagement (e.g. How often do you 
become absorbed in what you are doing?), 
Relationships (e.g. To what extent do you receive help 
and support from others when you need it?), Meaning 
(e.g. In general, to what extent do you lead a purposeful 
and meaningful life?), and Accomplishment (e.g. How 
much of the time do you feel you are making progress 
towards accomplishing your goals?). Cronbach’s Alpha 
for the PERMA Profiler, measuring the five elements of 
PERMA was alpha =.90. In addition to the five PERMA 
elements, PERMA Profiler also contains three questions 
on negative affect (e.g. In general, how often do you feel 
anxious?), three questions on health (e.g. In general, how 
would you say your health is?), a loneliness question 
(How lonely do you feel in your daily life?), and a happi
ness question (Taking all things together, how happy 
would you say you are?). While we asked all 23 questions 
we used the first 21 questions, excluding the items on 
happiness and loneliness, for our analysis of PERMA. We 
did this because these questions were single-item mea
sures, and might not provide valid measures of the two 
constructs.

Data analysis

To address the fitness of PERMA to a network, we tested 
the fit of items measuring PERMA in a network model 
through psychometric network analysis. Specifically, 
using the psychometrics package (version 0.10; Kan 
et al., 2020) in the R statistical software (R Core Team, 
2018), we modeled the data from the PERMA question
naire. R code can be found at osf.io/h2d4s/. Specifically, 
we split our data in half, the first half was used for 
exploratory analysis and the other half for confirmatory 
to avoid overfitting Fokkema and Greiff (2017). 

4 S. H. MERRITT ET AL.

http://osf.io/h2d4s/


Following the tutorial as outlined in Kan et al. (2020), we 
started by calculating the partial correlation matrix 
(Borsboom & Cramer, 2013; Epskamp & Fried, 2018; 
McNally et al., 2015) on the exploratory data. To prevent 
spurious correlations, we removed those with a p-value 
greater than .01. We then extracted the adjacency matrix 
and used it to test the fit of the confirmatory data. 
Confirmatory network psychometrics use the same fit 
criteria as confirmatory factor analysis (see 
Schermelleh-Engel et al., 2003).

To examine the clusters within and between PERMA 
and SWB, we examined overlapping clusters and their 
corresponding network loadings within the measures of 
PERMA and SWB using exploratory graph analysis (EGA; 
H. F. Golino & Epskamp, 2017; H. Golino et al., 2020) with 
the EGAnet package (version 1.2.0). Network loadings for 
a node are calculated by taking the sum of the edges 
connected to it within each cluster and then standar
dized by dividing by the square root of the sum of 
loadings for a given cluster. For more details see 
Christensen and Golino (2021).

Results

Descriptive analysis

Using Pearson correlations we found that all of the con
structs were highly correlated (see Table 1); the only 
exception being Engagement. Where most correlations 
ranged between .50 and .87, Engagement correlated 
with other constructs in the .20 to .42 range.

Network fitting

In the next round, we conducted psychometric network 
analysis on measures of PERMA and SWB. We first con
structed the PERMA network (Figure 2) using items from 
the PERMA Profiler that measure each of the five PERMA 
elements. This analysis tested our hypothesis that well- 
being could be explained as a network. Figure 2 shows 
how the PERMA network items within the same con
structs illustrated with similar colors (Positive emotions, 
Engagement, Relationship, Meaning, and 
Accomplishment) tend to have stronger relations – illu
strated with thicker green lines – than items between 
constructs.

We then added negative emotions and health to the 
initial PERMA network (PERMA+NH; Figure 3) for insight 
into the impact of additional factors on the fit and 
clustering of the network. Looking at the network we 
see stronger relationships within each component.

Finally, we combined PERMA+NH and SWB to under
stand the relationship between the elements of SWB and 

PERMA (Figure 4). Figure 4 is a much more complex 
network, but we can still observe that strong relation
ships exist within constructs with a variety of edges 
connecting them. To better understand the network in 
Figure 4 we used Exploratory Graph Analysis (EGA) to 
dissect the relationships among items. The results of the 
EGA are elaborated on in the following section.

After these models were constructed, we examined the 
fit indices. These are the same fit indices used for CFA 
models. All models had an excellent fit (see Table 2), 
showing that not only PERMA including only the five 
core elements can be represented as a network, but 
even when Negative emotions and Health (PERMA+NH) 
as well as SWB (PERMA+NH+SWB) is added to the model, 
all models are robust and can be represented as networks.

Network loadings and clustering

Finally, we used EGA to test how items found in PERMA 
and SWB clustered together. If PERMA is redundant to 
SWB then we will expect to see PERMA and SWB to cluster 
or have high network loadings on each other. For this part 
of the analysis, we only performed EGA on the PERMA 
+NH+SWB model as we were primarily interested in 
whether PERMA and SWB clustered together. EGA pro
vides network loadings for how much an item is con
nected to a given cluster. Table 3 shows the network 
loadings for each item. Network loadings are similar to 
CFA loadings with the exception that items can be loaded 
onto multiple groups, indicating interrelations among 
groups (Christensen & Golino, 2021). We found seven 
distinct clusters within the network. We will label these 
Negative emotions (1), Meaning & Accomplishment (2), 
Engagement (3), Positive emotions (4), Relationships (5), 
SWL (6), and Health (7) respectively. Meaning and 
Accomplishment were the only factors among PERMA 
+NH to load onto a combined cluster, suggesting that 
the Meaning and Accomplishment elements of PERMA 
are not independent. SWL, Health, Relationships, and 
Engagement clustered within their respective groups. 
Negative emotions items from the PERMA Profiler scale 
clustered with Negative Affect from PANAS. Positive emo
tions tended to be equally clustered with Positive Affect 
and Meaning and Accomplishment. These clustering 
groups show that PERMANH factors are distinct from 
the factors of SWB (with the exception of Positive and 
Negative emotions). If they were not distinct, we would 
expect more of PERMANH to cluster with Positive or 
Negative Affect and SWL (items measuring SWB). 
Further interpretations of these loadings depend on the 
assumptions that it is a network model. Given the results 
from our fit indices we find this assumption likely. 
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Furthermore, through bootstrapping the EGA we find 
these results to be stable (standard error = 0.000).

Discussion

Here we used a network approach to better understand 
the underlying relationships between the PERMA con
structs and SWB. Whereas factor analytic methods are use
ful for scale validation purposes, its assumption of 
independence is deemed to be inappropriate for the 
assessment of well-being measures that have been 
shown to be made up of interrelated constructs, both 
theoretically (M. E. Seligman, 2011) and empirically 
(Heshmati et al., 2022). We found that PERMA fits within 
the network model supporting our first hypothesis that 
PERMA can be represented as a network. Using exploratory 

graph analysis allowed us to examine the extent to which 
elements in these two measurements cluster together and 
are hence deemed as overlapping and redundant. We 
found seven clusters within PERMA+NH and SWB ele
ments. Not only did we find distinct clusters among 
PERMA+NH elements, but we found no cross-loadings on 
SWB with the exception of Positive and Negative emotions 
on the PANAS items. However, this is to be expected 
considering they are meant to measure the same construct. 
These results fail to support the idea that the elements of 
PERMA are the same as those in SWB or that PERMA 
elements are redundant as discussed in Goodman et al. 
(2018), and thereby supporting our hypotheses of network 
fitness and cross-loadings between clusters.

Additionally, as hypothesized, clusters showed cross- 
loadings, specifically Positive emotions and Engagement 

Table 1. Descriptives and correlations.
M SD 1 2 3 4 5 6 7 8 9 10

1. P 5.85 2.41 -
2. E 6.80 1.91 .45*** -
3. R 6.38 2.51 .72*** .33*** -
4. M 6.18 2.64 .78*** .42*** .63*** -
5. A 6.83 2.05 .72*** .37*** .62*** .79*** -
6. N 4.22 2.46 −.59*** −.20*** −.48*** −.54*** −.57*** -
7. H 6.32 2.32 .59*** .28*** .48*** .54*** .58*** −.41*** -
8.SWL 3.63 1.73 .69*** .25*** .62*** .64*** .62*** −.46*** .49*** -
9.Pos 23.62 5.63 .87*** .41*** .64*** .73*** .69*** −.63*** .53*** .61*** -
10. Neg 13.81 4.90 −.65*** −.28*** −0.52*** −.60*** −.61*** .77*** −.47*** −.50*** −.67*** -

Figure 2. PERMA network. Note: Each node represents an item of PERMA. Colors are used to help distinguish each factor of PERMA. 
Green edges represent a positive relationship and thicker edges are stronger relationships.
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Figure 3. PERMA+NH network. Note: Each node represents an item of PERMA. Colors are used to help distinguish each factor of 
PERMA. Green edges represent a positive relationship and thicker edges are stronger relationships.

Figure 4. PERMA+NH+SWB Network. Note: Each node represents an item of PERMA. Colors are used to help distinguish each factor of 
PERMA. Green edges represent a positive relationship and thicker edges are stronger relationships. .
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clusters of PERMA had small cross-loadings on the 
Meaning & Accomplishment clusters. While small, these 
cross-loadings suggest that these components influence 
each other (see Christensen & Golino, 2021; Christensen 
& Golino, 2021). You could think of it as a mediation 
model: the effect of the intervention on Meaning & 
Accomplishment is mediated by its effect on 
Engagement. However, this implication assumes that 
PERMA+NH is a network model rather than a factor 
model. We find this assumption to be reasonable given 
the fit indices.

Altogether, conceptualizing the web of well-being 
provides two main contributions. First, it helps to under
stand the relationship between PERMA and SWB beyond 
latent correlations. This provides the perspective that 
PERMA is the decomposition of factors that work 

together to develop well-being or from the SIPP 
approach, well-being emerges from an interrelated sys
tem of PERMA+NH. In other words, in such an intercon
nected system, increases in one element may lead to 
increases in other elements that are strongly intercon
nected leading to a change to the whole well-being 
system. Such a representation of well-being means that 
there are is potential for reciprocal causation loops. For 
example, engagement may effect personal meaning 
which in turns improves how engaged a person is. This 
perspective further highlights the need for well-being 
researchers to examine elements that make up well- 
being as a summative whole instead of examining each 
element independently. As the great philosopher, 
Aristotle put it ‘The whole is greater than the sum of its 
parts’. While similar to the view that PERMA are the 

Table 2. Fit indices for networks.
Model df χ2 TLI CFI RMSEA AIC BIC EBIC

PERMA 176 147.44 0.97 0.98 0.06 8474.73 8634.82 9111.43
PERMA+NH 170 364.56 0.95 0.96 0.06 11736.58 11958.52 12701.38
PERMA+NH+SWB 633 1134.25 0.95 0.95 0.05 20825.65 21360.48 23514.66

Table 3. Network loadings.
1 2 3 4 5 6 7

P1 - .10 - .18 - - -
P2 - .13 - .13 - - -
P3 - .12 - .15 - - -
E1 - .14 .34 - - - -
E2 - .15 .23 .- - - -
E3 - - .34 - - - -
R1 - - - - - .29 -
R2 - - - - - .44 -
R3 - - - - - .28 -
M1 - .32 - - - - -
M2 - .25 - - - - -
M3 - .30 - - - - -
A1 - .27 - - - - -
A2 - .27 - - - - -
A3 - .11 - - - - -
N1 .24 - - - - - -
N2 .24 - - - - - -
N3 .27 - - - - - -
H1 - - - - - - .53
H2 - - - - - - .40
H3 - - - - - - .48
SWL_1 - - - - .46 - -
SWL_2 - - - - .32 - -
SWL_3 - - - - .41 - -
SWL_4 - - - - .29 - -
SWL_5 - - - - .21 - -
PANAS_1 - - - .22 - - -
PANAS_2 .29 - - - - - -
PANAS_3 - - - .35 - - -
PANAS_4 .33 - - - - - -
PANAS_5 - - - .14 - - -
PANAS_6 - - - .28 - - -
PANAS_7 .31 - - - - - -
PANAS_8 - - - .38 - - -
PANAS_9 .31 - - - - - -
PANAS_10 .21 - - - - - -
PANAS_11 - - - .33 - - -
PANAS_12 .32 - - - - - -
PANAS_13 - .11 - .15 - - -
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antecedents to well-being (S. I. Donaldson et al., 2022), 
there is a large conceptual difference between the two. 
The later suggests that each component separately con
tributes to a person’s well-being. Whereas the former 
suggests that there are complex relationships among 
PERMA concepts within a person that in turn leads to 
varying levels of perceived well-being.

The second contribution of this work is that it allows 
researchers a framework to examine the relationships 
between the components of PERMA+NH as a network. 
Viewing well-being as a network allows researchers and 
practitioners to conceptualize and examine elements of 
well-being as an interrelated ‘web’ rather than blocks 
that build on top of each other. This approach better 
explains the theorized ‘connectivity’ and ‘exclusivity’ 
properties of PERMA (M. E. Seligman, 2011) through 
the examination of the degree of connectivity among 
items within and between elements of well-being. A 
starting point for future research examining PERMA 
+NH with this approach may perhaps be to explore the 
causal relationship between the three clusters that indi
cated cross-loadings in our EGA analyses. We find a small 
effect between three of our clusters that may explain the 
high correlation among them.

With these two things in mind, we can imply that 
well-being, in respect to PERMA+NH, is ‘sensitive to 
initial conditions’ (Turner & Baker, 2019). That is to say, 
the change in a person’s well-being can be very different 
depending on their PERMA+NH profile. To simplify this 
idea, let us suppose that a person is experiencing diffi
culties with their partner and are considering separating. 
This event may have a big effect on their well-being. 
Assuming all else equal, this person’s resulting well- 
being will differ depending on how they are doing in 
each area of PERMA+NH. Having other strong relation
ship, engaging activities, and a source of meaning, may 
result in a different perceived well-being than without 
them. On a more micro level, people are faced with 
events day to day, moment to moment that can impact 
different aspects of PERMA+NH. From big things like 
death and divorce to small things like conversations 
and interruptions, a person’s current PERMA+NH profile 
will lead to differing effects of these events.

Furthermore, two people with similar levels of well- 
being may have different PERMA+NH profiles and there
fore will respond differently to interventions. The more 
tailored the intervention the likelier of success. A first 
step would be to identify any PERMA components that 
are particularly low. However, even this may be short 
sighted as PERMA+NH are interdependent we may not 
identify a single weak component. Interventions should 
then strongly consider how to build and reinforce all 
aspects of PERMA+NH.

For example, an individual may work from home to 
be around their children during work hours and to save 
money. Because this person works from home they don’t 
feel connected to their co-workers. They may struggle 
staying engaged at work because they are periodically 
interrupted by child needs. The disconnection from col
leagues and struggle with engagement leads to lower 
levels of meaning and accomplishment, which makes 
even harder to be engaged at work. These concerns 
affect them out of work, as they are now stressed 
about their job and as such may be less engaged with 
their non-work relationships. This example reflects the 
interconnectivity among the elements that contribute to 
a person’s well-being. With this in mind, a practitioner 
may offer an intervention that targets an element of the 
person’s well-being that can impact the network as a 
whole in the most efficient way. For instance, while 
stress may be the most visible issue for the above men
tioned person, increasing Engagement at work may be 
the most helpful practice for this person to experience 
higher levels of well-being, as it is connected to the 
person’s accomplishment and meaning in life and 
experiencing positive relationships and therefore higher 
levels of joy and happiness. Whereas intervening on 
meaning or even SWB generally, may not move the 
needle on their well-being.

Strengths and limitations

In our examination of PERMA and SWB we acknowledge 
that our results are limited. First, while our sample was 
representative of the U.S. population, the web of well- 
being may not generalize to other, especially non-WEIRD 
(western, educated, industrialized, rich, democratic) 
populations. Theories of well-being have been criticized 
for being limited to WEIRD samples. Further research on 
PERMA and SWB on non-WEIRD samples is needed.

Network analysis has been considered an exploratory 
data-driven approach as opposed to hypothesis-driven. 
We conducted a confirmatory network analysis in addi
tion to an exploratory analysis. However, in order to do 
this, we had to split our data in half. This reduced our 
sample for both analyses and may have reduced the 
accuracy of our results. Therefore, future examinations 
of the web of well-being should use confirmatory net
work analysis with the identified adjacency matrix (see 
osf.io/h2d4s/).

Critics of PERMA have noted that it is not exhaustive 
of the components of well-being. To overcome this, we 
added two constructs found in the PERMA-profiler. 
However, even adding these may not complete our 
web of well-being. Adding additional constructs like 
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those found in the PERMA+4 (environment, health, 
mindset, and economic security; Donaldson & 
Donaldson, 2020) designed for the workplace may help 
to complete our framework.

Another limitation is that the results are based on 
cross-sectional data. While cross-sectional examination 
of well-being is informative, we are unable to model 
the relationship of PERMA and SWB over time. 
Furthermore, this also limits our examination of causal 
estimations of PERMA on SWB and PERMA compo
nents on each other. In fact, these network estima
tions may differ from person to person (H. Golino 
et al., 2022). Future work on SWB and PERMA should 
examine longitudinal data to better address these 
concerns.

Conclusions

While PERMA may not measure a different type of well- 
being from subjective well-being, we find that PERMA 
components are distinct from those found by measuring 
SWB alone. This confirms M. Seligman’s (2018) argument 
that PERMA introduces elements that make up well- 
being, providing avenues for interventions to target 
specific aspects of one’s well-being. Furthermore, view
ing PERMA as a network depicts a more accurate pre
sentation of well-being, represented by an 
interconnected web, rather than building blocks that 
pile on top of each other. This proposed web of well- 
being helps to understand well-being as a system where 
all elements are interrelated, creating well-being as a 
whole.
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